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ABSTRACT

Global deforestation threatens biodiversity and accelerates climate change,
emphasizing the need for transparent supply chains. The EU regulation on
deforestation-free supply chains (EUDR) has increased demand for accurate
wood species verification, particularly in paper products. However, verifying
wood species in paper is challenging due to pulpmixing andDNAdegradation
during pulp processing. Microscopic wood anatomy remains the primary and
traditional approach for species identification. This work explores the use
of Convolutional Neural Networks (CNNs) for automating wood species
identification in microscopic images, while advancing our understanding of
neural network interpretability. We develop a two-stage system combining
vessel detection and classification, alongside novel tools for analyzing how
neural networks process visual information. Through collaboration with wood
anatomy experts, we evaluate both the system’s performance and its decision-
making process, providing insights into the relationship between machine
learning approaches and domain expertise. The developedmethods contribute
both to practical wood identification in fiber material and to our broader
understanding of neural network behavior.

ZUSAMMENFASSUNG

Die globale Entwaldung bedroht die Artenvielfalt und beschleunigt den Kli-
mawandel, was die Notwendigkeit transparenter Lieferketten betont. Die EU-
Verordnung über entwaldungsfreie Lieferketten (EUDR) hat die Nachfrage
nach präziser Holzartenbestimmung erhöht, unter anderem bei Papierpro-
dukten. Die Verifizierung von Holzarten in Papier stellt jedoch aufgrund von
DNA-Degradierung und Fasermischungen eine besondere Herausforderung
dar. Da traditionelle Methoden hier an ihre Grenzen stoßen, bleibt die mikro-
skopische Holzanatomie der primäre Ansatz. Diese Arbeit untersucht den
Einsatz von Convolutional Neural Networks (CNNs) zur Automatisierung
der Holzartenbestimmung in mikroskopischen Aufnahmen und erforscht
gleichzeitig die Interpretierbarkeit neuronaler Netzwerke. Wir entwickeln ein
zweistufiges System, das Gefäßerkennung und -klassifizierung kombiniert
sowie neue Methoden zur Analyse der visuellen Informationsverarbeitung
in neuronalen Netzwerken. In Zusammenarbeit mit Expertinnen und Exper-
ten der Holzanatomie evaluieren wir sowohl die Leistung des Systems als
auch dessen Entscheidungsprozesse und gewinnen dabei Einblicke in das
Zusammenspiel zwischen maschinellen Lernansätzen und Fachwissen. Die
entwickelten Methoden leisten damit sowohl einen Beitrag zur praktischen
Holzartenbestimmung in Faserstoffen als auch zu unserem grundlegenden
Verständnis des Verhaltens neuronaler Netzwerke.
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1INTRODUCT ION

1.1 background and motivation

Global deforestation poses significant threats to biodiversity and accelerates
climate change. In response, regulatory measures such as the EU regulation
on deforestation-free supply chains (EUDR) [Par23] emphasize the need for
transparent supply chains, increasing the demand for accurate verification
of wood species and origins in traded products. For paper products, this
verification is particularly challenging due to the destruction of DNA during
production and the mixing of different pulps [TK15; Sch+20]. While methods
such as genetic analysis, stable isotope analysis, and near-infrared spectroscopy
(NIRS) exist, they are fundamentally limited in these contexts due to DNA
degradation and pulp mixing during production. Wood anatomy remains the
only established method for species identification [Hel+18; Ilv95].

Wood anatomists build their expertise through examining reference collec-
tions of knownwood species. To prepare these references, solid wood samples
undergo maceration – a chemical process to separate the wood tissue into in-
dividual cells [Fra45] – and are stained with specific dyes to enhance visibility
under the microscope [RC19]. For analyzing paper products, the process is
simpler: the paper sample is dissolved in water to separate the fibers. The
cells are stained and then prepared on at least two microscopic slides. Wood
anatomists then systematically scan multiple microscope slides to locate vessel
elements – specialized water-conducting cells – which provide the most reli-
able diagnostic features. While other cell types (fibers, tracheids, parenchyma
cells) are also present in the paper pulp, vessel elements are prioritized as they
retain distinctive morphological features through the paper-making process.
The mixing of different wood species in paper pulp means that experts must
examine multiple vessels to determine the species composition with confi-
dence. The identification itself requires extensive training, as experts must
recognize characteristic features across multiple potential species. This metic-
ulous manual process creates a significant bottleneck in meeting the growing
demand for wood identification services, with a single analysis sometimes
requiring half an hour of microscope work [Ilv95; Hel+18].

In parallel, advancements in machine learning, particularly convolutional
neural networks (CNNs), have revolutionized image analysis tasks across var-
ious fields. While AI-based approaches for macroscopic wood identification
have achieved notable success [Sil+22; Wie20; Rav+20; He+24], applications
for microscopic wood analysis – especially for fibrous materials like paper –
remain underdeveloped. The inherent complexity of neural networks, often
referred to as their “black-box” nature, presents both challenges and oppor-
tunities in developing practical systems that can be trusted and validated by
domain experts.

Wood identification provides an interesting case study for neural network in-
terpretability. The field of wood anatomy has well-established standards, such
as the 163 structural features defined by the International Association of Wood
Anatomists (IAWA) [Com89], demonstrating the complexity and expertise
required in this domain. While our work focuses on the computer science as-
pects rather than detailed anatomical analysis, the presence of domain experts
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4 introduction

in our research team allows us to evaluate whether neural networks develop
meaningful and reliable features for identification. By examining attribution
maps and other interpretability techniques, we can verify that networks focus
on anatomically relevant structures rather than artifacts or background pat-
terns, while remaining open to the possibility that they might discover novel
patterns or approaches to the identification task that complement traditional
expertise.

This thesis seeks to address two interconnected challenges: developing an
automated system for microscopic wood identification using deep learning,
and advancing our understanding of how neural networks process visual
information. Through this dual focus, we aim to contribute both practical tools
for wood species verification and insights into neural network interpretation,
while maintaining close collaboration with domain experts to ensure the
biological relevance of our findings.

1.2 contributions

This thesis makes several contributions to the development of deep learning
methods formicroscopicwood identification and to the broader understanding
of neural network interpretability. The main contributions are:

1. Deep Learning Pipeline for Wood Identification: We developed a two-
stage deep learning system for detecting and classifying vessel elements
in microscopy images of paper products. This pipeline significantly ac-
celerates species verification. In collaboration with wood anatomists, we
demonstrated that the model’s attention aligns with known anatomical
structures and occasionally highlights underutilized but biologically
meaningful features, such as parenchyma cells.

2. WoodYOLO: We introduced WoodYOLO, a domain-specific object de-
tector tailored for identifying vessel elements in fibrous materials. It
achieves a 6% improvement in F2 score over YOLOv7, while using lower-
resolution inputs and reduced computational resources. This demon-
strates the benefits of specialized architectures over general-purpose
models in domain-constrained tasks.

3. Large-Scale Annotated Vessel Dataset: We created a dataset of 1,614
microscopy images with over 118,000 annotated vessel elements across
13 hardwood genera. Developed in partnership with the Thünen Insti-
tute, this dataset addresses a critical resource gap and supports future
research in wood anatomy and machine learning.

4. Evaluation Framework for Attribution Methods: We proposed a new
evaluation framework for attribution methods based on adversarial
masking. Using this approach, we identified SmoothGrad as the most
reliable method across diverse model architectures and datasets.

5. Decision Paths Analysis: We developed a framework to analyze how
neural networks combine visual features for classification. Our analysis
shows that higher accuracy is associated with more redundant decision
paths and smaller critical regions, offering novel insights into how robust
predictions emerge from distributed feature representations.

6. Top-GAP Architecture: We designed Top-GAP, a novel architecture
that constrains spatial processing by limiting receptive field size. This
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improves robustness and interpretability, while also revealing a trade-off
between focusing model attention and preserving flexibility through
alternative feature paths.

Together, these contributions support the development of AI-assisted wood
identification for regulatory purposes, while advancing interpretability tools
that are applicable to convolutional neural networks in other scientific do-
mains.

1.3 publications

This thesis is based on the following peer-reviewed publications:

• AutomatingWood Species Detection andClassification inMicroscopic
Images of Fibrous Materials with Deep Learning, published in ”Mi-
croscopy and Microanalysis” [Nie+24a].
This work forms the foundation of the detection system presented in
chapter 3.

• WoodYOLO: A Novel Object Detector for Wood Species Detection in
Microscopic Images, published in ”Forests” [Nie+24c].
This paper details the specialized detection architecture discussed in
chapter 3.

• Challenging the Black Box: A Comprehensive Evaluation of Attri-
bution Maps of CNN Applications in Agriculture and Forestry, pub-
lished in ”Proceedings of the 19th International Joint Conference on
Computer Vision, Imaging and Computer Graphics Theory and Appli-
cations” [Nie+24b].
This work provides the comparative analysis of interpretability methods
presented in chapter 4.

• Reliable Evaluation of Attribution Maps in CNNs: A Perturbation-
Based Approach, published in ”International Journal of Computer Vi-
sion” [NSK24a].
This paper introduces the evaluation metrics discussed in chapter 4.

• Top-GAP: Integrating Size Priors in CNNs for more Interpretability,
Robustness, and Bias Mitigation, presented at the ”eXCV Workshop
(ECCV 2024)” [NSK24b].
This work forms the basis of the architectural innovations presented in
chapter 5.

Parts of the text and figures in this thesis are adapted from these publica-
tions. The author of this thesis is the first author of all these papers, with
contributions from co-authors as detailed in the respective publications.

1.4 statement on the use of generative ai

In the development of this thesis, various artificial intelligence (AI) and auto-
mated tools were used as supplementary resources. These included language
models (Claude, ChatGPT, DeepSeek) andwriting assistance tools (Language-
Tool, Grammarly).

These AI tools were employed primarily for code debugging and optimiza-
tion, brainstorming technical approaches, and enhancing writing clarity. They
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were also used as discussion partners to identify potential logical gaps, which
were then independently researched and verified through academic litera-
ture and peer-reviewed sources. All suggestions generated by these systems
were treated as starting points for further development. Importantly, no text,
code, or ideas were simply generated and copy-pasted. All content was in-
dependently developed, analyzed, and written by the author after careful
consideration and research.

1.5 structure of the thesis

This thesis presents a comprehensive investigation of CNNs for wood identifi-
cation, progressing from theoretical foundations to practical implementation
and evaluation. The structure is organized as follows:

Chapter 2 provides the theoretical foundations necessary for understanding
neural networks and their interpretability. Beginning with artificial neural
networks, it introduces fundamental concepts from linear models and pro-
gresses to feed-forward neural networks and their convolutional variants,
which form the basis of our wood identification system. The chapter then
examines core properties of neural networks, including distributed informa-
tion processing, hierarchical feature processing, information compression and
adversarial vulnerability. It concludes with a discussion of interpretability
concepts, establishing the theoretical groundwork for understanding model
decisions.

Chapter 3 presents our comprehensive approach to microscopic wood iden-
tification. It begins by detailing our dataset creation process, including sample
preparation, microscopy techniques, and annotation procedures. The chapter
then describes the development of our vessel detection system, introduc-
ing our novel WoodYOLO architecture and its advantages over traditional
approaches. The final sections cover vessel classification, including our pre-
processing strategies, architectural choices, and thorough evaluation of both
baseline and improved systems.

Chapter 4 examines the interpretability challenges of neural networks in
the context of wood anatomy classification. It provides a systematic review
of attribution methods and develops an evaluation framework to assess their
reliability. The chapter explores how neural networks process anatomical
features differently from human experts, revealing both the strengths and
limitations of current interpretation approaches.

Chapter 5 develops two complementary tools for understanding neural net-
work decisions: decision paths, which reveal how different combinations of
regions maintain classification, and Top-GAP, an architecture for constraining
these combinations. These tools provide insights into the distributed nature
of neural network processing and suggest that robust visual recognition inher-
ently requires complex feature combinations that resist reduction to simple,
interpretable rules.

The thesis concludes in chapter 6 by synthesizing our findings in both wood
identification and neural network interpretability, discussing the practical
implications and theoretical insights gained from our investigation.



2THEORET ICAL BACKGROUND

This chapter presents the theoretical foundations necessary for understanding
neural networks and their interpretability – two core aspects of this thesis.
We first introduce artificial neural networks and their convolutional variants,
which form the basis of our wood identification system. We then examine
fundamental properties of these networks, which become essential for our
later discussions on interpretability. The chapter concludes with an overview
of interpretability concepts, providing the theoretical groundwork for our
novel approaches to understanding network decisions.

2.1 foundations of neural networks

2.1.1 Linear Models

Modern neural networks build upon the principles of linear models [HTF09].
Consider a simple linear regressionproblemwith data pairs {(𝑥1, 𝑦1), … , (𝑥𝑛, 𝑦𝑛)},
where 𝑥𝑖 ∈ ℝ𝑘 represents input features, and 𝑦𝑖 ∈ ℝ is the corresponding
output.

The standard linear regression model is expressed as:

̂𝑦 = 𝑥𝑤 + 𝑏,

where 𝑤 ∈ ℝ𝑘 is the weight vector, and 𝑏 ∈ ℝ is a scalar bias term. We
denote the model parameters collectively as 𝜃 = {𝑤, 𝑏}. These parameters
are estimated by minimizing a loss function that measures the discrepancy
between predicted and actual outputs.

For regression tasks, the mean squared error (MSE) is commonly used as the
loss function:

𝐿( ̂𝑦, 𝑦) = ( ̂𝑦 − 𝑦)2 .

In practice, we optimize over mini-batches of data. Let 𝐵 denote a set of
indices randomly sampled from the full dataset indices {1, … , 𝑛}, where each
mini-batch contains a small subset of training examples. The average loss over
a mini-batch is computed as:

𝐿𝐵(𝜃) =
1
|𝐵| ∑

𝑖∈𝐵
𝐿( ̂𝑦𝑖, 𝑦𝑖)

The optimization process beginswith stochastic gradient descent (SGD),which
updates the parameters iteratively:

𝜃𝑡+1 ∶= 𝜃𝑡 − 𝜂∇𝜃𝐿𝐵(𝜃𝑡)

where 𝜂 is the learning rate controlling the step size, 𝑡 denotes the current
iteration, and ∇𝜃𝐿𝐵(𝜃𝑡) is the gradient of the mini-batch loss with respect to
all parameters.

While SGD forms the foundation of neural network optimization, adap-
tive learning rate methods have become the standard due to their improved
convergence properties [SSH21].

7



8 theoretical background

The Adam (Adaptive Moment Estimation) optimizer [KB17] extends the
basic update rule 𝜃𝑡+1 by incorporating two key concepts: momentum and
adaptive learning rates.

The momentum aspect is captured by the first moment estimate 𝑚𝑡, which
computes an exponential moving average of the gradients. The adaptive
learning rate component is handled by the second moment estimate 𝑣𝑡, which
tracks the exponential moving average of squared gradients:

𝑚𝑡 = 𝛽1𝑚𝑡−1 + (1 − 𝛽1)∇𝜃𝐿𝐵(𝜃𝑡)
𝑣𝑡 = 𝛽2𝑣𝑡−1 + (1 − 𝛽2)(∇𝜃𝐿𝐵(𝜃𝑡))2

Here, 𝛽1 (typically 0.9) controls how much past gradients influence the
momentum, while 𝛽2 (typically 0.999) determines how much past squared
gradients affect the adaptive learning rates. The momentum term helps over-
come local minima and accelerates convergence, while the adaptive learning
rates allow different parameters to be updated at different scales based on
their gradient history.

Since both moving averages are initialized as zero vectors, they are biased
towards zero during the early steps of training. Adam corrects this initializa-
tion bias by scaling the moving averages. After applying this bias correction,
the final parameter update rule becomes:

𝜃𝑡+1 = 𝜃𝑡 − 𝜂
𝑚𝑡

√𝑣𝑡 + 𝜖
(1)

where 𝜖 (typically 10−8) ensures numerical stability. This update rule auto-
matically adjusts the effective learning rate for each parameter: parameters
with larger historical gradients receive smaller updates, while parameters with
smaller or infrequent gradients receive larger updates.

For linear models, these adaptive optimization methods are unnecessary
since efficient closed-form solutions exist through ordinary least squares. How-
ever, Adam’s ability to handle non-convex optimization landscapes and auto-
matically adjust learning rates makes it essential for training neural networks,
which we will explore in detail in the following sections.

2.1.2 Feed-Forward Neural Networks

Linear models, while powerful in their simplicity, are limited in their ability to
capture complex patterns in data. Neural networks overcome this limitation by
composingmultiple linear transformations with nonlinear functions. Through
this composition, neural networks can approximate any continuous function to
arbitrary precision [HSW89], a property known as universal approximation. The
nonlinear transformations between layers are crucial: without them, the entire
networkwould reduce to a single linear transformation, regardless of its depth.

A feed-forward neural network (NN) [LBH15] starts with an input vector
𝑥 ∈ ℝ𝑄, which undergoes an affine transformation followed by a nonlinearity:

ℎ1 = 𝑔(𝑥𝑊1 + 𝑏1),

where 𝑊1 ∈ ℝ𝑄×𝐾1 is the weight matrix, 𝑏1 ∈ ℝ𝐾1 is the bias vector, and 𝑔(⋅)
is a nonlinear activation function.

While theoretically any nonlinear function could serve as an activation
function, certain choices have proven more effective in practice. The Rectified
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Linear Unit (ReLU), defined as 𝑔(𝑥) = max(𝑥, 0), has become the most widely
used due to its computational efficiency and effectiveness in deep networks
[RZL17].

The Gaussian Error Linear Unit (GELU) provides a smooth approximation
of ReLU [HG23] and is popular in transformer architectures [Vas+23]. It
is defined as 𝑔(𝑥) = 𝑥Φ(𝑥), where Φ(𝑥) is the standard normal cumulative
distribution function. Another common choice is the Leaky ReLU [MHN13],
defined as 𝑔(𝑥) = max(𝑥, 𝛼𝑥) where 𝛼 is typically 0.01. This modification of
ReLU allows small negative gradients, preventing neurons from becoming
permanently inactive.

The output of this transformation, ℎ1, is referred to as a hidden layer. For a
network with 𝐿 layers, subsequent transformations follow a similar pattern:

ℎ𝑙 = 𝑔(ℎ𝑙−1𝑊𝑙 + 𝑏𝑙), 𝑙 = 2, … , 𝐿, (2)

where 𝑊𝑙 ∈ ℝ𝐾𝑙−1×𝐾𝑙 is the weight matrix and 𝑏𝑙 ∈ ℝ𝐾𝑙 is the bias vector
for layer 𝑙. The dimensions 𝐾𝑖 of each hidden layer are hyperparameters that
control the network’s capacity and computational requirements.

The complete network can thus be viewed as a composition of functions
𝑓 (𝑥) = 𝑓𝐿 ∘ 𝑓𝐿−1 ∘ ⋯ ∘ 𝑓1(𝑥), where each 𝑓𝑖 represents the combination of an
affine transformation and nonlinear activation at layer 𝑖. This composition
structure becomes particularly important when computing gradients during
training through the chain rule.

The network concludes with an output layer that maps the final hidden
representation to the desired output space:

̂𝑦 = ℎ𝐿𝑊𝐿+1 + 𝑏𝐿+1,

where 𝑊𝐿+1 ∈ ℝ𝐾𝐿×𝐷 and 𝑏𝐿+1 ∈ ℝ𝐷 transform the last hidden layer into the
prediction ̂𝑦 ∈ ℝ𝐷. The output layer typically omits the nonlinear activation
function for regression tasks, allowing the network to produce unrestricted
values.

For classification tasks, we apply additional transformations to obtain prop-
erly normalized probability distributions. In binary classification (𝐷 = 1), the
sigmoid function maps the scalar output to a probability in the range (0, 1):

̂𝑦 = 𝜎(𝑧) =
1

1 + 𝑒−𝑧 (3)

Here, ̂𝑦 represents the probability of the positive class, while 1 − ̂𝑦 gives the
probability of the negative class.

For multi-class problems (𝐷 = 𝐾 > 2), the softmax function generalizes this
concept by mapping the logit vector to a probability distribution over all 𝐾
classes:

̂𝑦𝑖 = softmax(𝑧)𝑖 =
𝑒𝑧𝑖

∑𝐾
𝑗=1 𝑒𝑧𝑗

, for 𝑖 = 1, … , 𝐾

The resulting vector ̂𝑦 ∈ [0, 1]𝐾 satisfies ∑𝐾
𝑖=1 ̂𝑦𝑖 = 1, ensuring a valid prob-

ability distribution. In practice, to prevent numerical overflow, the softmax
computation is typically normalized by subtracting the maximum logit, a
technique known as the log-sum-exp trick [BHH20]:

softmax(𝑧)𝑖 =
𝑒𝑧𝑖−max𝑗 𝑧𝑗

∑𝐾
𝑗=1 𝑒𝑧𝑗−max𝑗 𝑧𝑗
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This normalization is particularly important when dealing with large logits,
as direct computation of 𝑒𝑧𝑖 could exceed floating-point limits.

These output transformations are paired with appropriate loss functions for
training. For binary classification, the binary cross-entropy loss is defined as:

𝐿( ̂𝑦, 𝑦) = −𝑦 log( ̂𝑦) − (1 − 𝑦) log(1 − ̂𝑦) (4)

where 𝑦 ∈ {0, 1} is the true label and ̂𝑦 is the predicted probability.
For multi-class problems, the categorical cross-entropy loss extends this

concept:

𝐿( ̂𝑦, 𝑦) = −
𝐾

∑
𝑖=1

𝑦𝑖 log( ̂𝑦𝑖)

where 𝑦 is a one-hot encoded vector representing the true class.
While cross-entropy serves as a fundamental loss function for classification

tasks, deep learning applications often require specialized loss functions tai-
lored to their specific objectives. For instance, in object detection tasks, the loss
must account for both the localization accuracy of predicted bounding boxes
and the confidence of object presence. This leads to complex loss formulations
that typically combine multiple components. A key example is the use of
Intersection over Union (IoU) based losses, which measure the spatial overlap
between predicted and ground truth bounding boxes. We will explore these
object detection losses in detail in chapter 3.

2.1.3 Normalization and Regularization

While feed-forward networks provide a powerful framework for learning, their
training process faces fundamental challenges related to gradient propagation.
Consider a deep network with 𝐿 layers computing a composition of functions
as introduced earlier: 𝑓 (𝑥) = 𝑓𝐿 ∘ 𝑓𝐿−1 ∘ ⋯ ∘ 𝑓1(𝑥) (see equation (2)). During
backpropagation, we compute gradients through repeated application of the
chain rule:

𝜕𝐿
𝜕𝑓1

=
𝜕𝐿
𝜕𝑓𝐿

⋅
𝜕𝑓𝐿

𝜕𝑓𝐿−1
⋅ … ⋅

𝜕𝑓2
𝜕𝑓1

(5)

If each partial derivative term is less than 1, their product decreases expo-
nentially with depth, causing gradients to vanish [BSF94; Hoc91; PMB13].
Conversely, if terms are greater than 1, the product grows exponentially, lead-
ing to exploding gradients. For example, with sigmoid activations 𝜎(𝑥), the
derivative 𝜎 ′(𝑥) = 𝜎(𝑥)(1 − 𝜎(𝑥)) is bounded by 0.25, meaning that gradients
through a 10-layer network are scaled by at least 0.2510 ≈ 10−6.

Early attempts to address these issues focused on careful weight initializa-
tion and activation function selection [LJH15; GB10; He+15b]. However, a
more effective solution emerged through normalization techniques, which
actively standardize intermediate representations during training. These tech-
niques not only help maintain activations in reasonable ranges but, more
importantly, fundamentally alter the optimization landscape by controlling
the magnitude of these partial derivatives.

Batch Normalization (BatchNorm) [IS15] has become a cornerstone of mod-
ern neural networks. Initially, BatchNorm was thought to improve training by
reducing internal covariate shift, which refers to the change in the distribution
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of network activations due to the updating of preceding layers. However,
recent work [San+19; Bjo+18] has revealed that BatchNorm’s primary benefit
comes from smoothing the optimization landscape, making gradients more
predictive and stable during training.

For a layer with activations 𝑥 ∈ ℝ𝐵×𝐷, where 𝐵 is the batch size and 𝐷 is
the feature dimension, BatchNorm performs the following steps:

𝜇𝑑 =
1
𝐵

𝐵
∑
𝑏=1

𝑥𝑏𝑑 (compute mean for each feature)

𝜎2
𝑑 =

1
𝐵

𝐵
∑
𝑏=1

(𝑥𝑏𝑑 − 𝜇𝑑)2 (compute variance)

̂𝑥𝑏𝑑 = 𝛾𝑑
𝑥𝑏𝑑 − 𝜇𝑑

√𝜎2
𝑑 + 𝜖

+ 𝛽𝑑 (normalize and rescale)

where 𝛾𝑑, 𝛽𝑑 are learnable scale and shift parameters that allow the network
to recover the original representation if needed, and 𝜖 is a small constant
(typically 10−5) added for numerical stability when dividing.

During inference, we cannot use batch statistics because this would make
predictions inconsistent. Since neural networks often need to process individ-
ual inputs in practice, we instead use running averages of the means 𝜇running
and variances 𝜎2

running that were computed and updated throughout training:

̂𝑥𝑏𝑑 = 𝛾𝑑
𝑥𝑏𝑑 − 𝜇running

√𝜎2
running + 𝜖

+ 𝛽𝑑

BatchNorm’s effectiveness depends critically on batch size, as small batches
can lead to noisy statistics and poor performance [WH18]. Therefore, it is
recommended to use sufficiently large batch sizes when memory permits.

Layer Normalization (LayerNorm) [BKH16] addresses this limitation by com-
puting statistics across the feature dimension instead of the batch dimension:

𝜇𝑏 =
1
𝐷

𝐷
∑
𝑑=1

𝑥𝑏𝑑

𝜎2
𝑏 =

1
𝐷

𝐷
∑
𝑑=1

(𝑥𝑏𝑑 − 𝜇𝑏)2

̂𝑥𝑏𝑑 = 𝛾
𝑥𝑏𝑑 − 𝜇𝑏

√𝜎2
𝑏 + 𝜖

+ 𝛽

where, similar to BatchNorm, 𝛾 and 𝛽 are learnable scale and shift parame-
ters that allow the network to recover the original representation if needed.

An important advantage of LayerNorm is its behavior during inference.
Since statistics are computed independently for each input sample across
its features, the normalization process remains identical between training
and inference, eliminating the need for maintaining running averages. This
property, combined with its more memory-efficient training due to not storing
running statistics, has made LayerNorm particularly attractive for modern
architectures.

Initially developed for recurrent neural networks, LayerNorm has been
widely used in modern architectures. Transformer models [Vas+23] use Lay-
erNorm, and recent convolutional architectures like ConvNeXt [Liu+22] have
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also adopted it, showing competitive or superior performance compared to
BatchNorm-based models.

While normalization techniques help stabilize training, deep neural net-
works also require explicit regularization to prevent overfitting. Two funda-
mental approaches have emerged as particularly effective: dropout and weight
decay.

Dropout [Sri+14] is a regularization technique that prevents overfitting
by randomly removing activations during training. Without dropout, the
network might learn to rely too heavily on specific combinations of activations
in its hidden layers, leading to patterns that work well for training data but
do not generalize well to new examples. Dropout addresses this by randomly
”dropping out” (setting to zero) a fraction of the hidden layer activations
during each training step:

ℎ̂ =
⎧{
⎨{⎩

ℎ
1−𝑝 with probability 1 − 𝑝
0 with probability 𝑝

(6)

where ℎ represents any element of a hidden layer activation ℎ𝑙 (as defined
in the feed-forward network section), and 𝑝 is typically set between 0.1 and
0.5. When an activation is kept (with probability 1 − 𝑝), its value is scaled
up by 1

1−𝑝 to maintain the expected magnitude of inputs to the subsequent
layer. This scaling ensures that the expected sum of the inputs to the next layer
remains approximately the same whether we are training (with dropout) or
performing inference (without dropout).

An important insight is that dropout can be interpreted as training an
ensemble of networks sharing parameters [GG16]. Each application of dropout
effectively samples a different subnetwork from an exponential number of
possible network configurations, as different combinations of activations are
randomly zeroed out during training.

Weight decay, also known as L2 regularization in the statistical learning
literature, adds a penalty term to the loss function that encourages smaller
weights:

𝐿total = 𝐿task +
𝜆
2 ∑

𝑖
𝑤2

𝑖 (7)

where 𝜆 controls the strength of regularization and 𝑤𝑖 are the model param-
eters. The factor of 1

2 is included for mathematical convenience: when we take
the derivative of the regularization term with respect to 𝑤𝑖, the 2 from the
power cancels with the 1

2 , giving us simply 𝜆𝑤𝑖 in the gradient. This makes
the weight decay interpretation more direct, as each weight is directly scaled
by 𝜆 in the update step.

While L1 regularization (∑𝑖 |𝑤𝑖|) is another possible choice that promotes
sparsity, L2 regularization is more commonly used in deep learning as it
provides smoother gradients and better optimization properties.

In the context of neural networks, weight decay is typically implemented as
part of the optimizer rather than the loss function.

This is particularly relevant when using adaptive optimizers like Adam
(discussed earlier in equation (1)). The original Adam implementation applies
the weight decay term after computing the adaptive learning rates, which can
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lead to suboptimal regularization. To address this, AdamW [LH19] decouples
weight decay from the gradient updates:

𝑚𝑡 = 𝛽1𝑚𝑡−1 + (1 − 𝛽1)∇𝜃𝐿task(𝜃𝑡)

𝑣𝑡 = 𝛽2𝑣𝑡−1 + (1 − 𝛽2)(∇𝜃𝐿task(𝜃𝑡))2

̂𝜃𝑡+1 = 𝜃𝑡 − 𝜂 ⎛⎜
⎝

𝑚𝑡

√𝑣𝑡 + 𝜖
+ 𝜆𝜃𝑡

⎞⎟
⎠

where the weight decay term 𝜆𝜃𝑡 is applied independently of the adaptive
learning rate computation.

2.2 convolutional neural networks

While feed-forward networks with their layer-wise transformations provide
a foundation for many machine learning tasks, the structure of image data
presents unique challenges. Consider processing a 224 × 224 RGB image with
a standard feed-forward network: each element in the first layer would need to
connect to every pixel in the input image, requiring over 150,000 weights per
output dimension (224 × 224 × 3 input values). This dense connectivitymakes
traditional feed-forward architectures computationally intractable for image
processing tasks. Convolutional neural networks (CNNs) [LeC+89; KSH12]
address this challenge by replacing these dense connections with localized
operations that exploit the spatial structure of the data.

2.2.1 From Neural Networks to CNNs

The development of CNNs was influenced by studies of the visual cortex
[HW62], which revealed that visual processing begins with neurons that re-
spond to small, specific regions of the visual field. Early computational models
like the Neocognitron [Fuk80] implemented this principle using cascaded
layers of local feature detectors. Each layer applied fixed Gaussian filters to
detect patterns at different scales, creating a hierarchy of increasingly com-
plex feature detectors. These models demonstrated the effectiveness of local
processing but were limited by their hand-designed filters.

Modern CNNs build on this foundation by making the local filters learn-
able parameters. Consider an input image tensor 𝑥 ∈ ℝ𝐻×𝑊×𝐶, where 𝐻 and
𝑊 represent spatial dimensions (height and width) and 𝐶 represents chan-
nels (e.g., 𝐶 = 3 for RGB images). Instead of the matrix multiplication 𝑥𝑊
used in feed-forward networks, CNNs define a small window of weights that
slides across the spatial dimensions. This window computes the same local
transformation at each position, replacing the dense connections of standard
feed-forward layers with a sparse, repeating pattern.

For example, processing a 224 × 224 RGB image with a 3 × 3 sliding window
requires only 27 weights (3 × 3 × 3) that are reused across all spatial posi-
tions, compared to the millions of weights needed in a fully-connected layer.
Through training, these local transformations learn to detect relevant patterns
across the entire image.

Mathematically, CNNs maintain the same structure as feed-forward net-
works (refer to equation (2)):

𝑓 (𝑥) = 𝑓𝐿 ∘ 𝑓𝐿−1 ∘ ⋯ ∘ 𝑓1(𝑥)
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However, each function 𝑓𝑙 now represents a transformation using these sliding
windows instead of dense connections. The specific implementation of these
operations through convolutions will be detailed in the following sections.

2.2.2 Basic Operations and Layers

The fundamental building block of CNNs is the convolutional layer, which
implements the local transformations introduced in the previous section. For
an input tensor 𝑥 ∈ ℝ𝐻×𝑊×𝐶, the layer applies a set of learnable kernels
𝑊𝑚 ∈ ℝ𝑘×𝑘×𝐶, where 𝑚 = 1, … , 𝑀 indexes the output channels and 𝑘 is the
kernel size (typically 3 or 7). Using square bracket notation for indexing, the
layer computes for each spatial position [𝑖, 𝑗] and output channel 𝑚:

ℎ𝑚[𝑖, 𝑗] = 𝑔 ⎛⎜⎜
⎝

𝐶
∑
𝑐=1

𝑘
∑

𝑝,𝑞=1
𝑥[𝑖 + 𝑝, 𝑗 + 𝑞, 𝑐]𝑊𝑚[𝑝, 𝑞, 𝑐] + 𝑏𝑚

⎞⎟⎟
⎠

(8)

where 𝑏𝑚 ∈ ℝ is a learnable bias term and 𝑔(⋅) is a nonlinear activation
function [How+17].

The spatial dimensions of the output feature maps depend on three hyper-
parameters: the number of kernels 𝑀, the stride 𝑠, and the padding scheme.
The stride controls how the kernel moves across the input: a stride of 𝑠 means
the kernel center moves 𝑠 positions at a time, producing output feature maps
with dimensions reduced by a factor of 𝑠. To maintain spatial dimensions
when 𝑠 = 1, we typically pad the input tensor with zeros around its borders
before applying the convolution. This ”same” padding ensures that each pixel
in the input contributes equally to the output, preventing information loss at
the boundaries.

CNNs commonly employ pooling operations to explicitly reduce spatial
dimensions and introduce invariance to small translations [SMB10]. For an
input feature map ℎ ∈ ℝ𝐻×𝑊×𝐶, max pooling outputs the maximum value
within each local neighborhood:

MaxPool(ℎ)[𝑖, 𝑗, 𝑐] = max
(𝑝,𝑞)∈𝑁(𝑖,𝑗)

ℎ[𝑝, 𝑞, 𝑐]

where 𝑁(𝑖, 𝑗) defines a local 𝑝 × 𝑝 neighborhood around position (𝑖, 𝑗). Typi-
cally, 𝑝 = 2 is used, halving the spatial dimensions. Average pooling provides
an alternative by computing the mean over each neighborhood:

AvgPool(ℎ)[𝑖, 𝑗, 𝑐] =
1

|𝑁(𝑖, 𝑗)| ∑
(𝑝,𝑞)∈𝑁(𝑖,𝑗)

ℎ[𝑝, 𝑞, 𝑐]

A special case, Global Average Pooling (GAP) [LCY14], averages over the
entire spatial domain:

GAP(ℎ)𝑐 =
1

𝐻 × 𝑊

𝐻
∑
𝑖=1

𝑊
∑
𝑗=1

ℎ[𝑖, 𝑗, 𝑐]

This operation collapses the spatial dimensions into a single value per
channel, producing a vector ∈ ℝ𝐶. Modern architectures often use GAP as
the final dimensionality reduction layer before classification, replacing the
traditional flatten and dense layers while maintaining spatial equivariance
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throughout the network. For instance, in a CNN processing a 224 × 224 RGB
image, the final convolutional layer might output a 7 × 7 × 512 feature map.
GAP reduces this to a 512-dimensional feature vector that can be directly
connected to classification layers.

2.2.3 Receptive Fields

The hierarchical nature of convolutional neural networks raises a fundamen-
tal question in architecture design: how does spatial information propagate
through the network? This question is particularly important for tasks like ob-
ject detection, where the network must capture features at scales large enough
to represent entire objects, such as cars. The concept of receptive fields pro-
vides a theoretical framework for analyzing this information flow by precisely
defining how each computation in the network relates to the original input
space.

For a single convolutional layer with kernel size 𝑘, each output value inte-
grates information from exactly 𝑘 × 𝑘 input positions. As we compose multiple
layers, these regions of influence expand systematically. Consider a network
with 𝐿 layers, where layer 𝑖 has kernel size 𝑘𝑖 and stride 𝑠𝑖. The receptive field
size 𝑟𝑖 at layer 𝑖 follows a recursive pattern [Luo+16]:

𝑟𝑖 = 𝑟𝑖−1 + (𝑘𝑖 − 1)
𝑖−1
∏
𝑗=1

𝑠𝑗 ,

initialized with 𝑟1 = 𝑘1. This formulation reveals how architectural choices
affect spatial information propagation. Networks using convolutions with
stride 1 (𝑠𝑖 = 1) exhibit linear growth in receptive field size, with each layer
expanding the field by 𝑘𝑖 − 1 pixels. In contrast, incorporating strides greater
than 1 leads to multiplicative growth, enabling deeper layers to efficiently
capture long-range spatial dependencies.

Consider a network with two layers, where each layer uses a 3 × 3 kernel
(𝑘𝑖 = 3) and stride 2 (𝑠𝑖 = 2). The receptive field size at the second layer is
calculated as:

𝑟2 = 𝑟1 + (𝑘2 − 1)𝑠1 = 3 + (3 − 1)(2) = 7 pixels.

This means neurons in the second layer can theoretically capture context
spanning a 7 ×7 region of the input image. However, this would be insufficient
for detecting cars or wood vessels, motivating the need for more layers.

Theoretical analysis of receptive fields differs from their empirical behavior.
Research has revealed that neurons primarily respond to a subset of their
theoretical input region, a phenomenon known as the effective receptive field
[Luo+16]. The influence of input pixels follows a Gaussian-like distribution,
with central pixels contributing more strongly to the output than peripheral
ones.

The disparity between theoretical and effective receptive fields has important
implications for architecture design. While deeper networks theoretically
enable broader spatial context integration, the effective receptive field often
grows more slowly than calculations suggest. This insight has motivated
several architectural innovations.
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2.2.4 Architectures

Early CNN architectures like VGG [SZ15] demonstrated the effectiveness of
simple, repeated blocks of convolution and max pooling operations. These
networks used a straightforward design principle: stacking multiple 3 × 3
convolution layers interspersed with max pooling operations. This approach
aligns logically with the observation that too few 3×3 kernels alone result
in limited receptive field sizes. By increasing depth while keeping other
architectural choices fixed, VGG substantially improved performance and
became a foundational design for subsequent architectures.

However, increasing the depth of neural networks introduces significant
training challenges, as previously discussed (section 2.1.3). In deep networks,
gradients diminish as they are propagated through many layers, which im-
pedes the effective updating of weights in earlier layers (see especially equa-
tion (5)).

ResNet [He+15a] addressed this issue by introducing residual connections.
These connections allow the input of a layer to bypass the convolutional trans-
formations and be added directly to the layer’s output:

ℎ𝑙 = 𝑔(𝐹𝑙(ℎ𝑙−1)) + ℎ𝑙−1 ,

where 𝐹𝑙 represents the convolutional transformation (see equation (8)) at
layer 𝑙, and 𝑔 is the activation function.

The addition of these shortcut connections enables the training of networks
with many more layers. ResNet can scale to hundreds of layers without being
affected by the vanishing gradient problem.

Furthermore, Veit et al. [VWB16] showed that networks with residual
connections can be interpreted as ensembles of multiple potential paths of
varying depths. Each path represents a unique subset of layers, with some
paths bypassing intermediate transformations entirely. This interpretation
helps explain the robust performance of ResNet and its ability to generalize.
The residual connections, in essence, create a more flexible learning structure,
which allows the network to adjust to different depths dynamically during
training.
DenseNet [HLW16] further extended the concept of connectivity. Unlike

ResNet, which only adds the input of a layer to its output through residual
connections, DenseNet concatenates the outputs from all preceding layers:

ℎ𝑙 = 𝑔(𝐹𝑙([ℎ1, ℎ2, … , ℎ𝑙−1])) ,

where [⋅] denotes channel-wise concatenation. This dense connectivity
encourages feature reuse and results in more compact models. However, the
concatenation operation does come with some computational overhead, as it
increases the dimensionality of the feature maps at each layer. Despite this,
we also obtain reduced parameter counts.

Channel attentionmechanismswere introduced through squeeze-and-excitation
(SE) blocks [Hu+19], which enable networks to model interdependencies
between channels. EfficientNet [TL19] leveraged these SE blocks alongside a
systematic approach to model scaling, introducing compound scaling coeffi-
cients that jointly optimize network depth, width, and input resolution. Their
approach demonstrated that carefully balancing these dimensions is crucial
for efficient network design.

More recent architectures like ConvNeXt [Liu+22] have modernized CNN
design by incorporating insights from transformer architectures [Dos+21].
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They employ larger kernel sizes (7×7) in earlier layers, replace ReLU with
GELU activation functions [HG23], and modify the position of layer normal-
ization. A significant innovation was their adoption of LayerScale [Tou+21],
which introduces learnable scaling factors initialized near zero for the residual
path in deeper layers. This initialization effectively makes the network behave
like a shallow architecture initially, with deeper layers gradually becoming
active during training as the scaling factors increase.

2.2.5 Data Augmentation

Training deep neural networks requires substantial amounts of labeled data to
achieve good generalization. Data augmentation addresses this challenge by
systematically expanding the training dataset through controlled transforma-
tions, particularly important when working with specialized image domains
like microscopy where labeled data may be limited.

The core idea behind data augmentation is that the network should recog-
nize an object regardless of certain transformations applied to its image. For
example, if we have an image of a vessel element, the network should still
identify it correctly even if the image is slightly rotated or its brightness is
adjusted. Mathematically, given an input image 𝑥 and a transformation 𝑇, we
want the network 𝑓 to produce similar predictions for both the original and
transformed images: 𝑓 (𝑇(𝑥)) ≈ 𝑓 (𝑥). This property helps the network learn
features that are robust to common variations in the input.

Consider our training data consisting of image-label pairs {(𝑥𝑖, 𝑦𝑖)}𝑛
𝑖=1. Data

augmentation expands this dataset by applying transformations 𝑇 to create
additional valid training examples: {(𝑇(𝑥𝑖), 𝑦𝑖)}𝑛

𝑖=1. These transformations
typically fall into two main categories: geometric and photometric.
Geometric transformations modify the spatial arrangement of pixels while

preserving semantic content. Common operations include horizontal and
vertical flips, random scaling, rotations, and translations [SK19]. The choice
and magnitude of these transformations should reflect the expected variation
in the target domain. For instance, in microscopy images of wood vessels,
small rotations are valid augmentations as vessel orientation can vary naturally,
but extreme distortions might create unrealistic patterns.
Photometric transformations modify pixel intensities while maintaining the

image’s semantic content. These include adjustments to brightness, contrast,
and the addition of random noise. In specialized domains like microscopy,
these transformationsmust be carefully calibrated to preserve important visual
features.

More sophisticated augmentation strategies have emerged in recent years.
Mosaic augmentation [BWL20] combines multiple training images into a single
training instance by dividing the input space into four regions and filling each
with a different scaled image. Traditional augmentations like rotationmaintain
all spatial relationships within an image. In contrast, mosaic augmentation
places objects from different images next to each other at the boundaries
where the four images meet. For example, a car from one image might appear
next to a tree from another image. This combination didn’t exist in either
original image. This approach is particularly effective for object detection
tasks as it creates training instances with object combinations not found in
natural images, while ensuring each individual object remains realistic and
recognizable.

TrivialAugment [MH21] provides a simplified approach to augmentation
by randomly sampling a single transformation and applying it with random
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magnitude. The method relies on two random choices: selecting which trans-
formation to apply from a predefined set, and determining how strongly to
apply it. This straightforward approach eliminates the need for parameter
tuning while maintaining competitive performance on natural image datasets.
However, its application to specialized domains like microscopy requires care-
ful consideration, as the range of valid transformations and their magnitudes
may differ significantly from natural images. For instance, certain color trans-
formations or extreme geometric distortions that work well for natural scenes
might alter biologically significant features in microscopy images.

2.3 properties of neural networks

Neural networks, particularly Convolutional Neural Networks (CNNs), ex-
hibit several fundamental properties that arise from their architecture and
training process. This section examines these properties and their supporting
empirical evidence, drawing parallels with human visual processing where
relevant.

2.3.1 Distributed Information Processing

The most fundamental property of neural networks is their distributed process-
ing of information across multiple units. This property has direct parallels
in biological vision, where information is similarly distributed across popu-
lations of neurons rather than encoded in individual cells [DZR12]. In both
artificial and biological systems, this distributed representation enables robust
processing of visual information.

Research has shown that these activation patterns often encode semantic
relationships, where similar inputs tend to produce similar patterns of acti-
vation [HMR86; RM86]. This organization of semantic relationships in the
activation space supports the network’s ability to generalize across related
inputs and maintain stable outputs despite variations in the input.

In CNNs, distributed processing manifests in the network’s response to
partial or corrupted inputs. Studies have shown that CNNs can maintain rea-
sonable classification accuracy even when significant portions of images are
occluded or distorted [Zho+15b]. This robustness mirrors human visual per-
ception, where we can recognize objects under varying conditions of occlusion,
illumination, and viewpoint.

The distributed nature of processing extends to the network’s internal archi-
tecture. Recent research on the lottery ticket hypothesis [FC19] has revealed
that networks contain multiple sparse subnetworks capable of solving the
same task. This architectural redundancy suggests that distributed processing
occurs not just at the level of individual layers but across the entire network
structure. Training techniques like dropout [Sri+14] (see equation (6)) ex-
plicitly leverage these forms of redundancy to improve generalization, demon-
strating how architectural properties can be exploited to enhance network
performance.

2.3.2 Hierarchical Feature Processing

A second key property is the network’s hierarchical organization of visual pro-
cessing, which shows remarkable similarities to the primate visual system. Just
as the ventral visual stream processes information through a hierarchy of cor-
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tical areas [DZR12], CNNs transform visual information through successive
layers of increasing abstraction.

Zeiler and Fergus [ZF13] provided compelling evidence for this hierarchical
processing by visualizing activations at different network depths. Their study
revealed that early layers respond to simple edges and textures, while deeper
layers detect progressively more complex patterns. This organization parallels
the hierarchical processing observed in primate visual cortex, where early
areas respond to simple features while higher areas encode more complex
object properties.

The hierarchical property enables efficient transfer learning in both artificial
and biological systems. In CNNs, features learned in early layers transfer well
across tasks [Yos+14], similar to how early visual processing in biological
systems provides general feature detection that supports multiple higher-level
visual functions.

2.3.3 Information Compression

The third fundamental property involves how networks transform and com-
press information through their layers. The Information Bottleneck theory
[TZ15] provides a theoretical framework for understanding this behavior.
According to this perspective, each layer transforms its input to preserve
task-relevant information while discarding irrelevant variations.

This compression property manifests in the network’s ability to achieve
remarkable parameter efficiency. Multiple studies have demonstrated that net-
works can capture complex patterns with relatively few parameters compared
to the theoretical capacity needed to memorize their training data [Zha+17].
This efficiency suggests that networks discover useful abstractions.

Empirical studies have supported this view by showing that representations
become increasingly specialized for the target task in deeper layers [AB18].
This compression property helps explain why networks can achieve good
generalization despite having enough parameters to memorize their training
data. Rather than storing exact input-output mappings, networks appear to
learn compressed representations that capture essential patterns.

These three properties – distributed processing, hierarchical organization,
and information compression – are deeply interconnected and mutually re-
inforcing. The distributed nature of processing supports robust hierarchical
feature extraction, while information compression enables efficient learning
and generalization. The parameter efficiency observed in neural networks
emerges from the successful interaction of these properties, allowing networks
to learn compact yet powerful representations of complex data distributions.

2.3.4 Adversarial Vulnerability

The final fundamental property of neural networks is their vulnerability to
adversarial attacks. Small, carefully crafted perturbations to inputs can cause
dramatic changes in network outputs while remaining imperceptible to human
observers. These adversarial examples, first identified by [Sze+14], reveal
critical insights into how neural networks process information and highlight
important security considerations for deployment in real-world applications.

Consider a trained neural network 𝑓 and an input 𝑥 correctly classified as
class 𝑦. An adversarial example can be constructed by solving the optimization
problem:



20 theoretical background

minimize𝛿 ‖𝛿‖𝑝

subject to 𝑓 (𝑥 + 𝛿) ≠ 𝑦
𝑥 + 𝛿 ∈ [0, 1]𝑛

‖𝛿‖𝑝 ≤ 𝜀

where 𝛿 represents the adversarial perturbation, 𝜀 bounds its magnitude,
and ‖ ⋅ ‖𝑝 typically denotes either the 𝐿∞ or 𝐿2 norm. The choice of norm
significantly impacts the nature of the resulting perturbations. The 𝐿∞ norm,
defined as ‖𝑥‖∞ = max𝑖 |𝑥𝑖|, measures the maximum change to any input
dimension. In image domains, this effectively limits the maximum change
to any pixel. When 𝜀 = 8/255, for instance, each pixel can change by at
most 8 pixels. The 𝐿2 norm, defined as ‖𝑥‖2 = √∑𝑖 𝑥2

𝑖 , measures the Euclidean
distance between the original and perturbed inputs. This allows larger changes
to some pixels while maintaining a bound on the total perturbationmagnitude.

The Fast Gradient Sign Method (FGSM) [GSS15] provides an efficient ap-
proach for generating adversarial examples:

𝑥′ = 𝑥 + 𝜀 ⋅ sgn(
𝜕𝐿(𝑓 (𝑥), 𝑦)

𝜕𝑥 ) ,

where 𝐿 represents the loss function and sgn(⋅) is the sign function. While
computationally efficient, FGSM generates relatively weak attacks due to its
single-step nature.

Projected Gradient Descent (PGD) [Mad+19] strengthens this approach by
iteratively applying gradient steps followed by projection onto the allowed
perturbation set. Starting from the input 𝑥, for iteration steps 𝑡 = 0, 1, … , 𝑇,
PGD computes:

𝑥𝑡+1 = Proj‖⋅‖𝑝≤𝜀 (𝑥𝑡 + 𝛼 ⋅ sgn(
𝜕𝐿(𝑓 (𝑥𝑡), 𝑦)

𝜕𝑥 )) ,

where 𝛼 determines the step size and Proj denotes projection onto the 𝜀-ball
in the chosen norm. PGD typically finds more effective adversarial examples
than FGSM. Recent work has introduced more sophisticated evaluation frame-
works like AutoAttack [CH20], which combines multiple attack strategies
including adaptive PGD variants and black-box attacks.

A crucial practical consideration in adversarial attacks is the effect of image
quantization and compression. When adversarial examples are saved as JPEG
images, the perturbations may be partially removed due to quantization and
compression artifacts [DGR16]. This can significantly impact attack success
rates in real-world scenarios.

Several theoretical frameworks have emerged to explain adversarial vulnera-
bility. One perspective argues that these examples exploit statistical irregulari-
ties in the training distribution [Ily+19]. Under this view, networks learn both
robust features that align with human perception and non-robust features
that correlate with class labels but are easily manipulated. This interpretation
connects adversarial vulnerability to the information compression property
discussed earlier: networks may preserve these non-robust features during
training because they provide useful signal for the classification task, even
though they lead to brittleness under adversarial attack.
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Adversarial training provides a direct approach to improving model robust-
ness. During each training step, the model is trained on both clean examples
and their adversarial counterparts generated using methods like PGD. While
effective, this approach substantially increases computational cost and can
reduce accuracy on clean inputs, illustrating the inherent trade-offs in building
robust systems.

Understanding these vulnerabilities provides crucial insights into how neu-
ral networks process information and make decisions. The ability to generate
minimal perturbations that dramatically affect network outputs reveals fun-
damental aspects of network behavior, from decision boundaries to feature
sensitivity. These insights become particularly valuable when examining inter-
pretability and architectural constraints in subsequent chapters. For instance,
analyzing how networks respond to small input changes helps identify which
features truly drive predictions and where architectural modifications might
improve robustness. We will revisit these concepts of minimal perturbations
in section 4.4.5 when developing improved evaluation metrics for attribution
methods.

2.4 interpretability

The increasing complexity of deep learning models has made interpretability
a crucial aspect of modern machine learning. While these models achieve
remarkable performance across various tasks, their decision-making processes
often remain opaque. This section examines the theoretical foundations of
interpretability and its relationship with model complexity.

2.4.1 Foundations of Model Interpretability

Model interpretability can be characterized through two fundamental proper-
ties [Lip17]: transparency and post-hoc interpretability. Transparency refers
to the inherent understandability of a model’s components and operations,
while post-hoc interpretability describes how well model decisions can be
explained after they are made.

A model’s transparency can be assessed at multiple interconnected levels:
algorithmic transparency, decomposability, and simulatability. Algorithmic
transparency reflects our theoretical understanding of the learning process
itself. For instance, in convex optimization problems, we can prove conver-
gence properties and uniqueness of solutions. Decomposability measures how
well we can break down a model into interpretable components. Simulatabil-
ity captures whether a human can mentally simulate the model’s operation,
typically only possible for very simple models.

Consider a linear model with input 𝑥 ∈ ℝ𝑘 and parameters 𝜃 = {𝑤 ∈
ℝ𝑘, 𝑏 ∈ ℝ}:

̂𝑦 = 𝑥𝑤 + 𝑏

This model exhibits high transparency at all levels. At the component
level, each weight 𝑤𝑖 represents the change in output for a unit change in the
corresponding input feature:

𝜕 ̂𝑦
𝜕𝑥𝑖

= 𝑤𝑖

The linear relationship between inputs and outputs makes the model simu-
latable, allowing humans to mentally verify its predictions.
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2.4.2 Deep Learning and Interpretability Challenges

The relationship between model complexity and interpretability presents
subtle trade-offs that challenge common assumptions. While simpler models
like linear classifiers are often considered more interpretable than deep neural
networks, this view fails to account for the complexity of feature engineering
and the nature of visual recognition tasks [Rud19].

For image classification tasks, linear models require extensive feature en-
gineering to capture useful patterns. Consider the classical Viola-Jones face
detector [VJ01], which uses thousands of hand-engineered Haar-like features.
While individual engineered features may have clear mathematical definitions,
the transformation from raw pixels to these features introduces its own form
of complexity. The feature engineering process often involves complex, hand-
designed transformations that make it difficult to relate the model’s decisions
back to the input space, thus compromising both decomposability and the
ability to provide meaningful post-hoc interpretability.

Deep neural networks present distinct challenges when evaluated against
Lipton’s interpretability framework [Lip17]. Algorithmic transparency presents
a mixed picture for deep networks. While we understand the individual
mathematical operations (matrix multiplications, nonlinear activations), the
non-convex nature of the optimization landscape severely limits our theoreti-
cal guarantees. Unlike convex problems where we can prove global conver-
gence, deep network optimization lacks general convergence guarantees to
global optima. Theoretical results exist only for highly restrictive cases: in
the infinite-width limit, networks converge to an explicit limiting kernel and
exhibit predictable training dynamics [JGH20].

Decomposability becomes problematic as we cannot easily assign inter-
pretable meanings to individual neurons or layers, particularly in intermediate
representations.

Most critically, simulatability breaks down entirely. While individual opera-
tions remain simple, their composition creates decision boundaries of such
complexity that humans cannot mentally simulate the model’s behavior. This
loss of simulatability requires post-hoc interpretability methods to understand
model decisions.

2.4.3 Post-hoc Interpretation Methods

Post-hoc interpretation methods provide tools for understanding model de-
cisions after they are made. These methods are particularly crucial for deep
learning models, where direct transparency is limited by model complexity.
Among these methods, feature attribution techniques form a major category
of post-hoc interpretation. They help identify which parts of an input most
influenced the model’s decision.

Various approaches have been developed to compute these attributions,
ranging from gradient-based methods to class activation maps. In chapter 4,
we will examine these methods in detail, exploring their mathematical foun-
dations, implementation challenges, and practical limitations, particularly
regarding their ability to capture feature interactions and the challenge of
evaluating attribution quality.
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2.4.4 Balancing Accuracy and Interpretability

The relationship between model accuracy and interpretability has long been
debated. The conventional perspective suggests an inherent trade-off: more
accurate models tend to be less interpretable, forcing practitioners to choose
between performance and interpretability [Rud19]. However, this perspective
oversimplifies a complex relationship that depends heavily on the specific
task, data characteristics, and how interpretability is defined and measured.

Recent theoretical work has begun to challenge the universality of the
accuracy-interpretability trade-off [DBR20]. In certain domains, interpretable
models can achieve competitive or superior performance compared to black-
box alternatives.

One promising avenue for potentially reconciling accuracy and interpretabil-
ity lies in regularization techniques, which can influence model structure in
ways that may enhance both generalization and interpretability. Consider
how different regularization approaches modify the standard loss function.
Sparsity regularization through 𝐿1 penalties modifies the objective as:

𝐿total = 𝐿task + 𝜆 ∑
𝑙,𝑖,𝑗

|𝑊𝑙[𝑖, 𝑗]|

where the sum is taken over all weight matrices 𝑊𝑙 and their elements,
encouragingmanyweights to approach zero and potentially creating networks
with fewer active connections that may be more transparent in their decision
processes.

Weight decay through 𝐿2 regularization, as discussed earlier (see equa-
tion (7)), takes the form:

𝐿total = 𝐿task + 𝜆 ∑
𝑙,𝑖,𝑗

𝑊𝑙[𝑖, 𝑗]2

This promotes smoother decision boundaries by preventing weights from
growing too large, which may lead to more stable and consistent explanations.

Activation regularization presents another approach by applying penalties
directly to layer activations:

𝐿total = 𝐿task + 𝜆 ∑
𝑙,𝑖

|ℎ𝑙[𝑖]|

where ℎ𝑙[𝑖] represents the 𝑖-th element of the activation vector ℎ𝑙 in layer
𝑙. This promotes sparse representations where only subsets of neurons acti-
vate for given inputs. Since many post-hoc interpretation methods directly
rely on these activations, enforcing sparsity helps suppress uninformative or
redundant activity. This idea will be explored further in chapter 5.

However, it is crucial to recognize that regularization does not improve
interpretability on all levels. Higher sparsity and smoother decision bound-
aries can make networks more stable when inputs change, reducing erratic
behavior. Additionally, post-hoc interpretation methods may produce clearer
results when feature maps contain more zeros, as sparse activations reduce
visual noise. Nevertheless, fundamental limitations persist. Deep networks
remain non-convex optimization problems without theoretical guarantees.
More critically, they are never mentally simulatable by humans.
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These theoretical foundations of interpretability provide the groundwork
for our subsequent investigations. In chapter 4, we will analyze specific attri-
bution techniques and their evaluation, while chapter 5 explores architectural
approaches for enhancing interpretability.



3MICROSCOP IC WOOD IDENT I F ICAT ION

The chapter is based on the works detailed in papers [Nie+24a; Nie+24c],
produced during this PhD research. The main contributions are:

1. the development of a novel deep learning pipeline for the identification
of wood species in microscopy images of paper products;

2. the construction of a specialized dataset in collaborationwith the Thünen
Institute of Wood Research; and

3. the design of a new object detection algorithm tailored to wood mi-
croscopy images, building on and extending YOLOv7.

The microscopic wood identification process described here is structured
as a two-stage approach: vessel detection followed by classification. While
modern object detectors are capable of performing detection and classification
in a single step [Wan+24], the two-stage approach offers several significant
advantages.

First, it mirrors the established practices of human experts in microscopic
wood analysis [Hel+18], making it a familiar and reliable framework. Building
on this proven process allows for the development of new methods in future
research. Second, this approach addresses the challenges ofworkingwith high-
resolution microscopy images, which often require substantial GPU resources.
While detection can be performed effectively on downscaled images to locate
vessel elements, classification depends on the fine details of vessel morphology
and therefore must be carried out on full-resolution images. By separating
these tasks, we optimize GPU usage without compromising the accuracy of
classification.

In the following sections, we first provide an overview of the dataset used
in this study. Subsequently, we detail the vessel detection process, followed by
a comprehensive explanation of the classification methodology. The chapter
ends with an evaluation of our proposed wood identification pipeline.

3.1 dataset

The dataset was constructed in collaboration with the Thünen Institute of
Wood Research. Initially, no images or annotations were available, requiring
the creation of the dataset from scratch. The sample preparation and image ac-
quisition were conducted by experts at the Thünen Institute of Wood Research.
These preparatory steps were not part of the author’s work.

3.1.1 Sample Preparation

The generation of the dataset began with the careful preparation of biolog-
ical samples, a process requiring specialized expertise. Hardwood samples
were chosen for their distinctive anatomical features, particularly vessel el-
ements, which serve as water-conducting cells. Compared to other wood
cell types, such as fibers, tracheids, and parenchyma cells, vessel elements
possess the most morphologically distinct characteristics, making them ideal
for classification [Ilv95; Hel+18].

25
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Figure 1: Overview images of differently stained macerated samples of A Acacia, B
Populus, C Hevea, D Salix. Scale bar=5mm. Source: [Nie+24a].

Samples were selected from commonly processed timbers cultivated in
plantations for pulp, paper, and fiberboard production. Both morphologically
similar and highly distinct species were included to evaluate the versatility
of the classification methods. Reference material was drawn from vouchered
specimens in the Thünen Institute’s wood collection and other documented
sources.

The cell compounds of wooden tissue were dissolved into individual cells
using the maceration method described by [Fra45], a straightforward and
reproducible technique. The process was carried out following established
protocols [Hel+16; Hel+18].

To improve visibility, staining techniques were employed. Two stains were
used: AlexanderHerzberg solution andnigrosin (1wt%). AlexanderHerzberg
solution, compliant with the TAPPI standard T 401 om-03, is widely used
in paper testing but is non-permanent, requiring immediate examination.
Nigrosin, by contrast, is a permanent stain that enhances the contrast of key
morphological features such as pits [Hub+19]. These stains were critical in
ensuring the visibility of the fine structures in the nearly transparent cellulose
material. Preparations were performed by multiple technicians to introduce
variability in cell density, reflecting the real-world differences observed in
laboratory workflows.

3.1.2 Microscopy and Imaging

After biological preparation, the samples were digitized using the Axioscan
7 microscope slide scanner (Zeiss, Germany). The scanner, equipped with
an Objective N-Achroplan 5x/0.15, provided high-resolution imaging over
an area of approximately 8 cm² per slide. To capture depth variations and
enhance structural detail, five focal levels were recorded per sample. These
focal levels effectively resulted in five RGB images per sample, with each
level highlighting different aspects of the structure. The multilevel imaging
approach was crucial for capturing fine structural differences, such as intact
vessel elements and fragmented pieces caused by the preparation process.
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The imageswere recorded in RGB format at resolutions up to 32, 000×54, 000
pixels, with a pixel scale of 0.69 × 0.69 × 16.33 µm³. Each image file using the
CZI format is approximately 1.3 GB in size. Since these large file sizes cannot
fit into GPU memory, specialized techniques had to be developed to enable
training of the neural networks. Figure 1 illustrates the diversity in staining
contrast across multiple species.

Imaging was performed using ZEN Slidescan 3.5 software, which enabled
consistent and high-throughput digitization of the dataset.

3.1.3 Annotation Pipeline

The annotation of vessel elements using bounding boxes was performed using
ZEN blue 3.4 software. This software facilitated precise marking of vessel
element locations by wood anatomists and other trained annotators. To reduce
the manual effort required for annotation, we employed an active learning
approach [GIG17]. Active learning is a machine learning strategy designed
to minimize labeling effort by iteratively improving the training dataset in a
targeted manner.

In this approach, a model (in this case, an object detection model) is first
trained on a small, annotated dataset known as the initial training set. An
acquisition function – often leveraging the model’s uncertainty – then selects
the most informative data points from a pool of unlabelled samples. These
selected samples are passed to an oracle (in this case, human experts) for
labeling. The newly labeled data points are added to the training set, and the
model is retrained on this expanded dataset. This iterative process of selection,
labeling, and retraining continues, with the training set growing in size and
quality over time. The advantage of active labeling is that the labeling effort is
reduced by focusing annotation on the most informative samples.

Algorithm 3.1 Annotation Pipeline for Vessel Elements
Require: High-resolution microscopic images ℐ = {𝐼1, 𝐼2, … , 𝐼𝑛}
Ensure: Annotated dataset 𝒜 with verified bounding boxes
1: Step 1: Strategic Initial Annotation
2: Select diverse subset ℐmanual ⊂ ℐ
3: Annotate ℐmanual manually to create 𝒜manual
4: Step 2: Active Learning Loop
5: Initialize 𝒜verified = 𝒜manual
6: Train initial detector 𝐷0 on 𝒜verified
7: while not convergence AND budget allows do
8: Select batch ℐbatch ⊂ ℐ ∖ ℐverified
9: Predict boxes ℬpred on ℐbatch using current detector

10: for each image 𝐼 ∈ ℐbatch do
11: Expert reviews predictions: ℬcorrected
12: Add (𝐼, ℬcorrected) to 𝒜verified
13: end for
14: Train updated detector on 𝒜verified
15: Evaluate detector performance on validation set
16: if performance plateaus OR budget exhausted then
17: break
18: end if
19: end while
20: return Final verified dataset 𝒜
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Figure 2: Image cutouts of vessel elements from overviews of A Schima and B Populus.
Scale bars: overview=1mm, cutout=100µm. Source: [Nie+24a].

In our case, the initial dataset samples were chosen such that there is an
approximately equal representation of images across different stainings and
classes. Instead of using an automated acquisition function to select subse-
quent samples, we relied on human experts to guide the selection process.
For example, experts identified errors like water bubbles in the images and
prioritized adding similar difficult samples to the next annotation batch. This
human-guided process helped the model improve where it struggled most.
For generating the bounding boxes, we used the YOLOv7 algorithm [WBL22].
This is explained in more detail in section 3.2.

The algorithm 3.1 based onNieradzik et al. [Nie+24a] shows our annotation
pipeline.

After just a few iterations of the active learning loop, only small improve-
ments in our metrics were observed. At this point, the experts had annotated
and corrected 321 images, covering a total of 27,842 individual vessels. This
illustrates the discrepancy between the relatively small number of images but
the large number of annotated vessels. Figure 2 shows two examples of vessels
in different images. After the first publication, the annotation process was
continued, resulting in an expanded dataset.

3.1.4 Dataset

Our final dataset comprises approximately 1,614 images, primarily represent-
ing 13 genera of wood species. Among these, nine genera were of particular
importance: Acacia, Betula, Eucalyptus, Fagus,Hevea, Liquidambar, Populus, Salix,
and Schima. These genera were prioritized based on their relevance to the
research and the availability of samples.

An overview of the dataset distribution is presented in figure 3. A substan-
tial portion of the dataset remains unannotated, presenting an opportunity
for exploring semi-supervised learning techniques such as pseudo-labeling
[Cas+20; Ara+20] to leverage the unannotated images for improved model
performance.

Each image contains multiple bounding boxes marking individual vessel
elements. With the extended dataset, a total of 118,287 annotated bounding
boxes have been created across the 1,614 images.

While the dataset is relatively large, all images were digitized using a single
microscope (Zeiss Axioscan 7). Variability within the dataset arises from
factors such as differences in staining during sample preparation and bright-
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ness adjustments introduced during image digitization. This uniform imaging
setup ensures consistency but may limit the generalizability of models to data
collected under different imaging conditions.
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Figure 3: Visualization of the distribution of images across different classes in the
dataset. This chart illustrates the number of annotated vessel elements for
each image type. The genera were abbreviated with the first four letters.

The dataset also presents a challenge in the variation of bounding box
distributions across genera. For example, images of Hevea typically contain
only a few bounding boxes, while other genera, such as Eucalyptus, may feature
hundreds of annotated vessels in a single image. Addressing this disparity
requires careful handling during training to ensure balanced performance
across all classes.

As previously mentioned, each image in the dataset consists of five focal
levels. These levels highlight different morphological features of the vessel
elements. Figure 4 illustrates how the focal plane influences the visibility of
specific structures.

Figure 4: Comparison of focal levels for a single vessel element from the genus Euca-
lyptus. Depending on the focal level, distinct features such as vessel-ray pits
or inter-vessel pits come into focus. Scale bar = 100µm.

Unlike classification, which relies both on internal (e.g. pits) and external
structures, detection focuses mainly on the overall shape of the vessel to
distinguish it from other objects, such as fibers. As a result, object detection
prioritizes the vessel’s external geometry over finer internal details visible in
different focal planes, as we will demonstrate later.
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3.1.5 Training and validation split

Before training neural networks on the dataset, it is crucial to carefully de-
fine the data-splitting strategy for training and validation. Proper splitting
prevents the model from learning irrelevant patterns or ”wrong” features, a
phenomenon known as data leakage [KN22]. Data leakage occurs when the
model uses information not genuinely predictive of the target variable. For
instance, if images of certain classes are consistently darker, the network might
exploit brightness differences instead of learning meaningful features, leading
to biased and unreliable predictions.

The maceration process described in section 3.1.1 separates wood tissue
into individual cells to enable microscopic examination. While anatomical
features remain consistent at the genus level, there are two main sources of
variation in the samples. First, as wood is a natural product, there is inherent
biological variationwithin species. However, experience shows that diagnostic
features remain reliable for genus-level identification. Second, variations can
arise from differences in individual preparation techniques. To mitigate the
risk of the network learning these preparation-specific artifacts, we ensure
that each genus in the dataset is represented by at least two independent
macerates. Images from these macerates are then split into separate subsets
for training and validation. This approach reduces the likelihood of overfitting
to preparation-specific characteristics and promotes robust generalization to
unseen data.

To achieve statistically reliable results, we employ cross-validation [HTF09],
a widely used technique for evaluating machine learning models. Cross-
validation involves dividing the dataset into multiple subsets (or ”folds”),
training the model on a subset of folds, and validating it on the remaining
ones. This process is repeated so that each fold serves as the validation set
once, with the final performance estimate obtained by averaging results across
iterations.

Fold 1

Fold 2

Fold 3

Fold 4

Groups

Figure 5: This plot shows a 4-fold cross-validation with 6 groups. For simplicity, we
do not consider different classes. Green markers indicate test data, while
blue markers represent training data. Each group appears in exactly one
validation fold, ensuring no group is repeated in the validation set across
folds.

For our dataset, we adopt group-stratified cross-validation. An example is
shown in figure 5. In this method, the data is stratified by class to maintain
consistent class distributions in both training and validation sets. Addition-
ally, we treat each macerate as a distinct group, ensuring all samples from a
single macerate are assigned exclusively to either the training or validation
set. This grouping effectively eliminates data leakage by preventing the model
from learning preparation-specific features, thereby enhancing its ability to
generalize.
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3.2 vessel detection

3.2.1 Image size

The detection step focuses on locating vessel elements within the microscopy
images. Vessel elements contain genus-specificmorphological features, critical
for classification, which require high-resolution images to discern. However,
detection can still be effectively carried out on lower-resolution images, as
previously mentioned.

There are two main strategies to manage high-resolution images:

• Resizing: This approach reduces the image size to fit within the GPU
memory, enabling faster inference. However, this comes at the cost
of some loss in resolution, which could impact the accuracy of vessel
detection.

• Tiling the images [ÜÖÇ19]: This method splits the image into smaller
sections, which allows us to work within the GPU memory limits. How-
ever, tiling results in slower inference times, and additional care is needed
to process vessel elements located at the boundaries between tiles.

In practice, these strategies can be combined with other optimization tech-
niques. One of these methods is Automatic Mixed Precision (AMP) [Mic+18],
which uses 16-bit precision (fp16) for certain operations instead of the stan-
dard 32-bit precision. This reduces memory usage and speeds up computation
without sacrificing accuracy.

Another helpful technique is gradient accumulation. When the image or
batch size is too large to fit into memory, gradient accumulation allows us to
simulate a larger batch size by accumulating gradients over several smaller
mini-batches before updating the model’s weights. This technique enables us
to work with larger batch sizes.

Genus Mean ± Std (px)

Acac 468.92 ± 164.94
Acer 487.43 ± 111.39
Alnu 861.56 ± 281.81
Betu 975.67 ± 296.58
Euca 758.78 ± 244.24
Fagu 741.08 ± 164.35
Heve 1391.43 ± 422.39
Liqu 1471.97 ± 469.98
Popu 813.28 ± 234.92
Quer 701.20 ± 156.86
Robi 382.49 ± 172.01
Sali 646.28 ± 191.09
Schi 1574.52 ± 534.37

Table 1: Vessel element size
statistics (bounding
box dimensions) for
various genera.

Finally, if memory issues persist, other adjust-
ments can be made, such as reducing the batch
size or modifying the model architecture (e.g.,
reducing the number of filters in convolutional
layers).

In our experiments, we examined the size dis-
tribution of vessel elements based on the bound-
ing box dimensions (maximum of width and
height). Table 1 summarizes the mean size (±
standard deviation) for various genera. The av-
erage vessel element size, with the associated
standard deviation, was sufficient for detection
even at a reduced image resolution (10% of the
original). For instance, the genus Hevea had a
mean vessel size of approximately 1391 ± 422
pixels, with other genera like Acer and Quercus
having mean sizes of around 487 ± 111 pixels
and 701 ± 156 pixels, respectively. These sizes
are still large enough for detection at lower res-
olutions.

To put this into perspective, the original image
size is around 32,000 × 54,000 pixels. At 10%
resolution, this corresponds to images that are approximately 3200 × 5400
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pixels. This reduced resolution maintains sufficient detail for vessel element
detection, as the smallest vessels remain identifiable.

As a result, resizing the images, combined with the use of Automatic Mixed
Precision (AMP) and a reduction in batch size, proved to be an effective strat-
egy for training on consumer-grade hardware. We will also show empirically
later in figure 11 that resolutions that are too high are not necessary.

3.2.2 Choice of object detection algorithm

The selection of an appropriate object detection algorithm is crucial for our
study. In the following, we will detail some possible choices.

YOLO (You Only Look Once) [Red+16] is known for its speed and effi-
ciency, thanks to its single-stage detection pipeline. Unlike two-stage detectors
like RCNN [Gir+14], Faster RCNN [Ren+16], and Mask RCNN [He+18],
which generate region proposals and then classify them, YOLO completes
the detection process in one pass. This makes it much faster, which is crucial
for high-throughput applications. Although early YOLO versions were less
accurate, especially for small or overlapping objects, newer versions have sig-
nificantly improved, achieving accuracy that is comparable to or even better
than two-stage models in many cases.

Since its introduction in 2016, YOLO has been widely used for object detec-
tion tasks. Recent versions like YOLOv7 [WBL22], YOLOv9 [WYL24], and
YOLOv10 [Wan+24] show results similar to or better than two-stage detectors
on standard benchmarks. For example, YOLOv7 achieves 56.8% mAP on
COCO, which outperforms a Mask RCNN configuration with InternImage
[Wan+23] (55.3% mAP). Similarly, YOLOv9 and YOLOv10 score 55.6% mAP
and 54.4% mAP, respectively. These results show that modern single-stage
detectors can offer similar or better performance than two-stage models, while
maintaining their speed advantage.

Other single-stage detectors, like SSD (Single Shot MultiBox Detector)
[Liu+16] and RetinaNet [Lin+18], use similar approaches to YOLO but have
become less popular. SSD improved detection of objects at various sizes with
multi-scale feature maps, while RetinaNet addressed class imbalance with Fo-
cal Loss. However, both models have been largely surpassed by YOLO, which
now integrates some of these ideas and provides better overall performance.

Transformer-based models, like DETR (DEtection TRansformer) [Zha+22;
Zha+24], offer a different approach. DETR uses attention mechanisms to
model global relationships in images and eliminates the need for anchor boxes.
While effective in some cases, DETR has practical limitations. It requires more
time to train [Gao+21] and has higher computational demands, especially
when handling high-resolution images typical in microscopy. Additionally,
DETR’s inference speed is slower than YOLO’s, making it less suitable for
applications that need both efficiency and scalability.

Due to its widespread use and strengths in handling large-resolution mi-
croscopy images, we selected YOLOv7 for our baseline study.

3.2.3 YOLO

In the following, we will explain how the YOLOv7 algorithm works and how
we adapted and applied it to our dataset for object detection. We base our
description of YOLO not only on the paper but also on the actual code, which
may account for slight differences between the two. This approach ensures
that our explanation more accurately reflects the underlying implementation.
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Figure 6: Illustration of YOLO’s coordinate decomposition for object detection. The
blue box represents the ground truth bounding box. Here, 𝛿𝑥 = 0.8 and
𝛿𝑦 = 0.3, leading to a predicted object center at (𝑥, 𝑦) = (1.8, 2.3).

Traditional object detection methods like R-CNN first identify regions that
might contain objects and then classify each region separately. In contrast,
YOLO predicts object locations across the entire image in a single pass. YOLO
achieves this by directly utilizing the feature maps produced by convolutional
layers.

The network processes an input image of size W × H × 3 through multiple
layers that progressively reduce the spatial dimensions. This reduction, or
downsampling, is typically achieved through either convolutional layers or
max pooling layers with a stride of 2, where each such layer halves the spatial
dimensions of its input. This is discussed in more detail in section 2.2.2. Com-
mon architectures accumulate five such downsampling operations through
the network, leading to a total stride of 32 (25). For example, with an input
image of 224 × 224, this results in a feature map of size 7 × 7 (224/32 = 7).

Each position in this feature map corresponds to a region in the original
image (in our example with a 224×224 input and 7×7 feature map, each cell
represents roughly a 32×32 pixel region) and is responsible for detecting
objects whose centers fall within that region. When an object is detected, its
position is represented through two components, as shown in figure 6. First,
the grid cell indices (𝑖, 𝑗) indicate which feature map cell contains the object’s
center. Second, the offsets (𝛿𝑥, 𝛿𝑦) specify the precise location within that cell,
where 𝛿𝑥 and 𝛿𝑦 are normalized values between 0 (inclusive) and 1 (exclusive).

More formally, this coordinate decomposition can be understood through
the floor function notation ⌊⋅⌋. For any position (𝑥, 𝑦) relative to the grid
structure, we can decompose it into integer and fractional components:

𝑥 = ⌊𝑥⌋ + 𝛿𝑥, 𝑦 = ⌊𝑦⌋ + 𝛿𝑦 , (9)
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where ⌊𝑥⌋ and ⌊𝑦⌋ correspond to the grid cell indices 𝑖 and 𝑗 respectively,
while 𝛿𝑥 and 𝛿𝑦 represent the offsets within the cell, with 0 ≤ 𝛿𝑥, 𝛿𝑦 < 1.

The mapping between image coordinates and feature map coordinates is
determined by the network’s stride. If 𝑆𝑓 represents the stride of 32, then a
position (𝑥, 𝑦) in the original image corresponds to:

𝑥 = 𝑆𝑓 (⌊𝑥⌋ + 𝛿𝑥) = 𝑆𝑓 (𝑖 + 𝛿𝑥) , 𝑦 = 𝑆𝑓 (⌊𝑦⌋ + 𝛿𝑦) = 𝑆𝑓 (𝑗 + 𝛿𝑦) .

For each feature map position, the network predicts not only the object’s
location but also its dimensions (width and height normalized to the image
size), a confidence score indicating the likelihood of an object being present,
and probabilities for each possible object class. Instead of a single bounding
box per grid cell, the architecture allows for multiple predictions – the number
of bounding boxes per cell, denoted as 𝐵, is a parameter that varies across
different YOLO implementations.

As a result, the output of the network is a tensor of size 𝑆 × 𝑆 × (𝐵 × 5 + 𝐶),
where 𝐵 is the number of bounding boxes per grid cell, 5 refers to the four
bounding box coordinates and the confidence score, and 𝐶 is the number of
classes. In the previous example, 𝑆 = 7, 𝐵 = 1 and 𝐶 = 0.

Loss function

The training process involvesminimizing a custom loss function that addresses
both localization and classification errors. The total loss is expressed as:

𝐿 = 𝐿coord + 𝐿conf + 𝐿class,

where 𝐿coord penalizes inaccuracies in bounding box localization, 𝐿conf mea-
sures the quality of confidence predictions, and 𝐿class accounts for classification
errors.

The coordinate loss 𝐿coord is designed to encourage the predicted bounding
box center and dimensions to closely match the ground truth. It is defined as
[Red+16]:

𝐿coord(𝑏, ̂𝑏) = (𝑥 − ̂𝑥)2 + (𝑦 − ̂𝑦)2 + (√𝑤 − √𝑤̂)2 + (√ℎ − √ℎ̂)2,

where 𝑥, 𝑦, 𝑤, ℎ is a ground truth bounding box 𝑏, and ̂𝑥, ̂𝑦, 𝑤̂, ℎ̂ is the corre-
sponding predicted box ̂𝑏. To better handle scale variations in bounding box
sizes, the square root is applied to the width and height terms.

More recent YOLO versions, including YOLOv7, have adopted Intersection
over Union (IoU)-based losses for localization. The definition is as follows:

𝐿coord(𝑏, ̂𝑏) = 1 − IoU(𝑏, ̂𝑏),

where

IoU(𝑏, ̂𝑏) =
Area of Intersection

Area of Union .

To further improve localization, variants such as Generalized IoU (GIoU)
[Rez+19], Complete IoU (CIoU) [Zhe+21], andDistance IoU (DIoU) [Zhe+19]
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have been proposed. For instance, CIoU incorporates aspect ratio and cen-
ter distance into the loss, providing better alignment between predicted and
ground truth boxes. We will discuss this later in more detail. YOLOv7 uses
CIoU by default.

The confidence loss 𝐿conf optimizes the quality of confidence score predic-
tions. This score represents the likelihood that a bounding box contains an
object. Typically, the confidence loss is formulated using Binary Cross-Entropy
(BCE) applied to the Intersection over Union (IoU) between the predicted
and ground truth bounding boxes:

𝐿conf(𝑏, ̂𝑏) = BCE( ̂𝑜, IoU(𝑏, ̂𝑏)) ,

where ̂𝑜 denotes the predicted confidence. The BCE loss is defined as:

BCE( ̂𝑝, 𝑝) = −(𝑝 ⋅ log( ̂𝑝) + (1 − 𝑝) ⋅ log(1 − ̂𝑝)),

with ̂𝑝 ∈ [0, 1] representing the predicted probability and 𝑝 ∈ {0, 1} indicat-
ing the ground truth label. Intuitively, the predicted confidence ̂𝑝 = ̂𝑜 reflects
how strongly the network believes that the bounding box is valid. When no
object is present at a specific location, 𝑝 = IoU(𝑏, ̂𝑏) is set to 0 (i.e. there is no
overlap with some ground truth box). Refer also to equation (4).

Finally, the classification loss 𝐿class typically uses cross-entropy to ensure
accurate class predictions. However, in our case, classification is not performed
during detection. Instead, it is handled in a subsequent step, where a separate
classifier processes the cropped bounding box patches. We can, therefore, set
𝐿class = 0 and reduce the network outputs to 𝑆 × 𝑆 × (𝐵 × 5).

In the original YOLO model [Red+16], only the final feature map was used
for bounding box regression. In contrast, modern YOLO variants like YOLOv7
[WBL22] leveragemultiple layers of the feature pyramid, enabling the network
to handle objects of varying scales more effectively.

By incorporating predictions from higher-resolution feature maps, modern
variants can better localize small objects, which may be difficult to detect
using only coarse, low-resolution features. At the same time, predictions
from deeper, lower-resolution layers of the pyramid capture context and are
well-suited for detecting larger objects.

This strategy of incorporating multiple feature maps affects the total loss
function 𝐿, which we have previously defined. In models that use a feature
pyramid, the loss is summed across all layers:

𝐿all = 𝐿1 + 𝐿2 + ⋯ + 𝐿𝑛 ,

where 𝑛 is the number of feature maps used, typically 𝑛 = 3 or 𝑛 = 4.
YOLOv7, for example, offers variants with both 3 and 4 feature maps.

Architecture

Table 2 provides a comparison of various YOLOv7 models, evaluated on the
COCO dataset [Lin+15a].

To understand the YOLOv7 architecture, it is important to first mention that
object detectors usually consist of three main components: the backbone, the
neck and the head. The backbone usually consists of a pre-trained classification
network, such as ResNet-18, which extracts hierarchical features from the input
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Model Name #Params #Feature Maps Test Size AP50

YOLOv7-tiny 6.2M 3 416 52.8%
YOLOv7 36.9M 3 640 69.7%
YOLOv7-X 71.3M 3 640 71.2%
YOLOv7-W6 116.2M 4 1280 72.6%
YOLOv7-E6 97.2M 4 1280 73.5%
YOLOv7-D6 154.7M 4 1280 73.8%
YOLOv7-E6E 151.7M 4 1280 74.4%

Table 2: Comparison of YOLOv7 Model Variants. The table presents key characteristics
of each model: the number of parameters (#Params), the number of feature
maps used, the input image size (test size), and the average precision at an
IoU threshold of 50% (AP50) for COCO.

image to form a feature pyramid. These features, which span multiple levels
of resolution, are then processed by the neck, which summarizes and refines
the feature maps. Finally, the head creates the actual predictions, including
bounding box coordinates and class labels.

The backbone in YOLOv7 is based on CSPDarknet [Wan+19a], an enhanced
version of the Darknet architecture [RF18]. Darknet is similar to ResNet
through its use of residual connections. The main difference between the
two architectures is that Darknet employs both 1×1 and 3×3 kernels, whereas
ResNet primarily relies on 3×3 kernels. Additionally, Darknet features opti-
mized filter sizes and number of layers specifically tailored for object detection.

Base layer

Part 1 Part 2

Dense Block

Transition Transition

Output

Figure 7: Architecture of CSPDenseNet showing the cross stage partial connections
with dense block integration. The design splits the feature maps to create a
more efficient gradient flow path. Adapted from Wang et al. [Wan+19a].

CSPDarknet introduces Cross-Stage Partial (CSP) connections to the stan-
dard Darknet architecture, which enhance gradient flow during training while
reducing computational overhead. This module is notably implemented in
YOLOv4 as CSPDarknet53 [BWL20] and in YOLOX/YOLOv5 as a variant
of that design [Ge+21b]. The CSP approach is to split feature maps at the
beginning of each stage into two paths: one traverses the dense block (con-
taining internal residual connections based on concatenation), while the other
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bypasses it entirely. These paths are subsequently concatenated at the end.
Therefore, it is a hybrid architecture that combines the strengths of both ResNet
and DenseNet. Figure 7 visualizes this approach.

YOLOv7 extends the CSP concept through its implementation of Extended
Efficient Layer Aggregation Networks (E-ELAN), which is a modification of
the standard ELAN architecture introduced by Wang, Liao, and Yeh [WLY22].
E-ELAN primarily differs from CSP by incorporating additional layer stacking,
which increases the network’s depth. In YOLOv7, variants with four feature
maps utilize E-ELAN, while those with three feature maps employ the simpler
ELAN, with less layers.

To reduce computational costs in the backbone, the YOLOv7-tiny variant
employs max pooling for spatial downsampling, while other variants rely on
strided convolutions. Additional differences include variations in filter sizes
and the number of convolutional layers.

The neck of YOLOv7 integrates a Path Aggregation Network (PANet)
[Liu+18], which enhances feature fusion across different levels of the back-
bone. By aggregating features across multiple layers, PANet improves the
network’s ability to capture both fine-grained details and broader contextual
information. Unlike the standard Feature Pyramid Network (FPN) [Lin+17],
which includes only a top-down path, PANet introduces an additional bottom-
up path for more effective feature aggregation. To aggregate features from
different layers, the top-down path uses downsampling through strided con-
volutions or max pooling, while the bottom-up path employs upsampling. In
YOLOv7, nearest neighbor interpolation is used in the bottom-up path, and
strided convolutions are used in the top-down path.

Finally, the head of YOLOv7 generates predictions for object locations and
classes. YOLOv7 uses a coupled head, similar to YOLOv3 through YOLOv5.
This means there is a single convolutional pathway that produces the 5 + C
outputs. In contrast, YOLOX introduced a decoupled head [Ge+21b]. It splits
the 5 + C outputs per bounding box into two separate convolutional paths:
one for bounding box coordinates (5 outputs) and another for classification
(C classes). However, since we use a separate classifier for vessel detection, in
our case a decoupled head is unnecessary, as only a single branch is needed.

While the architectural principles behind the different YOLOv7 variants
are fundamentally the same, there are also many small differences apart from
number of layers and filter sizes. Notably, models trained on images of size
1280x1280 incorporate an auxiliary head with deep supervision, adding an
extra loss term to guide training and improve performance. Since YOLOv7
builds on earlier versions like Scaled-YOLOv4 [WBL21], the code base also
contains other undocumented changes.

3.2.4 WoodYOLO

Although YOLOv7 worked well as a baseline for vessel detection, it was not
fully optimized for our specific needs. The complexity of YOLOv7’s code-
base made it difficult to identify which parts of the architecture were most
effective for our application. As a result, we decided to systematically rewrite
YOLOv7, evaluating each component to determine which changes truly im-
proved performance. The outcome of this process is WoodYOLO – a cleaner,
more efficient version of YOLOv7, incorporating only the modifications that
made a significant impact on performance.

WoodYOLO retains the basic output structure of YOLOv7, with dimensions
𝑆 × 𝑆 × (𝐵 × 5 + 𝐶). However, we set 𝐵 = 1 and 𝐶 = 0, meaning each grid
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cell predicts a single bounding box without class labels. This simplification is
possible because the classification task is handled separately by a dedicated
classifier, removing the need to include it in the detectionmodel. The reduction
in bounding boxes is motivated by several key considerations.

In YOLOv7, the 𝐵 bounding boxes correspond to anchor boxes – predefined
bounding box shapes optimized for a specific dataset using methods like
clustering. These anchor boxes simplify bounding box prediction by requiring
the model to predict only offsets relative to the predefined widths and heights.
However, determining these optimal anchor boxes requires dataset-specific
clustering, which introduces additional complexity. By limiting the model to
a single bounding box per grid cell, WoodYOLO eliminates the need for this
step. Instead, the width and height of the bounding box are directly predicted
by the network.

Additionally, research such as YOLOX [Ge+21b] has shown that removing
anchor boxes can improve detection performance. This finding suggests that
multiple anchor boxes per grid cell may not be necessary. Anchor boxes were
initially essential when the original YOLO architecture used only a single
feature map (e.g., 15 × 15) for detection. Modern versions of YOLO, however,
leverage feature pyramids, which combine predictions from multiple feature
maps at different scales.

For instance, when processing an image of size 2048 × 2048, the network
typically uses three feature maps of sizes 256 × 256, 128 × 128, and 64 × 64. The
total number of bounding boxes across these maps is:

Total bounding boxes = 2562 +1282 +642 = 65536+16384+4096 = 86016 .

In YOLOv7, this number is further multiplied by 𝐵, typically 𝐵 = 3 or 𝐵 = 5,
resulting in a large number of predictions. In contrast, the original YOLO
[Red+16] used only a single 7 × 7 feature map with 𝐵 = 2, yielding a total of
98 theoretical boxes. While this small number of predictions was sufficient for
the simpler tasks of early object detection models, it would be inadequate for
most modern applications.

Finally, reducing the number of bounding boxes also simplifies the loss
function. Anchor-based methods require matching ground truth boxes to the
best-fitting anchors, which significantly increases computational overhead
during training. WoodYOLO avoids this bottleneck, leading to faster training
and a more efficient overall pipeline.

Network outputs

The removal of anchor boxes in WoodYOLO necessitated adjustments to how
we define and interpret the network’s outputs, particularly for bounding box
dimensions within grid cells. Apart from generalizing YOLOv7’s approach
for normalized coordinates ( ̂𝑥, ̂𝑦) and confidence scores ( ̂𝑜), we also introduce
important modifications to accommodate our anchor-free design.

Each feature map 𝑓 produces five outputs per grid cell, corresponding to the
bounding box’s center coordinates, dimensions, and confidence score. For a
single grid cell at location (𝑖, 𝑗) within a feature map 𝑓 of dimension 𝑔𝑤 × 𝑔ℎ × 5,
the outputs are defined as:
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̂𝑥 = 𝑆𝑓 (𝑖 + 𝛼𝜎(𝑓𝑖,𝑗,1) + 𝛽) ,

̂𝑦 = 𝑆𝑓 (𝑗 + 𝛼𝜎(𝑓𝑖,𝑗,2) + 𝛽) ,

𝑤̂ = 𝜎(𝑓𝑖,𝑗,3)𝛾 ⋅ 𝑔𝑤 ⋅ 𝑚𝑤,

ℎ̂ = 𝜎(𝑓𝑖,𝑗,4)𝛾 ⋅ 𝑔ℎ ⋅ 𝑚ℎ,
̂𝑜 = 𝜎(𝑓𝑖,𝑗,5),

where 𝑓𝑖,𝑗,𝑘 is the 𝑘th raw output of the neural network at grid cell (𝑖, 𝑗)
and 𝜎(⋅) ∈ [0, 1] is the sigmoid activation function (see equation (3)). 𝑆𝑓
represents the stride of the featuremap 𝑓. Here, 𝜎(𝑓𝑖,𝑗,1) and𝜎(𝑓𝑖,𝑗,2) correspond
to 𝛿𝑥 and 𝛿𝑦 in equation (9).

The scalars 𝛼 and 𝛽 control the flexibility of the grid boundaries, while 𝛾 is
an object size bias. The parameters 𝑚𝑤 and 𝑚ℎ define the maximum allowed
size of the bounding boxes relative to the image dimensions.

Since we have an estimate of the typical size of the objects (vessels), we
introduced the parameters 𝑚𝑤, 𝑚ℎ ∈ [0, 1] to limit the size of the predictions
and prevent them from being unreasonably large.

As shown in table 1, the average maximumwidth or height of a vessel in our
dataset is approximately 1600 pixels. Given an image size of 32000 × 54000,
this means a vessel would occupy at most 10% of the image dimensions.
Thus, setting 𝑚𝑤 = 𝑚ℎ = 0.1 serves as an appropriate initial choice for these
hyperparameters.

YOLO9000 [RF16] and YOLOv3 [RF18] used coordinate transformations for
𝑥 and 𝑦 as 𝑖+𝜎(𝑓𝑖,𝑗,1) and 𝑗+𝜎(𝑓𝑖,𝑗,2), respectively. However, this approach con-
strained objects to always fall within the grid cells. To address this, YOLOv4
[BWL20] introduced a multiplicative factor, allowing the predicted center
point to extend beyond the boundaries of its grid cell, thus improving local-
ization flexibility. Later, YOLOv7 added a shifting factor to adjust the starting
point of the coordinate range, further enhancing flexibility.

Here, we use a generalized form of this transformation, where the user can
set two hyperparameters, 𝛼 and 𝛽. This transformation maps the offsets from
the range [0, 1] to a more flexible range [𝛽, 𝛼 + 𝛽].

For YOLOv7, the parameters are set to 𝛼 = 2 and 𝛽 = −0.5. This means
that the center of coordinates can extend half a cell to the left (−0.5) and
one and a half cells to the right (+1.5). Therefore, out of bound solutions
are also possible. If we were to set 𝛼 = 2 and 𝛽 = 0, the center can shift
by up to two grid cells to the right, but this approach would introduce even
more asymmetry and directional bias. Mathematically, the theoretical width
maximum for 𝛼 and 𝛽 is 𝛼 = 𝑔𝑤−1 and 𝛽 = −𝑖. This would allow the predicted
bounding box center to be in the entire grid. However, such large values can
destabilize the training process by making the model overly flexible, leading
to poor convergence.

In our dataset, some vessels have bounding boxes that are very close to
each other. By using an extended range for the coordinate transformations,
the model can theoretically have two grid cells adjacent to each other both
predicting the same bounding box, differing only in the predicted size of the
bounding box. This helps the model effectively handle objects that are tightly
clustered together or close to grid boundaries. This is especially useful for
smaller feature maps.

For the width and height predictions (𝑤̂, ℎ̂), we set 𝛾 = 2 as is also done in
YOLOv7. This approach helps to bias the network towards smaller predictions,
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which is particularly useful when dealing with small object sizes. For example,
if the ground truth value is 0.4, but the network predicts 0.45, squaring the
output results in 0.452 = 0.2025, which is a significant deviation from the
true value. However, if the ground truth is 0.9, and the network predicts 0.95,
squaring the output gives 0.952 = 0.9025, which is much closer to the true
value. In the case of small values, even a small error (such as a 0.05 difference)
leads to a substantial deviation when squared, as seen from 0.42 vs 0.452. This
approach is similar to the one used in the original YOLO [Red+16], where the
loss function 𝐿coord(𝑏, ̂𝑏) incorporates the square root of the width and height
for bounding box predictions.

Loss function

In our model, we adopt the standard loss functions for coordinate prediction,
𝐿coord, and confidence prediction, 𝐿conf, as used in YOLOv7. However, unlike
YOLOv7, which relies exclusively on the fixed cIoU (complete IoU) loss for
bounding box regression, we introduce flexibility by allowing the user to
choose from different IoU loss variants. This flexibility allows the loss function
to be tailored to specific datasets, as the choice of IoU loss can influence
performance by incorporating dataset-specific characteristics. Table 3 provides
a comparison of different IoU loss variants and their respective use cases.

Loss
Name

Use Case Implementation

IoU Best for clearly visible objects that
typically have good overlap with
ground truth.

IoU computes the ratio of intersection to
union of predicted and ground truth boxes.

GIoU
[Rez+19]

Handles cases where predicted and
ground truth boxes have zero ormin-
imal overlap.

Extends IoU by considering the smallest
enclosing box, enabling gradients for non-
overlapping cases.

DIoU
[Zhe+19]

Crowded scenes with multiple over-
lapping objects.

Enhances IoU by adding a penalty for the
distance between predicted and ground
truth box centers.

CIoU
[Zhe+21]

Ensures better alignment of object
centers and aspect ratios.

Combines IoUwith penalties for center dis-
tance and aspect ratio differences.

Table 3: Comparison of IoU Loss Variants. The table outlines specific use cases and
implementation details for different IoU loss types.

In some cases, the complete IoU may not be the optimal choice, particularly
when the aspect ratio between the predicted and ground truth bounding boxes
is not as important or is relatively consistent. For our application, where the
goal is to identify as many objects as possible, a slight mismatch in bounding
box size is not critical. In such cases, alternative variants like GIoU or DIoU
may lead to better results by not focusing as much on achieving a perfect
aspect ratio.

An important aspect of the loss computation involves determining which
predicted boxes are used for IoU calculations. YOLOv7 follows a two-step
approach: first, it selects the anchor corresponding to the ground truth box’s
position in the grid, defined as (𝑖, 𝑗) = (⌊𝑥⌋, ⌊𝑦⌋). Second, it applies multi-
positives (also known as center sampling) [Ge+21b; Tia+19] to include addi-
tional neighboring boxes in the assignment process. While this strategy can be
effective, YOLOv7 fixes the selection process, offering no user configurability.

In contrast, our WoodYOLO model introduces a novel configurability, al-
lowing users to define the number of neighboring boxes to include. This
user-defined flexibility supports three configurations.
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Configura-
tion

Grid Description

0 Neighbors
⋅ ⋅ ⋅
⋅ � ⋅
⋅ ⋅ ⋅

Only the ground truth box (�) is selected for
loss computation.

2 Neighbors
⋅ � ⋅
⋅ � �
⋅ ⋅ ⋅

The ground truth (�) plus two adjacent boxes
(�) in vertical and horizontal directions.

4 Neighbors
⋅ � ⋅
� � �
⋅ � ⋅

The ground truth (�) plus all four adjacent
boxes (�) in cardinal directions.

Table 4: Neighbor selection configurations for loss computation. The black square (�)
represents the ground truth box position, white squares (�) show selected
neighboring boxes, and dots (⋅) indicate unused grid cells.

In table 4, ”�” represents the original ground truth bounding box, while ”�”
indicates the neighboring boxes that are incorporated into the loss calculation.
Cells marked with ”⋅” are not involved in the computation. In the 0 neighbors
configuration, the loss 𝐿coord is computed exclusively for the original ground
truth box ”�”, without considering any neighboring boxes (”�”). For the 2
neighbors configuration, the closest neighboring boxes along the horizontal
and vertical directions are included in the calculation. In the example provided,
this corresponds to the boxes immediately to the right and above the ground
truth box. Finally, in the 4 neighbors configuration, the bounding boxes from
all non-diagonal directions are considered alongside the ground truth box.

Object detection involves a one-to-many relationship, where a single ground-
truth box can correspond to multiple valid predicted boxes; this strategy aims
to replicate that relationship within the loss function. It is important to note
that this process does not alter the number of bounding boxes generated by
the model, which remains defined by the feature map dimensions. Instead,
it only influences the loss function during training, leaving the prediction
process unchanged.

After selecting candidate bounding boxes, filtering can be applied through
label assignment strategies to again reduce the number of valid boxes per
object. We experimented with state-of-the-art techniques such as Optimal
Transport Assignment (OTA) [Ge+21a], SimOTA [Ge+21b], and Task Align-
ment Learning (TAL) [Fen+21]. These methods aim to optimize the matching
between ground truth and predicted boxes. However, in our experiments,
they did not yield significant improvements for our specific application and
incurred a noticeable decrease in training speed due to the computational
cost of the filtering step. Moreover, TAL is incompatible with our framework
because it relies on classification predictions, which are absent in our pipeline.
Consequently, we omit a formal description of these methods.

Architecture

To adapt and optimize YOLOv7 for our vessel detection task, we adopted the
common approach that redefines the architecture into three distinct compo-
nents: the backbone, neck, and head. This modularity allows us to experiment
with alternative designs for each component and tailor them to our specific
requirements, as opposed to relying solely on the monolithic YOLOv7 struc-
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Figure 8: Backbone architecture. (a) The backbone architecture uses stacked Concat-
Blocks and max pooling operations to generate multi-scale features. (b) The
ConcatBlock structure combines features through multiple parallel pathways
with dense connections to the concatenation node.

ture. This flexibility also enables precise evaluation of the contributions of
individual components to overall performance.

We began with the YOLOv7-tiny backbone due to its simplicity and compu-
tational efficiency, especially given our need to process high-resolution images
within GPU memory constraints. However, several modifications were made
to better suit our dataset and goals.

The LeakyReLU activation used in YOLOv7-tiny was replaced with ReLU,
as it showed better results and is also used more in general in datasets like
ImageNet. Additionally, in the original YOLOv7-tiny architecture, the neck
and head components were closely integrated. We have explicitly separated
these components to enable independent tuning and evaluation. Furthermore,
we reformulated YOLOv7’s ELAN blocks as, what we call, ConcatBlocks.
Although the module remains functionally equivalent to ELAN, this reformu-
lation provides a clearer andmore explicit representation of its implementation
within the architecture. Refer to figure 8b for the detailed structure of the
ConcatBlock.

Each ConcatBlock uses 1×1 convolutions to adjust the dimensions of fea-
ture maps, followed by concatenation to maintain information flow. When
compared to figure 7, this approach aligns with the cross-stage partial (CSP)
connection concept.

By stacking multiple ConcatBlocks and incorporating max pooling, we can
construct the backbone. This backbone is versatile and can also be applied to
other domains, such as ImageNet classification. The structure is illustrated
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in figure 8a. Each convolution is combined with a batch normalization and a
ReLU activation.

The backbone generates four feature maps (𝑓1, 𝑓2, 𝑓3, 𝑓4), of which we uti-
lize only the latter three. While 𝑓1 could theoretically improve detection of
extremely small objects, our experiments showed no significant performance
benefit from its inclusion. The combination of 𝑓2, 𝑓3, and 𝑓4 provides sufficient
coverage for all relevant bounding box scales in our application.

𝑓4 c + c + c c u + b c u +
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Figure 9: YOLOv7-tiny’s neck architecture based on PANet. The three inputs 𝑓2, 𝑓3, 𝑓4
from the backbone are taken as input, and then refined to 𝑓2, 𝑓3, 𝑓4. ”c” =
Convolution with BN and ReLU, ”+” = Concatenation, ”m” = MaxPooling,
”u” = Upsampling, ”b” = ConcatBlock. Adapted from [Nie+24c].

The neck architecture adopts a bidirectional path aggregation strategy, char-
acterized by a unique L-shaped structure, as depicted in figure 9. It processes
three input feature maps (𝑓2, 𝑓3, and 𝑓4) and produces refined outputs (𝑓2, 𝑓3,
and 𝑓4), with spatial resolutions decreasing from 𝑓2 to 𝑓4. This refinement lever-
ages two interconnected paths: a horizontal path for upsampling (moving
from 𝑓4 to 𝑓2) and a vertical path for downsampling (moving from 𝑓2 to 𝑓4).

The horizontal path initiates the refinement process, starting with a feature
enhancement block applied to 𝑓4, the smallest input feature map. This block
consists of three parallel max pooling layers (”m” blocks) with different kernel
sizes and carefully adjusted padding to maintain the same spatial dimensions.
This design ensures effective feature extraction from 𝑓4, which, despite being
the smallest featuremap, is quite large. For instance, when processing an input
image of size 2048×2048, the feature maps are sized 256 × 256 (𝑓2), 128 × 128
(𝑓3), and 64 × 64 (𝑓4). The extracted features are then processed through a
sequence of convolution blocks (”c” blocks) incorporating convolution, batch
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normalization, and ReLU activation. These blocks, combined with nearest-
neighbor upsampling layers (”u” blocks), progressively refine and integrate
features across increasing spatial resolutions.

In contrast, the vertical path follows a downsampling approach to comple-
ment the horizontal path. This path employs ”c” blocks with varying stride
sizes to systematically reduce spatial dimensions, aggregating multi-scale
features. Each output feature map is further refined by a ConcatBlock (”b”
block), which enhances its feature representations by fusing information from
multiple layers.

YOLOv7’s neck architecture draws inspiration from PANet, enhancing the
original design by combining the FPN’s top-down path with an additional
bottom-up path. The integration of these paths is facilitated through strategic
concatenation operations (”+”), allowing feature fusion across scales. As
a result, the refined feature maps has both detailed spatial information and
high-level semantic context.

Finally, this information is used in the form of refined feature maps (𝑓2, 𝑓3, 𝑓4)
in the subsequent detection head. It follows a simple design pattern and pro-
cesses each refined feature map independently. For each input, a convolution
block with batch normalization and ReLU activation is first applied to expand
the channel dimensionality, followed by a 1×1 convolution that produces the 5
final detection outputs: ̂𝑥, ̂𝑦, 𝑤̂, ℎ̂, ̂𝑜. This is the standard structure of a coupled
head.

Metric

The predominant metric for evaluating object detection performance is mean
Average Precision (mAP), which provides a single score that captures both
precision and recall across different confidence thresholds. The Average Pre-
cision (AP) for a single class is defined as the integral of the precision-recall
curve [Eve+10]:

AP = ∫
1

0
𝑝(𝑟)𝑑𝑟

where 𝑟 represents recall and 𝑝(𝑟) is the precision at that recall level. In
practice, this integral is approximated using eleven equally spaced recall
points to create a discrete summation. The computation of these metrics
relies on defining what constitutes a ”correct” detection using the Intersection
over Union (IoU) metric, which measures the overlap between predicted
and ground truth bounding boxes. A detection is considered correct (a true
positive) only if the IoU exceeds a predetermined threshold, traditionally set
at 0.5.

While mAP has become the de facto standard in object detection evaluation,
our initial experiments revealed several limitations for vessel detection in
microscope images. In our application, minor variations in bounding box
placement do not significantly impact the utility of the detection. The standard
threshold of 0.5 proved too stringent, particularly given the errors in ground
truth annotations.

Furthermore, mAP treats precision and recall with equal importance, which
doesn’t align with our application requirements. In vessel detection, achieving
high recall is more important, as missing vessels (false negatives) is more prob-
lematic than detecting spurious objects (false positives). This is particularly
relevant since false positives can be filtered out in subsequent classification
steps, while missed vessels cannot be recovered. We also observed cases where
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Figure 10: Comparison of predicted bounding boxes (blue) and ground truth boxes
(green). A high IoU threshold can result in both predicted boxes being
rated as errors. (A) The overlap is below 0.5. Due to incorrect annotations,
the predicted bounding boxes are sometimes more accurate. (B) Imperfect
prediction as the end of the object (vessel element) is not detected. From:
[Nie+24c].

predicted bounding boxes were actually more accurate than the ground truth
annotations, yet the rigid evaluation scheme of mAP would penalize such
cases despite their practical utility. Figure 10 shows an example of two cases
where an IOU threshold of 0.5 would lead to harsh evaluation results.

After using mAP in the baseline YOLOv7 model, we transitioned with our
WoodYOLO model to the F2 score as our primary evaluation metric. The F2
score belongs to the family of F-beta measures, which provide a weighted
harmonic mean of precision and recall. The general formula for F-beta score
is:

𝐹𝛽 = (1 + 𝛽2) ⋅
precision ⋅ recall

(𝛽2 ⋅ precision) + recall
where 𝛽 represents the relative importance of recall to precision. For our

specific case, we use 𝛽 = 2 which means that recall is weighted more than
precision. This decision aligns with our objective to prioritize the detection of
vessels (minimizing missed detections) over avoiding false positives.

The precision and recall values are computed using:

precision =
TP

TP + FP , recall =
TP

TP + FN
where TP, FP, and FN represent true positives, false positives, and false

negatives respectively, determined using an IoU threshold of 0.3.
This modified evaluation approach better serves our specific use case, where

the primary goal is to identify all vessel elements while accepting that false
positives can be handled through subsequent processing steps. The lower IoU
threshold of 0.3 acknowledges that perfect alignment with ground truth boxes
is not essential for our application, and partial overlap is often sufficient for
practical purposes. The more lenient threshold also makes the metric more
robust to variations in annotation style and quality, providing a more realistic
assessment of model performance.

3.3 vessel classification

After identifying the vessel elements in our images, the next step is to classify
them into their respective genera. Compared to the complexities of object
detection, this task is more straightforward since the input consists of an image
patch and a classification label. As a result, specialized loss functions ormodels
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are unnecessary, and we can rely on standard neural network architectures
for training.

3.3.1 Image Preprocessing

A primary challenge in vessel classification is the significant variation in im-
age sizes, as detailed in Table 1. Neural networks require inputs of uniform
dimensions within a batch. Although it is technically possible to address
size variability by using a batch size of 1, this approach is impractical due to
the resulting slow training speeds and unstable gradient updates. With over
100,000 images in our dataset, efficient training necessitates larger batch sizes.
Another reason is the use of batch normalization layers in most architectures
(section 2.1.3).

To standardize image inputs for the network, we propose several prepro-
cessing approaches:

• Direct Resizing: Resizing all images to a fixed target size without main-
taining aspect ratios. While this method is computationally simple and
widely used (e.g., in ImageNet), it risks introducing distortions that may
compromise features critical for genus classification.

• Resizing with Padding: Images are resized to match a target dimension
(e.g., 800 pixels on the longer side) while preserving their aspect ratios.
The shorter side is then padded with zeros to create a square image. For
images that are already smaller than the target dimension, no resizing is
performed, just padding. This method avoids distortions and ensures
that structural integrity is maintained.

• Padding Only: Images are padded to the size of the largest image in
the batch. This approach retains original size-based features, which
may provide additional classification cues, but significantly increases
memory consumption due to the inclusion of empty pixels.

Another consideration is the color properties of the images. Vessel elements
are stained with chemical solutions that introduce color variations. To ad-
dress this, we also evaluated the impact of converting images to grayscale.
Grayscale conversion reduces data dimensionality and eliminates potential
biases related to staining colors, ensuring the network focuses on structural
rather than chromatic features. Notably, color is not used by experts for genus
classification.

Many images include multiple focal planes, providing a quasi-3D perspec-
tive of the vessel elements. We explored two strategies for integrating this
information into the model:

• Channel Stacking: Treating focal planes as separate input channels,
similar to RGB color channels, allows the network to process all planes
simultaneously and leverage spatial relationships between them.

• Independent Processing: Treating each focal plane as an independent
image and aggregating predictions across planes, for example, by aver-
aging the classification probabilities. This approach is simpler and may
reduce computational requirements.

Due to the limited number of 5 focal planes, employing a 3D convolutional
neural network (CNN) is not advantageous. A kernel of size 3 × 3 × 3 would
rapidly traverse the depth axis, offering little benefit for feature extraction.
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It is important to note that preprocessing has different implications for ob-
ject detection and classification tasks. In object detection, the primary goal
is to locate vessels, which can tolerate some distortions or variations in color
without significantly impacting performance. For classification, however, pre-
serving the fine structural details of the vessel elements is critical to distinguish
between genera.

3.3.2 Choice of architectures

Recent research has highlighted important considerations that inform our
architecture selection strategy. While ImageNet performance has traditionally
guided architecture choices, multiple studies demonstrate that ImageNet
accuracy does not reliably predict performance on real-world tasks [FKS23;
Nay+22]. This finding is particularly relevant for ourwork, aswe aim to solve a
practical classification problem rather than compete on standard benchmarks.

The relationship between model architecture and real-world performance
requires careful consideration. Vision Transformers (ViTs) [Dos+21] have
emerged as a powerful tool for visual recognition, generating significant in-
terest in the research community. However, recent comprehensive studies
have revealed a more nuanced picture. [Bai+21] demonstrated that when
compared under fair experimental conditions with similar model capacities,
well-designed CNNs can match Transformers in adversarial robustness when
properly implementing Transformer training techniques. [Gol+23] further
supports this finding through extensive experiments across diverse computer
vision tasks, showing that well-designed convolutional neural networks pre-
trained through supervised learning often demonstrate superior performance.
More recent work by [VSL24] provides additional insights, revealing that
supervised ConvNeXt architectures not only compete well with CLIP-based
models [Rad+21] in transferability but also demonstrate superior performance
on ImageNet robustness benchmarks and better calibration compared to ViT
counterparts.

Given these insights, we adopt an empirical approach to architecture selec-
tion that prioritizes proven architectures with different strengths. Our primary
choice is ConvNeXt, which has demonstrated exceptional performance across
various tasks [Gol+23] and shows superior performance on synthetic data
while maintaining strong transferability comparable to CLIP models [VSL24].
We also include DenseNet-121 [HLW16], whose dense connectivity pattern
through direct connections from any layer to all subsequent layers offers poten-
tial advantages in feature reuse and information flow. The classical ResNet-34
[He+15a] architecture is included as it represents a fundamental approach
to deep learning through skip connections, which has influenced numerous
subsequent designs. Finally, we evaluate EfficientNet [TL19], which showed
strong performance in the Battle of the Backbones [Gol+23] study while main-
taining computational efficiency through its compound scaling approach.

While the timm repository [Wig19] currently contains 1,446 architecture
variants, exhaustively evaluating all options would not be practical or neces-
sarily beneficial. This is particularly relevant given recent findings by [VSL24]
showing that models with similar ImageNet accuracies can exhibit substan-
tially different behaviors in terms of error types, calibration, transferability, and
feature invariance. Furthermore, as demonstrated by [FKS23], interventions
such as data augmentation can often yieldmore substantial improvements than
marginal architectural refinements. Therefore, our selection strategy focuses
on these representative architectures that span different design philosophies
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and have demonstrated robust performance across various evaluation metrics
beyond simple ImageNet accuracy.

3.3.3 Metrics

Selecting the right metric to evaluate classification performance is crucial,
particularly in the context of imbalanced datasets like ours. While accuracy is
a commonly used metric, it is insufficient for this task due to its bias toward
classes with a larger number of samples. For example, in our dataset, the genus
Hevea typically has only a few vessel elements per image, whereas Populus
and Fagus often contain hundreds. A metric focused solely on accuracy would
undervalue the performance on Hevea, as misclassifications in this minority
class would have a negligible impact on the overall score.

To address this challenge, we employ macro-averaged F1 score (Macro F1)
as our primary evaluation metric. Macro F1 averages the F1 scores across all
classes, giving equal importance to each class regardless of its sample size.
This metric is particularly effective for highlighting the classifier’s performance
on rare or minority classes, making it well-suited for our imbalanced dataset.
It is calculated as:

Macro F1 =
1
𝑛

𝑛
∑
𝑖=1

2 ⋅ Precision𝑖 ⋅ Recall𝑖
Precision𝑖 + Recall𝑖

,

where 𝑛 is the number of classes, and Precision𝑖 andRecall𝑖 are calculated for
each class 𝑖. Notably, this is the same metric we use for object detection, albeit
with a key difference: in classification, we set 𝛽 = 1 (equal weight to precision
and recall), whereas in object detection, such as in our WoodYOLO model, we
use 𝛽 = 2 to prioritize recall. Another metric related to Macro F1 is Micro F1,
which treats the entire dataset as a single pool, summing true positives, false
positives, and false negatives across all classes before computing the F1 score.
While this approach simplifies evaluation, it heavily favors majority classes, as
shown by [OB21], leading to misleadingly high scores for imbalanced datasets.
Therefore, we use Macro F1 for our application.

Additionally, we incorporate the confusion matrix to gain a more detailed
understanding ofmodel performance. The confusionmatrix provides granular
insights into the classifier’s behavior, showing not only the true positives
(diagonal elements) but also the types of misclassifications (off-diagonal
elements). This enables us to identify specific classes that are frequently
confused, offering opportunities for targeted improvements in the model’s
architecture or training process.

3.4 evaluation

After developing our system, which includes a detector to identify vessels
and a classifier to determine their genera, we proceed to evaluate its perfor-
mance. We begin by analyzing the baseline model, utilizing YOLOv7 and the
selected architectures for classification. Next, we assess our newly developed
WoodYOLO to quantify its improvements.

For evaluation, we use a subset of 321 images containing 27,842 vessels.
Although smaller than the complete dataset presented in figure 3, this subset
was available at the time of the initial study. Despite this limitation, the dataset
remains robust, as it includes nearly 30,000 vessels, allowing for statistically
significant results.
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We employ a cross-validation strategy, as previously discussed. The re-
ported values represent averaged results across folds. Additionally, we use an
independent test dataset comprising unseen images. Cross-validation results
guide parameter tuning, while the test dataset provides a final assessment of
model performance.

3.4.1 Baseline

Detection

Our initial experiments with YOLOv7 models revealed that larger models
did not necessarily yield better performance. While the larger model sizes
ranged from 70.4 million parameters (W6) to 151.7 million parameters (E6E),
increasing model capacity not only failed to improve detection performance
but also introduced training instability and memory constraints on consumer-
grade GPUs. Since the vessels in the microscope images can be identified
primarily by their shape and other low-level features, large feature extractors
are not necessary for effective detection. However, if our detector were to
include a classification step, the requirements might differ.

For the remainder of the experiments, we used the YOLOv7-W6model. This
model utilizes four feature maps and was pretrained on a resolution of 1280.
Compared to other models pretrained at the same resolution, it had lower
GPU requirements and could be more easily scaled to higher resolutions.

Image resolution emerged as amore critical factor for detection performance,
as illustrated in figure 11. We use the standard mAP metric for detection in
our baseline model. Increasing the image resolution from 2560 to 6400 pixels
resulted in a 7% improvement in mAP, primarily due to enhanced recall in
identifying vessel elements.
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Figure 11: Impact of image size on mean average precision (mAP) for the validation
dataset (cross validation). Each image is resized to a square, with the ”image
size” representing the height/width in pixels. For example, at a resolution
of 2560×2560, the mAP reaches 0.65. Source: [Nie+24a].
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Beyond a resolution of 5184 pixels, further increases yielded diminishing
returns while significantly increasing computational costs. Both training and
inference times slowed with larger images.

Other hyperparameters, such as learning rate, number of epochs, and gradi-
ent accumulation, resulted in only minor variations in mAP (less than 0.5%).

Figure 12: Mosaic data augmentation, where the blue boxes denote vessel elements.
Source: [Nie+24a].

Our experiments revealed that data augmentation techniques significantly
improved mean Average Precision (mAP). In particular, mosaic augmenta-
tion provided substantial performance gains. Figure 12 demonstrates how
mosaic augmentation works in our dataset, where four training images are
combined into a single training instance. Together with mosaic augmentation,
we implemented several additional techniques: color jittering in HSV (Hue,
Saturation, Value) color space, geometric transformations including image
translation and scaling, and horizontal flips. For a broader discussion of data
augmentation techniques and their theoretical foundations, see section 2.2.5.

After determining optimal hyperparameters, we tested the trained model
on the test dataset, achieving stable results across both validation and test
datasets. The test dataset mAP was 71.85%, with 77.63% precision and 72.98%
recall.

Detection performance varied significantly across genera, as shown in table 5.
For instance, Hevea exhibited low precision (50.60%) but high recall (90.37%),
while genera like Liquidambar and Salix showed the opposite trend. These
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Genus Precision Recall F2
Liquidambar 0.8885 0.6145 0.6549
Salix 0.9109 0.6317 0.6730
Fagus 0.9357 0.6799 0.7192
Populus 0.9578 0.6855 0.7268
Eucalyptus 0.8125 0.7629 0.7723
Hevea 0.5060 0.9037 0.7809
Schima 0.8736 0.8537 0.8576
Betula 0.8961 0.8581 0.8654
Acacia 0.8753 0.8950 0.8910

Table 5: Detection performance for individual genera, ranked by F2 score on the test
dataset.

differences can be attributed to the size of the vessels and their frequency in
the images.

Precision can be improved by increasing the confidence threshold, while
recall benefits from lowering it. Our analysis identified three primary error
sources:

• Dense vessel packing in genera like Fagus and Liquidambar created de-
tection challenges, particularly in areas where vessels overlap or cluster
tightly together

• Images with low brightness resulted in reduced recall, as the model
struggled to distinguish vessel boundaries in poorly illuminated regions

• False positives occurred when fibers morphologically resembled vessel
elements, leading to incorrect detections of non-vessel structures

In real-world wood identification applications, achieving perfect detection
of individual vessel elements is not critical. The key requirement is ensuring
sufficient detection accuracy across the vessel population to enable reliable
genus-level identification. As long as the overall distribution of detected
vessel elements approximates the true distribution, minor errors in individual
detections or classifications remain acceptable for practical purposes.

Classification

We extracted patches from all microscope images using the ground truth
bounding boxes and first evaluated different preprocessing strategies.

Of the three preprocessing approaches introduced earlier, resizing with
padding proved most effective. The padding-only approach, while theoret-
ically preserving all original features, proved impractical due to excessive
memory requirements – with our largest vessels exceeding 3000 pixels, batch
training became impossible even on 40GB GPUs. Direct resizing, though com-
putationally efficient, introduced significant distortions in vessel morphology,
leading to a 1.2% decrease in macro F1 score compared to our resize-with-
padding approach.

After establishing resize-with-padding as our method, we investigated op-
timal target resolutions. As shown in figure 13, increasing resolution from
224×224 to 800×800 pixels improved themacro F1 score by approximately 12%.
Interestingly, further increases showed diminishing returnswhile substantially
increasing computational costs. We hypothesize this plateau occurs because
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Figure 13: Effect of image resolution on the macro F1 score (cross validation). The
”image size” refers to the square height/width in pixels, with a range from
224×224 to 800×800 pixels. A resolution of 800×800 pixels provides the best
balance between performance and computational cost. Beyond this, further
resolution increases yield diminishing returns. Source: [Nie+24a].

most vessel features are captured at 800×800 resolution, with additional pixels
primarily padding empty space. Recall from table 1 that, on average, most
vessels are smaller than 1000×1000.

Following our preprocessing strategy analysis, we evaluated various ap-
proaches to improve accuracy:

• Grayscale Conversion: As anticipated, eliminating color information
improved performance by 1%, confirming our hypothesis that staining
variations potentially introduce noise rather than useful features. While
grayscale conversion does not reduce GPU memory usage, it decreases
the file size of the processed images.

• Focal Plane Integration: Among tested configurations in table 6, indi-
vidual plane processing with prediction averaging achieved optimal
results.

The superior performance of grayscale processing suggests that structural
features, rather than staining characteristics, are the primary drivers of classi-
fication accuracy. This aligns with expert wood anatomist approaches, where
color is rarely used as a diagnostic feature.

Focal plane Macro F1
1st, 2nd, 3rd 0.6669
1st, 3rd, 4th 0.6615
3rd 0.6602
Average 0.7017
Maximum 0.7014

Table 6: Results of focal plane configurations for vessel classification (cross validation).
Averaging predictions yields the highest macro F1 score, while concatenating
focal planes as RGB images (123, 134) or using a single focal plane (3) did not
give good results.

Our focal plane experiments revealed that while concatenating multiple
planes performed similarly to using only plane 3, averaging predictions across
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all planes provided the most robust results. In our approach, different focal
planes serve a similar purpose to test-time augmentation (TTA) [Mos+20]:
each plane provides a unique view of the vessel, capturing complementary
spatial and structural details. By averaging predictions from these distinct
views, we effectively aggregate diverse information, enhancing classification
reliability and robustness.

Architecture Macro F1
ConvNeXt-tiny 0.7017
DenseNet-121 0.6441
ResNet-34 0.5958
EfficientNet-B0 0.6472
EfficientNet-B1 0.6698
EfficientNet-B2 0.6632

Table 7: Architecture experiments (cross validation). The table shows that ConvNeXt-
tiny achieved the highest Macro F1 score.

As anticipated from our architecture discussion, ConvNeXt-tiny achieved
the highest performance. Table 7 shows the results for cross validation.

Similarly, as discussed in the Battle of the Backbones study [Gol+23], Effi-
cientNet has also proven to be a strong choice.

The final model achieved a macro F1 score of 64.61% on the test dataset
(slightly lower than the cross validation results). Analysis of the confusion
matrix (figure 14) revealed expected challenges with morphologically similar
genera:

• Liquidambar-Schima-Fagus group had substantial cross-confusion, with
up to 23% misclassification between pairs

• Populus-Salix showed consistent mutual confusion patterns

These confusion patterns mirror expert classification challenges, particu-
larly for individual vessels lacking distinctive features. While most genera
achieved accuracy exceeding 80%, the challenging groups showed lower per-
formance. By combining frequently confused genera into unified classes, we
achieved over 90% accuracy, though at the cost of reduced taxonomic resolu-
tion. This trade-off between accuracy and taxonomic precision represents a
key consideration for practical applications.

3.4.2 WoodYOLO

Building upon the baseline results, we developed WoodYOLO to improve the
detection accuracy achieved with YOLOv7. In all experiments, we use the
F2 score as the primary evaluation metric, instead of the traditional mean
Average Precision (mAP), to better align with the practical requirements of
vessel detection.

We begin by evaluating the final object detection accuracy. As shown in
table 8, our baseline YOLOv7-W6 achieved an F2 score of 0.783. However, by
switching to WoodYOLO, we observe a 6% improvement, with an F2 score of
0.848. Interestingly, newly developed models like YOLOv10 did not surpass
YOLOv7 in performance. One potential reason for this is YOLOv10’s deci-
sion to eliminate non-maximum suppression, which might have negatively
impacted its ability to handle dense and overlapping objects.
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Figure 14: Confusion matrix showing the predicted versus actual classes (test dataset).
The model struggles with distinguishing between the ”Schima” and ”Liq-
uidambar” genera, misclassifying them in 23% of cases. Similar challenges
arise for other morphologically similar genera like Populus and Salix. This
reflects typical difficulties encountered by human experts in wood anatomy.
Source: [Nie+24a].

Another notable aspect of WoodYOLO is its ability to operate at a lower
image resolution, reducing VRAM requirements. While YOLOv7-W6 required
a resolution of 5184x5184 and an A100 GPU for training, WoodYOLO operates
at 2048x2048, requiring only around 10GB of RAM for training. Therefore, we
could train on higher batch sizes to further improve training stability. We also
tested increasing the resolution to see if it improved performance. Interestingly,
the results plateaued at 2048x2048, where we saw a 5% improvement com-
pared to 1024x1024. However, increasing the resolution further to 4096x4096
resulted in a slight performance decline, suggesting that higher resolutions
are not necessary for this task, which is beneficial for computational efficiency.

The choice of the backbone network was crucial to achieving high perfor-
mance. After evaluating various architectures, we found VGG11-bn to be the
optimal choice. This backbone strikes a balance between model complexity,
parameter count, and memory usage. We discussed VGG11 in more detail in
section 2.2.4. The simplicity of VGG11-bn, particularly the absence of complex
components like skip connections or Squeeze-and-Excitation blocks, comple-
ments the PANet neck, which already incorporates complex features. This
design choice suggests that complex components in the backbone may not be
necessary, as the PANet neck architecture is sufficient for combining features
effectively.

Our optimization experiments, detailed in table 9, revealed several interest-
ing insights. Contrary to conventional object detection practices, increasing
the number of neighboring grid cells during training actually reduced per-
formance. Additionally, switching from the baseline GIoU to CIoU caused a
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Architecture F2 Score

Ours 0.848
YOLOv7-W6 0.783
YOLOv7-tiny 0.723
YOLOv10-M 0.719
YOLOv10-S 0.691

Table 8: Comparison of model architectures based on F2 score.

Component Modification F2 Score Change (%)

Architecture

VGG11-bn (Baseline) 0.00
ConvNeXt-Nano -0.38
EfficientNet-B0 -1.42
RepVGG-A0 -1.78
YOLOv7-tiny -2.04
ResNet-18 -2.65

Training

Standard Training (Baseline) 0.00
CIoU -0.24
No Maximum Size Constraint -0.83
Gradient Accumulation -1.18
2 neighbors -1.70
Mosaic Augmentation -7.31

Table 9: Ablation study: Impact of architectural and training modifications on F2 score.

slight decrease in performance. Overall, we found that the choice of IoU loss
function had a marginal impact, with less than a 1% change in performance.
In the network’s outputs, we define two parameters, 𝑚𝑤 and 𝑚ℎ, which set
the maximum allowed dimensions for the bounding boxes. Removing this
constraint resulted in a slight decrease of 0.83% in the F2 score.

In our experiments, mosaic augmentation showed varying effectiveness
despite its widespread recognition in improving object detection performance.
On general real-world datasets, both the standard YOLOv7 model (pretrained
on COCO) and our WoodYOLO model achieved small gains with this tech-
nique. Yetwhen applied to our specializedwood identification dataset,WoodY-
OLO’s performance decreased substantially by 7-8%. Since the same augmen-
tation technique proved beneficial in other contexts, this decline cannot be
attributed to implementation issues. Instead, it suggests that specialized
domains like wood microscopy may benefit more from domain-specific opti-
mizations than general-purpose augmentation techniques.

WoodYOLO’s superior performance can be attributed to several key de-
sign decisions. We specialized the architecture specifically for vessel localiza-
tion, eliminating unnecessary complexity while preserving essential features.
Rather than optimizing for the traditional mAP metric, we focused on the F2
score, which better aligns with the practical requirements of vessel detection.
The choice of a streamlined backbone network enabled more stable training
and improved scaling characteristics.

While models like YOLOv7 and YOLOv10 excel across diverse applications,
our results highlight the value of domain-specialized architectures. Through
careful optimization of both architecture and training objectives, we achieved
better recall and precision than the base YOLOv7 model.
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Figure 15: Representative error cases in vessel detection. (A) Dense vessel arrangement
in Fagus: Successfully detected vessels (green boxes) alongside missed detec-
tions (blue boxes) in areas of high vessel density. (B) Image quality effects in
Liquidambar: Reduced contrast and brightness leading to missed detections
(blue boxes). (C) Feature similarity in Eucalyptus: False positive detections
(red boxes) caused by cohesive fibers exhibiting vessel-like characteristics.
Scale bars = 200 µm. Source: [Nie+24a].

Despite these improvements, achieving perfect detection remains challeng-
ing, as evidenced by three primary error categories (figure 15). First, in genera
such as Fagus and Liquidambar, high vessel density leads to detection failures,
particularly when vessels are closely spaced (figure 15A). Second, suboptimal
image characteristics, notably low brightness and contrast, significantly impact
detection reliability (figure 15B). Third, structural similarities between fibers
and vessel elements result in false positive detections (figure 15C).

To address these limitations, particularly in cases of densely packed or
overlapping vessels, we propose that incorporating rotated bounding boxes
could offer a promising direction for future improvements. This approach
would better accommodate the natural variation in vessel orientations and
potentially reduce detection failures in complex arrangements. Furthermore,
stronger data augmentation could prove beneficial as well.
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Having developed a wood identification system, the next logical step is to
focus on explaining its decision-making process. Here, the emphasis is on the
classifier rather than the detector. While the definition of what constitutes
a vessel is relatively clear, minor ambiguities may arise, such as whether a
slightly damaged vessel still qualifies as one. However, these distinctions
are generally intuitive. The greater challenge lies in distinguishing between
genera, a task handled by the classifier.

Wood anatomists base their analyses on various features, including the
163 structural attributes defined by the International Association of Wood
Anatomists (IAWA) [Com89]. In the long term, itwould be valuable to identify
novel features or determine which features are most significant for neural
networks compared to those used by human experts. As a step toward this
goal, we identify interpretability techniques for convolutional neural networks,
evaluate their effectiveness, and explore opportunities for improvement.

This research was carried out in three phases:

1. Comparison of Methods: Conducted a comprehensive evaluation of
various interpretability techniques and showed shortcomings of current
metrics [Nie+24b].

2. Evaluation Metric: Introduced a metric for assessing the quality of inter-
pretability methods [NSK24a].

3. Method: Constrain neural networks to improve interpretability [NSK24b].

This chapter synthesizes findings from the first two phases. The next chapter
introduces the architectural perspective.

4.1 attribution methods

4.1.1 Fundamentals and Terminology

As discussed in section 2.4, model interpretability encompasses both trans-
parency andpost-hoc interpretability. Convolutional neural networks (CNNs),
despite operating directly on raw image data without requiring sophisticated
feature engineering, lack transparency due to their complex architectures
involving millions of parameters, multiple processing layers, and non-linear
transformations. To understand these non-transparent models, we must rely
on post-hoc interpretation techniques. Attribution methods, which we dis-
cuss in this section, represent one such class of post-hoc interpretation ap-
proaches. They provide intuitive explanations by mapping the network’s
decision-making process back to the original image space, highlighting which
regions were most influential for the model’s prediction.

For a neural network 𝑓 ∶ ℝ𝑑 → ℝ𝐶 mapping an input 𝑥 ∈ ℝ𝑑 to logits for
𝐶 classes, an attribution method generates a map 𝐴 ∶ ℝ𝑑 → ℝ𝑑 assigning
importance scores to input features. These scores indicate each feature’s
contribution to the model’s decision for a target class 𝑐.

57
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4.1.2 Basic Gradient Methods

Feature attribution through gradient analysis measures how changes in input
features affect a model’s output predictions. For a target class 𝑐 and neural
network 𝑓, the gradient attribution can be computed as [SVZ14]:

𝐴𝑔𝑟𝑎𝑑(𝑥) = ∣
𝜕𝑓 (𝑐)(𝑥)

𝜕𝑥 ∣

This method, called Gradients or Vanilla Gradients, uses the absolute value of
gradients to capture the magnitude of feature influence. However, alternative
formulations are possible: using the raw gradients without absolute values re-
veals whether features positively or negatively influence the prediction, while
applying a ReLU activation highlights only positively contributing features.
In linear models where 𝑓 (𝑥) = 𝑤𝑇𝑥, gradients directly correspond to feature
importance through model weights.

However, deep neural networks introduce additional complexities. A signif-
icant challenge arises from the chain rule multiplication across multiple layers,
which often results in diminishing gradient magnitudes [PMB13] (refer to
section 2.1.3 and equation (5)). This phenomenon can obscure the distinction
between meaningful feature contributions and numerical noise in attribution
maps. To address this limitation, researchers have developed enhanced back-
propagation techniques [ZF13; Spr+15]. In standard backpropagation, the
ReLU gradient simply passes through positive inputs while blocking negative
ones. Guided Backpropagation extends this approach by implementing a
more stringent gradient flow criterion [Spr+15]. Given the loss function 𝐿,
the gradient flow is defined as:

𝜕𝑅𝑒𝐿𝑈(𝑥)
𝜕𝑥 =

⎧{
⎨{⎩

1 if 𝑥 > 0 and 𝜕𝐿
𝜕𝑅𝑒𝐿𝑈(𝑥) > 0

0 otherwise

By allowing gradient flow only when both input and incoming gradient are
positive, this modification effectively filters out noisy or contradictory signals.
While this approach produces clearer visualizations, it does deviate from exact
gradient computation.

4.1.3 Path Integration Methods

Path integration methods address the diminishing gradient problem by ac-
cumulating gradients along a path from a reference point to the input. This
approach helps capture feature importance even when individual gradients
at any single point are small. Integrated Gradients (IG) [STY17] exemplifies
this approach by defining a straight-line path from a baseline image 𝑥′ to the
input 𝑥:

𝐼𝐺𝑖(𝑥) = (𝑥𝑖 − 𝑥′
𝑖) ∫

1

𝛼=0

𝜕𝑓 (𝑐)(𝛾(𝛼))
𝜕𝛾𝑖(𝛼) 𝑑𝛼

where 𝛾(𝛼) = 𝑥′ + 𝛼(𝑥 − 𝑥′) parameterizes the path. The subscript 𝑖 denotes
a specific feature index in the input. The baseline image 𝑥′ is typically chosen
as a zero (black) image, though this choice can be application-dependent. In
practice, this integral is approximated using a Riemann sum with 𝑚 steps:

𝐼𝐺𝑖(𝑥) ≈ (𝑥𝑖 − 𝑥′
𝑖)

𝑚
∑
𝑘=1

𝜕𝑓 (𝑐)(𝑥′ + 𝑘
𝑚(𝑥 − 𝑥′))

𝜕𝑥𝑖
⋅

1
𝑚
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The choice of step count 𝑚 significantly impacts attribution quality, with
higher values providing more accurate approximations at the cost of increased
computation time. Recent variants like Blur Integrated Gradients [XVS20]
use a blurred version of the input as the baseline, while Guided Integrated
Gradients [Kap+21] employs an adaptive path based on model behavior.

4.1.4 Class Activation Methods

Class Activation Mapping (CAM) methods build upon gradient-based ap-
proaches by focusing on feature maps in the final convolutional layers. Rather
than computing gradients through the entire network, these methods analyze
how the final convolutional layer’s activations contribute to class predictions.
This design leverages the observation that later convolutional layers typically
capture high-level semantic features.

The original CAM method [Zho+15a] requires a specific network archi-
tecture where global average pooling is performed on convolutional feature
maps before the final classification layer. For a target class 𝑐, CAM computes
attributions as:

𝐴(𝑐)
𝐶𝐴𝑀(𝑥) = ∑

𝑘
𝑤(𝑐)

𝑘 𝐹𝑘

where 𝑤(𝑐)
𝑘 represents the weight connecting the 𝑘-th feature map to class 𝑐

in the final layer, and 𝐹𝑘 are the feature maps of some chosen layer.
GradCAM [Sel+19] generalizes this approach by removing the architectural

constraints of CAM. Instead of using classifier weights directly, GradCAM
derives importance weights through gradients. For a selected layer, the attri-
bution is:

𝐴(𝑐)
𝐺𝑟𝑎𝑑𝐶𝐴𝑀(𝑥) = 𝑅𝑒𝐿𝑈 ⎛⎜

⎝
∑

𝑘
𝛼(𝑐)

𝑘 𝐹𝑘
⎞⎟
⎠

The importance weights 𝛼(𝑐)
𝑘 are calculated using gradients:

𝛼(𝑐)
𝑘 =

1
𝑍

𝑢
∑
𝑖=1

𝑣
∑
𝑗=1

𝜕𝑓 (𝑐)

𝜕𝐹𝑘(𝑖, 𝑗)

where 𝑍 = 𝑢 × 𝑣 represents the spatial dimensions. The resulting attribution
map is upscaled to match input dimensions using bilinear interpolation.

GradCAM++ [Cha+18] refines this approach by incorporating second-
order derivatives in the weight calculation.

𝐴(𝑐)
𝐺𝑟𝑎𝑑𝐶𝐴𝑀++(𝑥) = ∑

𝑘
𝛼(𝑐)

𝑘 𝐹𝑘

For a target class 𝑐, the coefficient 𝑎(𝑐)
𝑘 is defined as:

𝑎(𝑐)
𝑘 =

𝑢
∑
𝑖=1

𝑣
∑
𝑗=1

𝑣(𝑐)
𝑘 (𝑖, 𝑗) ⋅ 𝑅𝑒𝐿𝑈 (

𝜕𝑓 (𝑐)

𝜕𝐹𝑘(𝑖, 𝑗))

The weight 𝑣(𝑐)
𝑘 (𝑖, 𝑗) incorporates second-order gradients to better capture

the relative importance of feature map activations. This modification helps
GradCAM++ produce more precise attribution maps, particularly for cases
involving multiple instances of the same class in an image.
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The success of class activation maps has inspired numerous variants in
recent years. These include SS-CAM [Wan+20a], IS-CAM [Nai+20], Ablation-
CAM [DR20], FD-CAM [Li+22], Group-CAM [ZRY21], Poly-CAM [ECD22],
Zoom-CAM [Shi+20], Recipro-CAM [BL23], and EigenCAM [MY20]. Other
notable approaches include ScoreCAM [Wan+20b], which eliminates gradi-
ent dependence, and Smooth GradCAM++ [Ome+19], which incorporates
Gaussian noise similar to SmoothGrad. LayerCAM [Jia+21] and XGradCAM
[Fu+20] have also contributed alternative weighting schemes for gradient
computation.

4.1.5 Ensemble and Perturbation Methods

SmoothGrad [Smi+17] reduces noise in gradient-based attributions by aver-
aging over multiple perturbed inputs:

𝐴𝑠𝑚𝑜𝑜𝑡ℎ(𝑥) =
1
𝑛

𝑛
∑
𝑖=1

𝐴𝑔𝑟𝑎𝑑(𝑥 + 𝜖𝑖)

where 𝜖𝑖 ∼ 𝒩(0, 𝜎2𝐼) represents random noise samples with standard
deviation𝜎. The number of samples 𝑛 is a crucial hyperparameter that balances
attribution quality with computational cost, typically ranging from 25 to 50
samples in practice.

RISE (Random Input Sampling for Explanation) [PDS18] generates attribu-
tion maps by randomly masking the input and aggregating predictions:

𝐴𝑅𝐼𝑆𝐸(𝑥) =
1
𝑁

𝑁
∑
𝑖=1

𝑚𝑖 ⋅ 𝑓 (𝑐)(𝑥 ⊙ 𝑚𝑖) ,

where 𝑚𝑖 represents random binary masks that partially occlude regions of
the input image, and ⊙ denotes element-wise multiplication. These masks are
generated using a sliding window approach: a small window moves across
the input image in fixed steps, and at each position, the algorithm randomly
decides whether to preserve or mask out the pixels within that window. The
process creates multiple masks, each revealing different combinations of im-
age regions. By aggregating the model’s predictions across these various
masked versions of the input, RISE builds a comprehensive attribution map
that highlights the regions most important for the model’s decision.

4.1.6 Limitations

A significant limitation of attribution maps lies in their inherent inability
to capture feature interdependencies. Attribution maps, by design, reduce
complex feature relationships to a spatial map of individual importance scores.
This ”flattening” of feature relationships into independent importance values
fails to represent how neural networks actually process information through
feature interactions.

Consider a model classifying dog images: while an attribution map might
correctly identify ears and tail as important features by assigning high impor-
tance scores to these regions, it cannot represent how these features work to-
gether in the model’s decision-making process. The map format itself imposes
this limitation, as it cannot explicitly represent the combined relationships
between features that the model has learned.

Another fundamental limitation is the inability of attribution maps to rep-
resent the importance of feature absence in model decisions. Neural networks
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often learn to recognize patterns not only through the presence of certain
features but also through their absence. For example, when classifying dog
breeds, the absence of specific features (such as a long snout for a chihuahua)
might be as crucial to the model’s decision as the presence of others.

Most attribution methods focus exclusively on highlighting present features
that contribute positively to model predictions. For this reason, the CAMs
make use of the ReLU (maximum) function. This one-sided representation
fails to capture how the lack of certain features might influence the model’s
decision-making process.

4.2 consistency of attribution maps

The interpretation of deep neural networks through attributionmapswould be
greatly simplified if different attribution methods produced consistent results.
In such an ideal scenario, the choice of attribution method would be largely
inconsequential. However, our empirical analysis reveals that attribution
maps can vary substantially across different methods, highlighting the critical
importance of systematic evaluation approaches.
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Figure 16: This plot illustrates the degree of similarity among all attribution maps.
The matrix was computed by averaging the individual correlation results
across all attribution maps in the ImageNet dataset with ResNet-50. Source:
[NSK24a].

To quantify the differences between attribution maps, we conducted a com-
prehensive similarity analysis using the Pearson correlation coefficient. For
two attribution maps with pixels 𝑥𝑖 and 𝑦𝑖, the correlation is defined as:

𝑟𝑥𝑦 =
∑𝑛

𝑖=1(𝑥𝑖 − ̄𝑥)(𝑦𝑖 − ̄𝑦)

√∑𝑛
𝑖=1(𝑥𝑖 − ̄𝑥)2√∑𝑛

𝑖=1(𝑦𝑖 − ̄𝑦)2
,
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where ̄𝑥 and ̄𝑦 represent the respective sample means. The coefficient 𝑟𝑥𝑦
ranges from -1 to 1, where:

• 𝑟𝑥𝑦 = 1 indicates perfect similarity

• 𝑟𝑥𝑦 = 0 suggests uncorrelated maps (effectively random noise)

• 𝑟𝑥𝑦 = −1 represents completely inverted attribution patterns

We conducted our analysis on a diverse subset of 1,000 images from the
ImageNet dataset, examining the consistency across attribution maps for both
ResNet-50 and ConvNeXt-tiny architectures (see section 2.2.4 for an overview
of architectures). The results, visualized in Figure 16 for ResNet-50, reveal
remarkably low levels of consistency. The average similarity across attribution
methods for ResNet-50 was only 48%. Even more striking, the ConvNeXt-tiny
architecture exhibited an even lower average similarity of 22%. We provide
additional qualitative results in the appendix figure 37 and figure 38.

These findings demonstrate that attribution maps can produce substantially
different interpretations of the same model’s decision-making process. Such
significant variations underscore the necessity of developing robust evaluation
metrics to determine which attribution methods most accurately reflect the
true decision-making process of convolutional neural networks.

4.3 evaluating attribution methods

The evaluation of attribution methods presents unique challenges due to
the lack of absolute ground truth data for feature importance. While model
predictions can be validated against known labels, there is no definitive ”true”
attribution map for comparison. This fundamental challenge has led to the
development of various evaluation approaches.

4.3.1 Qualitative Evaluation

Expert assessment remains a cornerstone of attribution method evaluation.
Domain specialists can assess whether attribution maps highlight regions
that align with their professional knowledge and experience. In the context
of wood identification, for instance, wood anatomists can evaluate whether
attribution maps emphasize known discriminative features such as vessel pit
arrangements or ray characteristics.

However, relying solely on expert evaluation has important limitations. Ex-
perts may be biased toward known features, potentially overlooking novel
patterns that neural networks might discover. Furthermore, qualitative as-
sessments are inherently subjective and can vary between experts, making
it difficult to establish consistent comparisons between different attribution
methods.

4.3.2 Quantitative Evaluation

To address the limitations of qualitative assessment, several quantitative eval-
uation approaches have been developed. These methods can be broadly cate-
gorized into two groups: perturbation-based metrics and annotation-based
comparisons.

Perturbation-based metrics evaluate attribution maps by measuring how
modifications to highly attributed regions affect model predictions. The Dele-
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tion metric [FV17; PDS18] progressively removes pixels in order of their
attribution values:

𝐷𝑒𝑙𝑒𝑡𝑖𝑜𝑛(𝑥) =
1
𝐿

𝐿
∑
𝑙=1

𝑓 (𝑐)(𝑥𝑙) ,

where 𝑥𝑙 represents the input with the top 𝑙 most attributed pixels removed.
The metric operates by iteratively masking the most significant regions with
zero values and measuring the model’s class probability after each modifica-
tion. Lower scores indicate better attribution maps, as removing important
features should rapidly decrease model confidence. This process is visualized
in Figure 17, where highly attributed regions (shown in red in the saliency
map) are systematically removed in sequential stages.

Attribution map Deleted 3.57% pixels Deleted 7.14% pixels Deleted 10.71% pixels

Figure 17: Visualization of the Deletionmethod’s progressive evaluation process. From
left to right: (1) Original image overlaid with saliency map highlighting at-
tribution importance, (2-4) Sequential stages showing incremental deletion
of regions, from most to least significant, based on their attribution scores.
Red regions in the first image indicate higher attribution values. Source:
[NSK24a].

The Insertion metric [FV17; PDS18] operates in the opposite direction, mea-
suring confidence increase as highly attributed pixels are progressively added
to a baseline image:

𝐼𝑛𝑠𝑒𝑟𝑡𝑖𝑜𝑛(𝑥) =
1
𝐿

𝐿
∑
𝑙=1

𝑓 (𝑐)(𝑥′
𝑙)

where 𝑥′
𝑙 contains only the top 𝑙 most attributed pixels. The process typically

begins with a Gaussian-blurred version of the original image and gradually
restores pixels according to their attribution values.

As demonstrated in Figure 18, the model’s confidence evolves from zero
when the image is fully blurred to its original prediction value as pixels are
restored. Higher Area Under Curve (AUC) values indicate more effective attri-
bution maps, suggesting that restoring important pixels quickly reconstructs
the original prediction.

A secondquantitative approach involves comparing attributionmaps against
expert annotations or segmentation masks. For applications where such anno-
tations exist, metrics like Intersection over Union (IoU) canmeasure alignment
between attribution maps and expert-identified regions:

𝐼𝑜𝑈(𝑎, 𝑒) =
Area of Overlap

Total Area Covered

where 𝑎 represents the thresholded attribution map and 𝑒 represents the
expert-annotated mask. The thresholding of attribution maps is typically
performed using either a fixed percentile of attribution values (e.g., top 20%)
or an adaptive threshold based on the distribution of attribution values.
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Figure 18: Standard Insertion metric. The graph shows model confidence (probability)
over the progressive restoration of image pixels, ordered by their attribution
importance. Higher Area Under Curve (AUC) values indicate more effective
attribution maps, as they suggest that restoring important pixels quickly
reconstructs the original prediction.

However, this approach has significant limitations. Most crucially, it as-
sumes that the neural network bases its decisions on the same features that
experts use, which may not be the case. Neural networks might discover novel
discriminative features that experts have not identified, or might use combina-
tions of features differently than human experts. Therefore, low alignment
with expert annotations does not necessarily indicate poor attribution quality
– it might instead reveal new, valid decision-making patterns.

There are many other metrics, but with similar shortcomings [Zha+16;
RR22].

4.4 improved masking for evaluating attribution methods

Building on our previous discussion of quantitative evaluation methods, this
section presents an in-depth analysis of deletion and insertion metrics to
develop a more robust evaluation framework. While we introduced these
metrics in their basic form earlier, we now examine their theoretical and
empirical limitations in detail. Based on this analysis, we will present our
enhanced metric, which addresses several key shortcomings of these existing
approaches, though some fundamental limitations remain beyond its scope.

4.4.1 Foundations in Human Vision Research

Our choice of deletion and insertion metrics as a foundation stems from their
alignment with established findings in human vision research. The funda-
mental principle behind these metrics – progressively removing or adding
image regions – finds strong theoretical support in established experimental
paradigms from cognitive psychology that investigate human visual process-
ing under partial information conditions.

Most notably, the ”Bubbles” technique [GS01] provides a direct methodolog-
ical precedent for the evaluation framework. In these experiments, researchers
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systematically revealed or masked different image regions to identify which
areas were diagnostic for human recognition tasks. The technique demon-
strated that human recognition performance degrades in predictable ways as
diagnostic regions are masked, while remaining robust when key features are
visible. This empirical finding suggests two important principles for attribu-
tion evaluation:

1. The systematic manipulation of visual information through controlled
revelation or masking can effectively probe the importance of different
image regions

2. The degradation of recognition performance under such manipulations
can serve as a reliable metric for feature importance

These principles directly inform our attribution evaluation framework. Just
as the Bubbles technique measures human recognition performance under
controlled information removal, deletion metrics assess how neural network
confidence changes as pixels deemed important by attributionmethods are sys-
tematically removed. Similarly, insertion metrics parallel experiments where
visual information is gradually revealed, measuring how quickly recognition
performance improves as critical features become visible.

4.4.2 Symbol Grounding Problem

While the human vision research provides compelling support for our eval-
uation approach, implementing these insights in neural networks reveals a
deeper challenge. Attribution evaluation must bridge two fundamentally dif-
ferent types of information processing: the statistical information of pixels and
the semantic understanding of image content. While deletion and insertion
metrics operate at the pixel level, the neural networks they analyze make
decisions based on high-level semantic features. This disconnect manifests
as a specific instance of the symbol grounding problem [Har90], which ad-
dresses how meaningful concepts emerge from raw sensory patterns (here:
pixel data).

At the statistical level, we deal with raw numerical data: pixel values rep-
resenting brightness and color. When pixels are deleted, information loss is
monotonic and measurable, which makes intuitive sense: as we progressively
remove more pixels, we irreversibly lose more information about the origi-
nal image. This monotonicity can be formally understood through the Data
Processing Inequality (DPI):

Definition 4.4.1 (Data Processing Inequality (DPI) [CT06]). Let 𝑋, 𝑌, and
𝑍 form a Markov chain 𝑋 → 𝑌 → 𝑍. Then the mutual information 𝐼 between
these variables satisfies:

𝐼(𝑋; 𝑌) ≥ 𝐼(𝑋; 𝑍) ,

where 𝐼(𝑋; 𝑌) = 𝐻(𝑌) − 𝐻(𝑌 ∣ 𝑋), and 𝐻(⋅) denotes entropy.

While the DPI is traditionally stated for stochastic Markov chains, it also ap-
plies in deterministic settings where each variable is a function of the previous
one. Specifically, if 𝑌 = 𝑓1(𝑋) and 𝑍 = 𝑓2(𝑌) are deterministic transformations,
then 𝑌 is fully determined by 𝑋, and 𝑍 is fully determined by 𝑌. In such
cases, the conditional entropy 𝐻(𝑌 ∣ 𝑋) is zero, so the mutual information
simplifies to 𝐼(𝑋; 𝑌) = 𝐻(𝑌). Similarly, 𝐼(𝑋; 𝑍) = 𝐻(𝑍), and the DPI becomes:
𝐻(𝑌) ≥ 𝐻(𝑍).
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Intuitively, the DPI tells us that as information flows through a chain of
transformations, the statistical dependency between variables can only de-
crease. Consider an image sequence 𝑋0, 𝑋del1, … , 𝑋del𝑘, where each 𝑋del𝑖+1

is
derived from 𝑋del𝑖 through pixel deletion based on a fixed attribution ranking
(with 𝑋del0 = 𝑋0 being the original image). Since each deletion step removes
a deterministic subset of pixels from the previous image without introducing
new information, each successive image 𝑋del𝑖+1

contains strictly less infor-
mation about the original image 𝑋0 than its predecessor 𝑋del𝑖. By the DPI,
this guarantees that 𝐼(𝑋0; 𝑋del1) ≥ 𝐼(𝑋0; 𝑋del2) ≥ ⋯ ≥ 𝐼(𝑋0; 𝑋del𝑘), where the
mutual information between each corrupted version and the original image
decreases monotonically as more pixels are removed.

A similar information-theoretic perspective can be applied to the feed-
forward processing within a neural network itself. In a simple sequential
architecture, the layers form a processing cascade where the input to layer
𝐿𝑖+1 is exclusively the output of layer 𝐿𝑖. This structure forms a Markov chain:
𝑋 → 𝐿1 → 𝐿2 ⋯ → 𝐿𝑛, where X is the input image and 𝐿𝑖 is the activation map
of the 𝑖-th layer. Because each layer cannot create new information about the
original input 𝑋 and can only transform the information received from the
preceding layer, the DPI directly applies.

Note that skip connections (e.g., ResNet) create a directed acyclic graph
(DAG) rather than a simple Markov chain 𝐿𝑖 → 𝐿𝑖+1 → 𝐿𝑖+2. However, the
DPI still applies to any sub-chain within this DAG.While multiple information
paths exist between layers, no single path can increase mutual information
about the original input.

To empirically validate this information-theoretic perspective, we introduce
a ”noisy channel” at each layer by applying dropout only at layer 𝑖 during
inference (figure 19).

𝑋 𝐿1 𝐿2 𝐿3 𝑓 (𝑋)

Drop Drop Drop

Input 𝐼(𝑋; 𝐿1) 𝐼(𝑋; 𝐿2) 𝐼(𝑋; 𝐿3) Output

Figure 19: Dropout-based validation of the Data Processing Inequality in neural net-
works. Injecting noise at earlier layers (which contain more mutual infor-
mation about the input) should cause larger drops in output confidence,
following the pattern Δ𝑓 (𝑋; 𝐿1) ≥ Δ𝑓 (𝑋; 𝐿2) ≥ Δ𝑓 (𝑋; 𝐿3).

We then measure how much the model’s predicted probability for the true
class falls. By the DPI, corrupting an earlier layer can only remove information
that all later layers depend on, so it should never cause less damage to the final
output than corrupting a later layer. In practice, we therefore expect that the
confidence drop Δ𝑓 (𝑋; 𝐿𝑖) = 𝑓 (𝑋) − 𝑓 (𝑋 ∣ 𝐿𝑖 corrupted) should be largest for
early layers, with Δ𝑓 (𝑋; 𝐿1) ≥ Δ𝑓 (𝑋; 𝐿2) ≥ Δ𝑓 (𝑋; 𝐿3) ≥ ⋯ ≥ Δ𝑓 (𝑋; 𝐿𝑛), where
𝑓 (𝑋) represents the model’s confidence on the original input.

We conducted a systematic analysis across four neural architectures (ResNet18,
ConvNext-Tiny, EfficientNet-B0, and DenseNet121), targeting four representa-
tive layers in each model from early feature extraction to late semantic pro-
cessing. For each layer, we inject controlled corruption by applying dropout
at rates from 0% to 100%, randomly zeroing activations before continuing
forward propagation.
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Figure 20: Layer-wise dropout provides evidence for the Data Processing Inequality in
neural networks: early layers show steeper confidence drops under input
corruption, consistent with higher mutual information 𝐼(𝑋;L𝑖) ≥ 𝐼(𝑋;L𝑖+1)
closer to the input.

As shown in Figure 20, the results support the DPI-based prediction: early
layers exhibit significantly steeper confidence degradation compared to deeper
layers when corrupted. This monotonic pattern across all architectures is
consistent with the expectation that 𝐼(𝑋; 𝐿𝑖) decreases with depth, reflecting
progressively weaker input-output dependencies. The findings also align
with the distributed information property discussed in section 2.3.1, which
suggests greater information redundancy in later layers.

Apart from this statistical information flow, neural networks must also pro-
cess semantic information: the high-level recognition that ”this is a dog” or
”this contains a face.” Unlike statistical information, semantic understanding
often requires contextual relationships and prior knowledge that cannot be
directly extracted from individual pixel values. Consider, for example, starting
with a black image and progressively revealing pixels. When we first reveal
what appears to be a tail, the model might assign a 20% confidence to the
”dog” classification. However, when we reveal additional features showing
this tail belongs to a cat, the model’s confidence in ”dog” drops to 0%. This
non-monotonic relationship demonstrates how features are inherently inter-
connected – the interpretation of the tail depends critically on its relationship
with other features in the image.

CNNs must bridge this gap between statistical and semantic information,
learning to map from raw pixel information to semantic concepts. As dis-
cussed in section 2.3.2, neural networks accomplish this through hierarchical
processing: early layers detect basic features like edges and textures, middle
layers combine these into more complex shapes and patterns, and deeper
layers assemble these into high-level semantic concepts. While the DPI con-
strains each successive layer to contain less mutual information about the raw
input, the network transforms this information by progressively discarding
statistically superfluous details (e.g., lighting variations, pixel noise).
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According to the Information Bottleneck theory, networks learn to compress
input information while preserving task-relevant features [TZ15; ST17]. This
creates a tension: while the DPI ensures that statistical mutual information
𝐼(𝑋; 𝐿𝑖) decreases with depth, the network simultaneously increases semantic
mutual information 𝐼(𝑌; 𝐿𝑖) between layers and the target labels. The result is
that later layers become increasingly specialized for the classification task.

This analysis reveals two fundamentally different information types in neu-
ral networks. Statistical information behaves predictably due to DPI. Semantic
information, however, is far more complex: it emerges from interconnected fea-
tures in high-dimensional space, where individual pixels cannot be interpreted
independently of their broader context.

Table 10 summarizes these contrasting behaviors, highlighting the core
challenge for attribution methods and metrics.

Information
Type

Through Layers (𝐿𝑖) Under Deletion (𝑋del𝑖)

Statistical Decreases monotonically
DPI: 𝐼(𝑋; 𝐿𝑖) ≥ 𝐼(𝑋; 𝐿𝑖+1)

Decreases monotonically
DPI: 𝐼(𝑋; 𝑋del𝑖) ≥ 𝐼(𝑋; 𝑋del𝑖+1

)

Semantic Increases with depth
(edges → textures → parts → con-
cepts)

Non-monotonic
(depends on feature interactions and
context)

Table 10: Information flow in neural networks: statistical information follows the Data
Processing Inequality (DPI). 𝑋 is the original input image, 𝑋del𝑖 represents
progressivelymore corrupted versions (e.g., withmore pixels deleted), and 𝐿𝑖
is a layer output. While statistical information degrades predictably, semantic
interpretation exhibits more complex behavior.

This statistical-semantic distinction has direct implications for attribution
evaluation methods. The main insight lies in recognizing that deletion metrics
operate at the statistical level rather than the semantic level. Attribution
methods do not manipulate semantically meaningful concepts like ”tail” or
”head” but instead remove fixed-size pixel subsets based on attribution scores.
For instance, in figure 17, each step removes 3.57% of the highest-attributed
pixels, regardless of their semantic coherence.

This pixel-based deletion process constitutes purely statistical information
removal. By the Data Processing Inequality, such deletions guarantee mono-
tonic information loss: 𝐼(𝑋; 𝑋del1) ≥ 𝐼(𝑋; 𝑋del2) ≥ ⋯ ≥ 𝐼(𝑋; 𝑋del𝑛), where
each successive deletion step 𝑋del𝑖 contains strictly less mutual information
about the original image 𝑋.

While translating this statistical monotonicity to neural network confidence
is non-trivial due to the highly non-linear nature of the mapping function
𝑓 (⋅), our dropout experiments provide strong empirical evidence for an anal-
ogous monotonic confidence degradation: 𝔼[𝑓 (𝑋)] ≥ 𝔼[𝑓 (𝑋del1)] ≥ ⋯ ≥
𝔼[𝑓 (𝑋del𝑘)].

The key insight from our layer-wise corruption analysis is that increasing sta-
tistical corruption (dropout rate) monotonically decreases confidence across
all network depths, despite the complex non-linear transformations applied by
subsequent layers. The reason lies in the type of corruption applied. Dropout
randomly zeroes layer activations without regard to their semantic meaning,
creating purely statistical corruption. Unlike semantic manipulations that
might reveal new interpretations (e.g., occluding a ”head” to increase the
confidence of ”cat”), unstructured dropout cannot generate semantic reinter-
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pretations. This mirrors attribution-based pixel deletion: both methods apply
unstructured corruption, which do not respect semantic boundaries.

While individual images may exhibit non-monotonic patterns due to ran-
dom semantic feature interactions, the statistical nature of pixel deletion en-
sures these effects average out across sufficiently large datasets. Therefore, our
theoretical framework predicts reliable monotonic degradation for statistical
corruption. We demonstrate both individual-level monotonicity patterns (ta-
ble 11) and average monotonic behavior (figure 21) in our evaluation section.

Despite this theoretical guarantee, current deletion implementations often
fail to achieve the expected monotonicity, particularly on small sample sizes
(figure 18). The observed variations are too severe to be attributed solely to
minor semantic interactions. Instead, the root cause lies in distribution shift:
the evaluation process generates images with partially revealed regions that
differ substantially from the natural images used during training. These artifi-
cial, patchy images fall outside the model’s training distribution, leading to
unreliable confidence estimates that no longer accurately reflect the underlying
statistical information content [Nie+24b; NSK24a].

This analysis reveals why attribution evaluation faces fundamental chal-
lenges. While we seek to understand semantic feature importance, our metrics
are constrained to statistical information manipulation at the pixel level. The
information framework shows that this limitation cannot be fully overcome
as long as attribution maps operate on pixels rather than semantic concepts.
However, we can work to ensure reliable evaluations within these constraints
by addressing the distribution shift problem that disrupts even the expected
statistical monotonicity.

4.4.3 Properties

Given that we must operate at the pixel level, the key question becomes how
we should modify input images to evaluate attribution methods. The standard
Deletion metric simply sets pixel values to zero, but this is just one possible
approach among many potential masking operators. Our analysis of informa-
tion processing in neural networks, from human vision research to the Data
Processing Inequality, suggests that we need masking operators that respect
how information degrades in these systems. To formalize these requirements,
we propose three essential properties that any masking operator must satisfy
to enable reliable attribution evaluation.

Let 𝑓 ∶ ℝℎ×𝑤×𝑐 → [0, 1] be a neural network classifier that maps an input
image to its normalized confidence score for a target class. Let 𝐼 denote the set
of all pixel coordinates in the image. For any subset 𝑆 ⊆ 𝐼, let 𝑀𝑆 ∶ ℝℎ×𝑤×𝑐 →
ℝℎ×𝑤×𝑐 be a masking operator that modifies the pixels at coordinates in 𝑆. We
define:

Property 4.4.1 (Statistical Monotonicity). For any two coordinate subsets
𝑆1, 𝑆2 ⊆ 𝐼 such that 𝑆1 ⊆ 𝑆2:

𝔼𝑋[𝑓 (𝑀𝑆1
(𝑋))] ≥ 𝔼𝑋[𝑓 (𝑀𝑆2

(𝑋))]

where 𝑋 is a random variable over the image space ℝℎ×𝑤×𝑐, and 𝑓 (𝑀𝑆𝑖
(𝑋))

denotes the model’s confidence after applying the mask to the subset 𝑆𝑖. Note
that while this property holds in expectation, individual images may exhibit
variance due to random semantic interactions between features.

This property formalizes the monotonic behavior observed in our dropout
experiments (figure 20) and aligns with experiments on human vision. It
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ensures that removingmore pixels cannot increase themetric score, preventing
the erratic fluctuations identified in Deletion/Insertion.

Property 4.4.2 (Completeness). For any input image 𝑥 ∈ ℝℎ×𝑤×𝑐:

𝑓 (𝑀∅(𝑥)) = 𝑓 (𝑥), 𝑓 (𝑀𝐼(𝑥)) = 0

These conditions specify how the masking operator should behave at ex-
tremes: applying no mask leaves the neural network’s confidence unchanged,
whilemasking all pixels reduces the confidence to zero. This property prevents
trivial solutions, such as the identity operator, which would simply return the
original image regardless of the attribution scores.

Property 4.4.3 (Significance). Let 𝐴, 𝑅 ∶ ℝℎ×𝑤×𝑐 → ℝℎ×𝑤 be attribution maps,
where 𝐴 assigns higher importance scores to relevant features and 𝑅 assigns
scores randomly. Then there exists a threshold 𝑘0 > 0 such that for any 𝑘 ≥ 𝑘0
and any input image 𝑥 ∈ ℝℎ×𝑤×𝑐:

𝑓 (𝑀𝑆𝑘
𝐴
(𝑥)) < 𝑓 (𝑀𝑆𝑘

𝑅
(𝑥))

where 𝑆𝑘
𝐴 and 𝑆𝑘

𝑅 are 𝑘-element subsets of 𝐼 containing the coordinates of the 𝑘
highest-scoring pixels according to 𝐴 and 𝑅 respectively.

This property ensures that masking pixels according to attribution scores
produces measurably different results than random masking, providing a
clear baseline for evaluation. It guarantees that our evaluation framework can
distinguish meaningful attribution methods from random feature selection.

By focusing explicitly on the masking operator’s behavior, we establish
clear criteria for valid attribution evaluation while avoiding the distributional
artifacts that plague Deletion and Insertion.

4.4.4 Masking Operators

Having established the key properties for valid masking operators, we begin
by formally defining several masking operators that can be used in attribution
evaluation.

Let 𝑥 ∈ ℝℎ×𝑤×𝑐 be an input image.

Definition 4.4.2 (Gaussian Blur). The Gaussian blur mask 𝑀GB creates a local
averaging effect in the masked regions:

𝑀GB
𝑆 (𝑥)𝑖,𝑗 =

⎧{
⎨{⎩

(𝐺𝜎 ∗ 𝑥)𝑖,𝑗 if (𝑖, 𝑗) ∈ 𝑆
𝑥𝑖,𝑗 otherwise

(10)

where 𝐺𝜎 represents a Gaussian kernel with standard deviation 𝜎, and ∗
denotes the convolution operation.

Definition 4.4.3 (Additive Noise). The additive noise mask 𝑀AN perturbs
pixels by adding random noise:

𝑀AN
𝑆 (𝑥)𝑖,𝑗 =

⎧{
⎨{⎩

𝑥𝑖,𝑗 + 𝜂, 𝜂 ∼ 𝑃 if (𝑖, 𝑗) ∈ 𝑆
𝑥𝑖,𝑗 otherwise

(11)

where 𝑃 is a probability distribution from which the noise 𝜂 is drawn. A
common choice is the Gaussian distribution 𝒩(0, 𝜎2).
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Definition 4.4.4 (Brightness Adjustment). The brightness adjustment mask
𝑀BA controls the pixel intensity in masked regions:

𝑀BA
𝑆 (𝑥)𝑖,𝑗 =

⎧{
⎨{⎩

𝛼𝑥𝑖,𝑗 if (𝑖, 𝑗) ∈ 𝑆
𝑥𝑖,𝑗 otherwise

(12)

where 𝛼 determines the brightness level. Setting 𝛼 = 0 yields complete dark-
ness.

Definition 4.4.5 (Identity). The identity mask 𝑀I preserves all pixel values:

𝑀I
𝑆(𝑥)𝑖,𝑗 = 𝑥𝑖,𝑗 ∀(𝑖, 𝑗) (13)

Note that this mask violates the Completeness property, as it cannot effectively
reduce model confidence even when masking the entire image.

These masking operators represent different approaches from the image
processing literature for modifying image content. For attribution evaluation,
the Insertionmethod uses Gaussian blur while the Deletionmethod uses black
pixels (brightness adjustment with 𝛼 = 0).

While some of these standard masking operators are widely used, they each
face fundamental limitations. Gaussian blur introduces artificial smoothing
that may create unrealistic feature interactions. Additive noise can gener-
ate pixel values and patterns that lie outside the natural image distribution.
Brightness adjustment creates sharp transitions at mask boundaries that rarely
occur in natural photographs. These artifacts become particularly problematic
when masks are applied to arbitrary image regions, where maintaining local
coherence is crucial.

A natural question is whether more sophisticated approaches, such as in-
painting, could serve as masking operators. Consider a sequence of pho-
tographswhere a truck graduallymoves in front of a cat, eventually completely
obscuring it. While this represents a perfect way of removing information
naturally, creating such masking artificially through inpainting would require
understanding the semantic content, generating plausible occluding objects,
and placing them correctly in 3D space. This becomes especially problem-
atic since attribution maps typically highlight pixels of varying shapes and
sizes as important, as shown in figure 17. It creates a circular dependency
where effective masking would first require solving the very problem of image
understanding that attribution methods aim to explain.

These limitations motivate the need for a masking operator that can remove
informationwhile preserving the natural image statistics and avoiding artificial
artifacts. In the following section, we introduce such an approach based on
adversarial perturbations.

4.4.5 Adversarial Perturbation Mask

Instead of relying on traditional image transformations, we propose leveraging
adversarial perturbations as a masking operator (refer to section 2.3.4 for
an introduction into these attacks). The key insight is that we can remove
information from the image by making minimal, carefully targeted changes
that maximally affect the network’s output while preserving the natural image
statistics.
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Definition 4.4.6 (Adversarial Perturbation). The adversarial perturbation
mask 𝑀AP applies minimal pixel-wise changes that maximize the network’s
loss with respect to the target class:

𝑀AP
𝑆 (𝑥)𝑖,𝑗 =

⎧{
⎨{⎩

𝑥𝑖,𝑗 + 𝜖 ⋅ sgn( 𝜕𝐿
𝜕𝑥𝑖,𝑗

) if (𝑖, 𝑗) ∈ 𝑆

𝑥𝑖,𝑗 otherwise
(14)

where 𝐿 is the loss function for the target class, and 𝜖 controls the perturbation
magnitude. For 8-bit images, setting 𝜖 = 1

255 ensures the smallest possible
discrete perturbation of ±1 per pixel.

The adversarial perturbation mask can be viewed as a sophisticated gen-
eralization of traditional masking approaches, particularly the brightness
adjustment mask. While brightness adjustment applies a uniform scaling
factor 𝛼 to all pixels in the masked region, adversarial perturbation imple-
ments a local, content-aware operator that selectively modifies each pixel by
±𝜖 based on its impact on the network’s prediction. This makes it analogous
to an adaptive brightness adjustment that operates at a per-pixel level, but
with two key advantages: it targets the network’s learned features rather than
raw pixel intensities, and it requires only minimal perturbations to achieve
the desired masking effect.

This approach addresses the fundamental limitations of previous mask-
ing operators in several ways. First, by using the Fast Gradient Sign Method
(FGSM) [GSS15], we modify each masked pixel by the minimal amount that
still affects the network’s output. Unlike arbitrary transformations like blur or
noise that can create patterns the network wasn’t trained on, these perturba-
tions work within the network’s learned feature space. Second, when 𝜖 = 1

255 ,
the changes are comparable to subtle lighting variations that naturally occur
in photographs, ensuring the perturbed images remain within the training
distribution. This is particularly important when applying masks to arbitrary
patches, where maintaining local coherence becomes crucial.

Critically, this masking operator maintains smooth transitions at patch
boundaries since the pixel-wise changes are imperceptible and locally adaptive.
The magnitude of perturbation can be controlled through 𝜖, though larger
values may begin to introduce visible artifacts and shift away from the natural
image distribution. This makes the adversarial perturbation mask particularly
suitable for attribution evaluation, as it allows us to systematically remove
information without confounding the network’s response with distribution
artifacts.

4.5 evaluation of attribution map metrics

Given the black-box nature of neural networks, it is not feasible to mathemati-
cally prove whether a particular mask satisfies specific properties. Instead, we
perform empirical evaluations across different architectures and datasets to
assess the validity of various masking operators.

4.5.1 Statistical Monotonicity

We conducted a systematic evaluation using centered occlusion to assessmono-
tonicity. This approach leverages the fact that objects in ImageNet are typically
centered, allowing us to progressively expand a square mask from the image
center to analyze how different masking operators affect network confidence
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across varying levels of occlusion. Our experimental design compared four
masking operators: adversarial perturbation (our proposed method), Gaus-
sian noise, brightness reduction (𝛼 = 0, i.e. black pixels), and Gaussian blur.
The occlusion rate varied from 0.0 (no masking) to 1.0 (complete masking),
tracking the relationship between information removal and model confidence.
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Figure 21: The confidence ratio 𝑟(𝑥) = 𝑓 (𝑥′)
𝑓 (𝑥) across occlusion rates for different masking

operators, where 𝑓 (𝑥′) and 𝑓 (𝑥) are the model confidences on perturbed and
original images respectively. Shaded regions show 95% confidence intervals.
Analysis performed on 1500 ImageNet images. Our approach adversarial
masking shows the smallest variance.

Figure 21 presents the results for ResNet-18 on ImageNet, revealing several
critical insights about masking behavior. While all methods show monotonic
decrease in their mean confidence as occlusion increases, they differ funda-
mentally in their stability patterns. Most notably, adversarial perturbation
demonstrates a dramatically steeper initial confidence reduction compared to
traditional methods, dropping to around 0.2 confidence ratio by just 20% oc-
clusion. This stark difference in behavior persists throughout the experiment,
with traditional methods showing much more gradual declines.

Given that ImageNet images consistently position their primary objects in
the center, we would expect any masking of these central regions to cause
immediate degradation in confidence. Our adversarial perturbation mask
confirms this expectation, while traditional masking approaches show more
gradual declines. This finding is further supported by the confidence reduc-
tion patterns observed in ResNet-18’s early layers, as shown by the blue lines
in figure 20. This parallel between dropout effects and adversarial perturba-
tion suggests that our adversarial approach may more accurately capture the
progressive degradation of visual information in the network.

The methods also exhibit distinct variance patterns, visible in their con-
fidence bands. While all traditional methods (brightness, blur, and noise)
show wider confidence bands than adversarial perturbation, the differences
are most pronounced with Gaussian noise, which displays the highest vari-
ance throughout the experiment. Adversarial perturbation maintains notably
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narrower and more consistent confidence bands, suggesting it provides more
reliable and predictable information removal.

These results demonstrate that adversarial perturbation achieves both faster
confidence reduction and more consistent behavior across samples, better
aligning with the theoretical predictions of information processing chains.
While individual samples may still experience semantic interactions, the nar-
rower confidence bands suggest adversarial perturbation more effectively
aggregates these effects across samples.

Having established the behavior of different masking operators on ResNet-
18 with ImageNet, we now extend our analysis across multiple architectures
and datasets to validate the generality of our findings. In [NSK24a], we con-
ducted experiments across three diverse datasets: ImageNet [Rus+15], Oxford-
IIIT Pet Dataset [Par+12], and ChestX-ray8 [Wan+17]. For each dataset,
we evaluated five CNN architectures: ResNet-50 [He+15a], EfficientNet-B0
[TL19], DenseNet-121 [HLW16], ConvNeXt-Tiny [Liu+22], and RepVGG-B0
[Din+21].

To quantify the consistency of masking operators at the individual sample
level, we define two metrics:

Definition 4.5.1 (Sample-level Monotonicity). For a sequence of masked im-
ages 𝑥1, ..., 𝑥𝑛 with increasing mask size, the monotonicity score measures the
fraction of consecutive pairs that maintain the expected confidence decrease:

Monotonicity(𝑓 , 𝑥𝑖) =
1

𝑛 − 1

𝑛−1
∑
𝑖=1

1[𝑓 (𝑥𝑖+1) ≤ 𝑓 (𝑥𝑖)] ,

where 𝑓 is the model’s confidence function and 1[⋅] is the indicator function.

Definition 4.5.2 (Sample-level Smoothness). The smoothness score measures
the average deviation from the expected linear degradation in confidence:

Smoothness(𝑓 , 𝑥𝑖) = √ 1
𝑛 − 1

𝑛−1
∑
𝑖=1

(𝑓 (𝑥𝑖+1) − 𝑓 (𝑥𝑖) − 𝜇)2 ,

where 𝜇 is the mean difference in confidence between consecutive steps.

We evaluate four masking configurations:

• 𝑀BA
Del: Deletion using brightness adjustment (𝛼 = 0), starting from origi-

nal image

• 𝑀GB
Ins : Insertion using Gaussian blur, starting from fully blurred image

• 𝑀BA
Ins: Insertion using brightness adjustment (𝛼 = 0), starting from black

image

• 𝑀AP
Ins (ours): Insertion using adversarial perturbation, starting from fully

perturbed image

The results in Table 11 demonstrate that the direction of masking (insertion
vs. deletion) has minimal impact on monotonicity. We also see that our
adversarial perturbation approach achieves significantly higher monotonicity
and smoothness scores across all datasets and architectures. While some
fluctuations remain due to semantic interactions in the feature space, they are
substantially reduced compared to traditional masking approaches.
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Masking Operator Monotonicity ↑ Smoothness ↓

𝑀GB
Del 0.648 1.712

𝑀GB
Ins 0.671 1.658

𝑀BA
Ins 0.654 1.238

𝑀AP
Ins (ours) 0.967 0.891

Table 11: Sample-level monotonicity and smoothness scores averaged across all datasets
and architectures. Higher monotonicity and lower smoothness scores indicate
more reliable masking behavior.

4.5.2 Completeness

Our experimental results in figure 21 also validate the Completeness property.
We observe that at zero occlusion rate, all masking operators preserve the base-
line confidence (ratio = 1.0), satisfying the first condition. At full occlusion,
adversarial perturbation, brightness reduction, and Gaussian blur effectively
reduce the model’s confidence to near zero, satisfying the second condition.
While Gaussian noise demonstrates less complete masking at our chosen vari-
ance (𝜎 = 50), increasing the noise magnitude would achieve lower final
confidence but at the cost of higher variance in intermediate occlusion rates.

4.5.3 Significance

The Significance property requires that masking important image regions
(according to attribution) should affect the model’s confidence more than
masking random regions. This provides a basic test for attribution evaluation
methods. We can test this property in two ways using baseline attribution
maps:

First, we generate a uniform baseline by sampling attribution scores from
a uniform distribution. This directly corresponds to the random attribution
map 𝑅 in the property definition – if a masking operator is valid, removing
features based on actual attribution scores should produce larger confidence
drops than removing uniformly random features.

Second, we introduce a more nuanced test using a canny baseline [Can86]
that assigns importance based purely on edge detection. This baseline cap-
tures low-level image structure but lacks semantic understanding, providing
an intermediate reference point between random selection and meaningful
attribution. A valid masking operator should still show larger confidence
impacts from semantic attribution compared to this structure-only baseline.

To evaluate masking operators against these baselines, we conducted ex-
periments across the same architectures and datasets we already used for
table 11. For each configuration, we tested whether the operator maintained
the theoretically expected ordering: meaningful attribution methods should
outperform the Canny baseline, which should in turn outperform uniform
random selection.

Table 12 shows how often each masking operator achieved this ordering:
The results show clear differences between masking operators. Progres-

sive deletion with black pixels (𝑀BA
Del) performs poorly, maintaining correct

ordering in only 2-3 of 15 cases. Switching to progressive insertion (𝑀BA
Ins)

works better against random selection but struggles with the edge-based base-
line. Gaussian blur (𝑀GB

Ins) improves baseline discrimination overall, but its
occasional failures point to underlying weaknesses.
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Method Canny 2nd to last ↑ Uniform last ↑
𝑀BA

Del 3 2
𝑀BA

Ins 4 11
𝑀GB

Ins 12 12
𝑀AP

Ins (ours) 15 15
Table 12: Number of cases in which Canny edge detector and uniform came last. The

maximum achievable score is 15 (3 datasets with 5 architectures).

Only our perturbation-based method (𝑀AP
Ins) achieves perfect baseline dis-

crimination across all configurations, consistently ranking meaningful attri-
bution above edge detection and random selection. The consistent failure
of traditional methods to maintain proper baseline ordering suggests that
apparently reasonable masking strategies may still fail to provide reliable
attribution evaluation.

4.5.4 Effect of perturbation strength

The effectiveness of adversarial perturbationmasking depends critically on the
perturbation strength parameter 𝜖, which determines the maximum allowed
change in pixel values. This parameter presents a fundamental trade-off:
larger values increase the likelihood of changing model predictions but risk
disrupting the underlying data distribution that we aim to analyze.
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Figure 22: Analysis of scoring function monotonicity across different perturbation
strengths. The vertical axis shows the monotonicity score, while the horizon-
tal axis represents attack strength. Results demonstrate optimal behavior at
𝜖 = 1

255 . Source: [NSK24a].

Our empirical investigation reveals that minimal perturbation strengths
(𝜖 = 1

255) provide the most reliable results for attribution evaluation. As
illustrated in figure 22, at this strength level, our scoring function demonstrates
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consistent monotonic behavior, indicating reliable progressive information
removal.

To validate these findings, we compared two common adversarial attack
methods: the Fast Gradient Sign Method (FGSM) and Projected Gradient
Descent (PGD). Both methods operate under the ℓ∞-norm constraint (see
section 2.3.4). In our experiments across multiple datasets, PGD consistently
improved the attack success rate (defined as the percentage of images where
the model’s prediction changed) compared to FGSM. For instance, on the
ChestX-ray8 dataset, the success rate increased from 95.80% with FGSM to
100% with PGD, while maintaining the same relative ranking in our scoring
function.

However, stronger perturbations introduce undesirable artifacts. The ℓ2
perturbations particularly compromise evaluation reliability by allowing non-
uniform pixel modifications. Therefore, we advocate for using the weakest
possible attack strength 𝜖 = 1

255 with FGSM as the default approach.

4.5.5 Attribution maps

Having validated our masking operator’s reliability, we now apply it to evalu-
ate a broad range of attribution methods. We analyze both traditional CAM-
based approaches that require upsampling and gradient-based methods that
produce attributions at input resolution. Table 13 presents the evaluation
scores averaged across all datasets and architectures.

Attribution Method Perturb (ours) ↑
GradCAM [Sel+19] 0.477 ± 0.08
GradCAM++ [Cha+18] 0.496 ± 0.106
LayerCAM [Jia+21] 0.494 ± 0.094
PolyCAMm [ECD22] 0.430 ± 0.098
PolyCAMp [ECD22] 0.438 ± 0.110
PolyCAMpm [ECD22] 0.440 ± 0.102
ReciproCAM [BL23] 0.495 ± 0.137
ScoreCAM [Wan+20b] 0.492 ± 0.113
SmoothGradCAM++ [Ome+19] 0.441 ± 0.017

BlurintegratedGradients [XVS20] 0.454 ± 0.136
Gradients [SVZ14] 0.544 ± 0.137
GuidedintegratedGradients [Kap+21] 0.452 ± 0.138
IntegratedGradients [STY17] 0.488 ± 0.135
SmoothGrad [Smi+17] 0.562 ± 0.148

Canny [Can86] 0.315 ± 0.072
Uniform 0.281 ± 0.061

Table 13: Evaluation scores averaged across all datasets and architectures. The first
group of attribution methods require upsampling, while the second group
outputs an attribution map in input resolution. Our evaluation shows that
SmoothGrad achieves the highest score, while the baseline methods (Canny
and Uniform) score significantly lower as expected.

The results reveal several interesting patterns. Within the CAM family, Re-
ciproCAM, GradCAM++, and LayerCAM show similar performance (scores
around 0.49), while PolyCAM variants perform notably lower (0.43-0.44).
Among gradient-based methods, SmoothGrad achieves the highest overall
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score of 0.562, followed by vanilla Gradients at 0.544. The integrated gradient
variants cluster together with scores between 0.45-0.49.

Importantly, all attribution methods maintain clear separation from our
baseline tests – Canny edge detection (0.315) and uniform random attribution
(0.281). This consistent margin validates that these methods extract meaning-
ful features rather than just detecting edges or randomly selecting pixels.

In appendix figure 39, we demonstrate the practical value of our metric
by using it to optimize SmoothGrad’s smoothing parameter 𝜎 on a medical
pneumonia dataset.

4.6 visual explanations for wood species classification

After establishing SmoothGrad as the most reliable attribution method for
understanding CNN decisions, we apply it to analyze our wood species classi-
fication network. Our objective is twofold: first, to generate attribution maps
revealing the features that influence the model’s species identification deci-
sions; second, to evaluate whether the model’s focus aligns with established
wood anatomical features used by human experts.

For this analysis, we utilize our optimized ConvNeXt classification model
(detailed in section 3.4.1). To establish a ground truth for comparison, expert
wood anatomists annotated key anatomical features within a carefully curated
subset of 270 samples from our dataset. These samples were specifically
selected for their clear and distinctive anatomical characteristics.

ConvNeXt Expert

Figure 23: Comparison between SmoothGrad attribution map (left) and expert anno-
tation (right) for an Acacia specimen. The contrast shows the model’s more
localized focus compared to expert annotations.

The analysis of Acacia in figure 23 reveals a striking contrast between expert
and model attention patterns. While experts comprehensively annotate entire
anatomical structures, SmoothGrad highlights significantly fewer regions
with a more localized focus. The attribution maps exhibit a certain degree
of noise, which can be attributed to the backpropagation process inherent to
SmoothGrad. As the method traces gradients backward through the network
layers to identify influential input features, numerical instabilities and gradient
accumulation can introduce noise patterns in the resulting attribution maps.

TheEucalyptus analysis in figure 24 reveals an intriguing divergence between
model and expert feature utilization. While experts focus primarily on vessel
structures, our model also highlights parenchyma cells (the object next to
the vessel). This difference initially appears to contradict traditional wood
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ConvNeXt Expert

Figure 24: SmoothGrad attribution (left) and expert annotation (right) for Eucalyptus,
showing distinct differences in feature recognition approaches.

anatomy practices, but expert consultation reveals a more nuanced reality:
parenchyma cells do exhibit genus-specific variations, but these have been
historically understudied. Wood anatomists have traditionally focused on
vessels because they offer more readily distinguishable features and have
been well-documented over the past century. While individual fibers and
parenchyma cells possess distinctive characteristics, their features alone are
typically insufficient for definitive species identification, especially given that
wood samples usually contain mixed cellular compositions.

Themodel’s attention to parenchyma cells might therefore indicate its ability
to detect subtle, genus-specific variations that, while real, have remained
largely unexplored in traditional wood anatomy. This suggests that machine
learning approaches might help uncover new anatomically relevant features
that complement established classification methods.

ConvNeXt Expert

Figure 25: Attribution patterns for Populus, showing the contrast between model’s
localized focus (left) and expert’s comprehensive annotation (right).

The Populus analysis in figure 25 further reinforces the observed patterns in
model behavior. Expert annotations show comprehensive coverage of vessel
structures, while the model’s attention is concentrated on specific points along
these structures. This fragmented attention pattern is consistent across all
analyzed specimens, suggesting it is a characteristic feature of the model’s
classification approach rather than a specimen-specific phenomenon.

These qualitative analyses reveal important insights about our model’s
behavior. First, the model consistently relies on fewer, more localized features
compared to the comprehensive approach of human experts. Second, the
attribution maps are much noisier due to the backpropagation process. Finally,
both experts and SmoothGrad tend to focus on the same areas, but sometimes
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there are other features which experts do not consider. However, interpreting
these differences requires careful consideration.

While experts provided comprehensive annotations of anatomical structures
in our dataset, this documentation style likely represents a formalization of
their knowledge rather than reflecting the actual recognition process. To under-
stand whether these different patterns truly represent different approaches to
recognition, we would need controlled experiments similar to those in human
vision research, where the ability to identify species from partial anatomical
features could be systematically tested. Without such experiments, we cannot
conclude whether neural networks and experts process features differently
merely from comparing attribution maps to documentation patterns.

Our findings do reveal three important insights about feature processing:
First, neural networks can successfully classify species using localized regions
rather than complete anatomical structures. Second, these regions largely
overlap with expert-identified features, suggesting the model learns relevant
anatomical patterns. Third, in some cases like the parenchyma cells in Euca-
lyptus, the model identifies potentially overlooked features that merit further
investigation.



5UNDERSTANDING NEURAL DEC I S IONS : A PATH-BASED
FRAMEWORK

In the previous chapter, we explored attribution maps in depth and validated
the effectiveness of adversarial perturbations as masking operations in attri-
bution evaluation metrics. Building on this foundation, we now introduce a
novel framework that moves beyond simple attribution maps to capture the
complex, interdependent nature of neural network decision-making.

This chapter presents three main contributions that together advance our
understanding of interpretability in neural networks:

1. Development of a systematic approach for identifying and analyzing
decision paths across different neural architectures.

2. Introduction of Top-GAP [NSK24b], a novel architectural modification
that constrains spatial information processing to improve network inter-
pretability.

3. Evaluation of these methods both on our wood identification dataset
and ImageNet, demonstrating how different architectural choices affect
both model performance and interpretability.

5.1 decision paths

5.1.1 Motivation

Our analysis of attributionmaps highlighted a fundamental limitation (see sec-
tion 4.1.6 and section 4.4.2): they represent importance as a two-dimensional
map of scalar values, where each spatial location receives an independent
score. While these maps can highlight relevant image regions, they fail to
capture how these regions interact in the network’s decision process.

Consider a neural network classifying bird species. An attribution map
might assign high importance to the beak (0.9) and moderate importance to
the wing pattern (0.6). This representation suggests we can evaluate each
feature’s contribution independently. However, the network’s actual decision
process is more nuanced – it might require seeing both the distinctive beak
shape and wing pattern together to identify the species correctly. Neither
feature alone would be sufficient, regardless of their individual attribution
scores.

This interdependence extends beyond simple pairs. The network might
correctly classify an image using either:

• The beak shape combined with tail pattern

• The wing pattern combined with overall body shape

• A combination of several moderately important features

Traditional attribution maps cannot represent these alternative pathways to
correct classification, nor can they capture how features of varying importance
scores might work together effectively.

81
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To address these limitations, we need a framework that explicitly captures
the combinatorial nature of neural network decision-making. Rather than
asking ”which pixels are important?”, we should ask ”what combinations of
regions are important?”.

5.1.2 Mathematical Definition

We introduce decision paths as specific combinations of image regions that
collectively maintain the network’s original classification decision. Our analy-
sis utilizes adversarial perturbation masking (section 4.4.5) as it provides a
principled way to remove information while preserving natural image statis-
tics.

Let 𝑓 ∶ ℝ𝑛 → ℝ𝐶 be a neural network classifier that maps inputs to class
probabilities, where 𝑓 (𝑐)(𝑥) represents the probability assigned to class 𝑐 for
input 𝑥. We define the grid coordinate space 𝐼 = {(𝑖, 𝑗) ∣ 1 ≤ 𝑖, 𝑗 ≤ 𝑛} for an
𝑛 × 𝑛 grid overlaid on the input image.

Definition 5.1.1 (Decision Path). For input image 𝑥, let 𝑀AP be the adversarial
perturbation masking operator. A decision path 𝑃 ⊆ 𝐼 is defined as a subset of
grid coordinates that, when revealed from an initially fully perturbed image,
maintains the original classification:

argmax𝑐 𝑓 (𝑐)(𝑀AP
𝐼∖𝑃(𝑥)) = argmax𝑐 𝑓 (𝑐)(𝑥) ,

where 𝑀AP
𝐼∖𝑃 indicates that all regions except those in 𝑃 are adversarially

perturbed.

The size of a decision path |𝑃| is simply the number of grid coordinates it
contains. Of particular interest are minimal paths – those decision paths that
maintain classification while using the fewest possible regions.

Figure 26 illustrates this concept, showing all decision paths discovered for
two different neural architectures on the same input image. The visualizations
use color overlays to indicate masked regions (blue) and visible regions (red),
demonstrating how different architectures may utilize different combinations
of regions to reach the same classification decision.

(a) ResNet-18: One decision path using 7 out of 9 patches, three paths using 8 patches

(b) EfficientNet-B0: Four decision paths, each using 8 out of 9 patches

Figure 26: Visualization of all decision paths in a 3 × 3 grid for two architectures. Heat
map overlays indicate regions that enable correct classification (blue =
hidden by 𝑀AP, red = shown).
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In this specific example for ResNet-18, we can observe that the minimal
decision path of size 7 (shown in the first visualization) is contained within
the second and third 8-patch paths, but not in the fourth path which includes
a different region in the corner as shown by the blue overlay.

Definition 5.1.2 (FrequencyMap). For a set of decision paths 𝑆, the frequency
map 𝐹 ∶ 𝐼 → [0, 1] assigns to each grid coordinate 𝑖 the fraction of decision
paths that include it:

𝐹(𝑖) =
|{𝑃 ∈ 𝑆 ∶ 𝑖 ∈ 𝑃}|

|𝑆|

A frequency of 1 indicates that a region appears in every decision path and
is thus necessary for classification, while a frequency of 0 means the region
never appears in any path.

Figure 27 illustrates a frequency map for a classification. The map reveals
three central regions with frequency 1.0, indicating their presence in every
decision path. The bottom-left (0.67) and bottom-right / top-right (0.78) cells
show lower frequencies, corresponding to areas where the snake is less visible.

0.89 1.00 0.78

0.89 1.00 0.89

0.67 1.00 0.78

Figure 27: Frequency map showing regional participation in decision paths. Values
indicate the fraction of decision paths incorporating each region (1.0 repre-
sents regions present in all paths).

5.1.3 Computation

Finding all decision paths requires evaluating every possible subset of grid
coordinates, essentially exploring the power set of the grid. While one might
consider approximating this search through random sampling, exhaustive
enumeration offers crucial advantages. It guarantees discovery of minimal
paths and enables precise analysis of how regions work together to maintain
classification.

Our algorithm (algorithm 5.1) employs a systematic approach: starting
from an adversarially perturbed version of the input image, we iteratively
reveal original patches and test if the network’s classification is restored.
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Algorithm 5.1 Find Decision Paths
Require: Neural network 𝑓, original image 𝑥, grid size 𝑛, perturbation strength

𝜖
Ensure: Set of decision paths 𝑆
1: 𝑦orig ← argmax𝑐 𝑓 (𝑐)(𝑥) ▷ Original classification
2: 𝑥adv ← FGSM(𝑓 , 𝑥, 𝑦orig, 𝜖) ▷ Create targeted adversarial example
3: 𝑆 ← ∅ ▷ Initialize empty set of decision paths
4: for 𝑘 ← 1 to 𝑛2 do ▷ Iterate through region counts
5: for 𝑃 ∈ combinations(𝑛2, 𝑘) do ▷ All k-sized combinations
6: 𝑥masked ← 𝑥adv ▷ Start with adversarial image
7: for (𝑖, 𝑗) ∈ 𝑃 do ▷ Reveal original patches at selected positions
8: ℎ ← height/𝑛
9: 𝑤 ← width/𝑛

10: 𝑥masked[𝑖ℎ ∶ 𝑖ℎ+ℎ, 𝑗𝑤 ∶ 𝑗𝑤+𝑤] ← 𝑥[𝑖ℎ ∶ 𝑖ℎ+ℎ, 𝑗𝑤 ∶ 𝑗𝑤+𝑤]
11: end for
12: if argmax𝑐 𝑓 (𝑐)(𝑥masked) = 𝑦orig then ▷ Correct prediction?
13: 𝑆 ← 𝑆 ∪ 𝑃 ▷ Add new decision path
14: end if
15: end for
16: end for
17: return 𝑆

The algorithm operates by progressively testing combinations of increasing
size. For each size 𝑘 from 1 to 𝑛2, we evaluate all possible 𝑘-combinations of
grid positions. When a combination restores the original classification, we’ve
identified a decision path. The masking operation works by replacing regions
of the original image with their adversarially perturbed counterparts.

The computational complexity of this search is 𝑂(2𝑛2) where 𝑛 is the grid
size, as we must evaluate all possible subsets. For each subset, we perform
a forward pass through the network, making the total complexity 𝑂(2𝑛2 ⋅ 𝑇𝑓)
where 𝑇𝑓 is the time for a single forward pass.

This exponential complexity necessitates careful choice of grid resolution.
Attribution methods like GradCAM typically produce 7×7 attribution maps
based on the last convolutional layer’s feature map size. Exhaustively search-
ing such a grid would require evaluating 249 possible combinations, making
the computation intractable. Other methods like SmoothGrad can produce
attributionmaps at input resolution (224×224), whichwouldmake exhaustive
search even more challenging.

For practical analysis, we overlay a 3×3 grid on our images, resulting in a
manageable search space of 512 possibilities while still capturing essential
spatial relationships in the network’s decision-making process.

5.1.4 Path Distribution

Having defined decision paths, we now examine their general distribution.
Through analyzing 500 randomly sampled images from the ImageNet valida-
tion set, we observed several distinctive patterns in how paths are distributed
across different path sizes. Figure 28 presents these distributions for ResNet-18
and ConvNext-tiny.

Most strikingly, while the probability of finding decision paths increases
monotonically with path size, this relationship exhibits a characteristic nonlin-
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Figure 28: Distribution of decision paths by size for ResNet-18 and ConvNext-tiny
architectures. For each path size 𝑘, the success rate represents the fraction of
decision paths (those maintaining original classification) among all possible
(9

𝑘) combinations of k regions.

ear progression. For small paths (1-3 regions), decision paths are remarkably
rare, with success rates below 12% for both architectures. This scarcity of small
paths indicates that neither architecture can reliably maintain classification
based on isolated regions of the original content.

As path size increases, we observe a distinctive acceleration in success rates,
particularly between 5-8 regions. This transition marks a critical point where
networks gain access to sufficient contextual information to reconstruct their
original classifications. The gradual nature of this increase, rather than a
sharp step function, suggests that these architectures progressively integrate
information from multiple regions. The success rate reaches 100% at path size
9, representing the trivial case where no regions are masked.

Notably, ConvNext-tiny consistently demonstrates higher success rates
across this range compared to ResNet-18, indicating it maintains more ro-
bust feature representations even with partial information.

The smooth progression in success rates reveals that these architectures
rely on distributed evidence patterns rather than critical individual features.
This observation parallels our findings about confidence degradation under
dropout (figure 20), where we saw that neural networks exhibit gradual
degradation when losing information rather than catastrophic failures that
would indicate reliance on specific critical features.

5.1.5 Relationship to Deletion and Insertion Metrics

The path-based framework provides valuable insights into traditional attri-
bution evaluation metrics, particularly the insertion and deletion metric. An
important conceptual point is that a decision path 𝑃 consists of all regions
that are not hidden (masked) in the image. This means when we talk about
”adding a region to 𝑃”, we are revealing more and more of the image.

Let’s examine how insertion metrics relate to decision paths through a
concrete example of classifying a bird. Consider a 3 × 3 grid with attribution
scores and corresponding bird features:
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⎡⎢⎢
⎣

0.9 (head) 0.8 (beak) 0.3 (background)
0.7 (breast) 0.6 (wing) 0.2 (tail)
0.5 (feet) 0.4 (branch) 0.1 (background)

⎤⎥⎥
⎦

The insertion metric follows a fixed trajectory determined by attribution
scores:

1. Initially, all regions are masked, so 𝑃 = ∅ (path size 0)
Network confidence for “bird”: 0.01

2. Reveal highest-scored region (0.9, head) → 𝑃1 = {(1, 1)}
Network confidence: 0.15

3. Add second-highest region (0.8, beak) → 𝑃2 = {(1, 1), (1, 2)}
Network confidence: 0.45

4. Add third-highest region (0.7, breast) → 𝑃3 = {(1, 1), (1, 2), (2, 1)}
Network confidence: 0.92 (correct classification achieved)

5. Continue until 𝑃9 contains all regions (confidence: 0.98)

The key difference between insertion metrics and our decision path frame-
work lies in how they explore possible region combinations. The insertion
metric follows a single predetermined path through the space of region com-
binations, dictated by attribution scores. It begins with no regions and pro-
gressively adds them in order of their attribution scores until all regions are
included.

While this process might discover a decision path along the way (like when
it achieves correct classification at step 3 in our example), it cannot explore
alternative combinations that might maintain classification with fewer regions.

Our path distribution analysis (figure 28) provides crucial context for inter-
preting these metrics. Any sequence of region additions will eventually yield
a successful decision path at size 9 when the complete image is revealed.

A high-quality attribution map should therefore guide us to successful
decision paths early in the sequence, before reaching the path sizes where
random combinations typically succeed. Once a decision path is found (as at
step 3 in our example with confidence 0.92), the addition of further regions
becomes irrelevant.

This observation provides theoretical justification for why insertion metrics
are effective: they inherently reward attribution maps that achieve high confi-
dence with smaller path sizes. The AUC calculation gives more weight to early
confidence gains, aligning with our observation that finding decision paths
early (before the probability of random success increases) is a key indicator of
attribution map quality.

5.2 top-gap: constraining neural decisions

5.2.1 Motivation

Our analysis of decision paths reveals two fundamental issues in neural
decision-making. First, networks develop numerous redundant pathways
to classification. For a 3×3 grid, we have 29 = 512 possible combinations of
regions. Looking at figure 28, for path size 5, we observe approximately 22%
success rate. Since there are (9

5) = 126 possible combinations of 5 regions, this



5.2 top-gap: constraining neural decisions 87

means around 28 different combinations maintain the original classification
just at this path size alone.

The second issue is that these decision paths can be very long. As shown in
figure 26, both ResNet and EfficientNet require sometimes nearly complete
images (8 out of 9 patches) to maintain classification, making it difficult to
identify which regions are truly essential for the network’s decision.

From a theoretical perspective, interpretability would be maximized when a
model has a single decision path that requires viewing only a minimal portion
of the image. Consider the extreme case: a model with just one decision
path that only needs to look at one grid cell to make its classification. In this
scenario, we would have perfect interpretability since we could definitively
say which part of the image drives the model’s decision.

Beyond decision paths, current architectures also present challenges for
attribution methods. Since gradients can flow through all spatial locations
during backpropagation, attribution maps often highlight regions that weren’t
actually critical for the network’s decision. This leads to noisy attributions
that may not reflect the network’s true decision-making process.

This stark contrast between current architectures and the theoretical ideal
motivates our development of Top-GAP, a novel architectural approach that
constrains how networks process spatial information.

5.2.2 Method

In standard convolutional networks, the global average pooling (GAP) layer
treats all spatial locations as equally important contributors to the final decision
(see section 2.2.2 for an overview on different layers). This architectural
choice implicitly encourages networks to develop multiple redundant decision
paths, as observed in our path analysis. By modifying this fundamental
component, we can guide networks toward more focused and interpretable
decision-making processes.

Top-GAP introduces spatial constraints through selective pooling operations.
Instead of averaging all spatial locations, the network selects and utilizes only
the most informative regions:

Definition 5.2.1 (Top-k Pooling). Given a feature map 𝑋 ∈ ℝ𝐶×𝐻×𝑊, where
𝐶 is the number of channels, and 𝐻 × 𝑊 are the spatial dimensions, the Mean-
Top-k Pooling operation 𝑀𝑘 ∶ ℝ𝐶×𝐻×𝑊 → ℝ𝐶 is defined as:

𝑀𝑘(𝑋)𝑐 =
1
𝑘

𝑘
∑
𝑖=1

𝑋𝑐,Top𝑘(𝑋𝑐)[𝑖],

where 𝑋𝑐 ∈ ℝ𝐻×𝑊 represents channel 𝑐’s feature map flattened to a vector,
and Top𝑘(𝑋𝑐) returns indices of the 𝑘 largest values in 𝑋𝑐.

However, simply replacing GAP with Top-k pooling is insufficient. The
network must learn which spatial locations are truly important, not just which
ones have the highest activation values. This requires two additional architec-
tural components: multi-scale feature integration and sparsity regularization.

Multi-scale feature integration is implemented through a Feature Pyramid
Network (FPN), which combines information across different spatial reso-
lutions before the Top-k pooling operation (refer to figure 29). This ensures
the network can identify important features regardless of their scale. The
FPN outputs feed into a final convolutional layer that produces class-specific
activation maps.



88 understanding neural decisions: a path-based framework

Input

Backbone

F5

F4

F3

Conv BN ReLU Upsample +

Conv BN ReLU

Conv BN ReLU Upsample

FPN

Conv

Top-GAP

CAM

Outputs

Figure 29: Example of our architecture applied to a backbone with 3 feature maps (e.g.
7 × 7, 14 × 14, 28 × 28). For all convolutions except the final one, a kernel
size of 3 and 256 filters is used. The last convolution employs a kernel size
of 1, with the number of filters set to match the number of output classes.
The CAM is as large as the biggest feature map (here F3). Our pooling
layer (”Top-GAP”) averages the CAMs given by the last convolutional layer
(”Conv”) to create a vector containing the probability for each class. For the
CAM, we disable ”Top-GAP” and perform min-max scaling.

Sparsity regularization addresses a fundamental challenge in training: with-
out constraints, the network might arbitrarily choose which k locations to use,
leading to unstable training. We add L1 regularization to the loss function:

𝐿total = 𝐿CE + 𝜆||𝑋||1

This creates an adversarial dynamic during training. The cross-entropy loss
𝐿CE encourages high activations for correct classification, while the L1 term
penalizes all activations. The network must learn to maintain high activations
only for truly discriminative features. The parameter 𝜆 controls this trade-off,
with 𝜆 = 1 typically providing sufficient regularization. In section 2.4.4, we
explored the relationship between accuracy and model interpretability.

The combination of these components – Top-k pooling, FPN, and L1 reg-
ularization – is crucial. The FPN enables robust feature detection across
scales, Top-k pooling enforces spatial selectivity, and L1 regularization ensures
stability and sparsity. Each component addresses a specific aspect of the inter-
pretability challenge, and removing any one of them significantly degrades
performance.

For completeness, we explicitly state the two operational modes shown in
figure 29:

1. Prediction mode (Top-GAP): Top-k pooling is applied to generate class
probabilities

2. Visualization mode (CAM): The pre-pooling activations are used to
produce class activation maps

These modes arise naturally from our architecture’s use of a 1×1 convolu-
tional layer, making it structurally similar to the original CAM method. Due
to this architecture, CAM and GradCAM would produce equivalent visual-
izations in our network, as both methods would identify the same k spatial
locations that were selected during the forward pass. This equivalence occurs
because gradients can only flow through these k selected locations during
backpropagation.
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However, our key contribution lies in constraining the network’s behavior
through Top-k pooling and L1 regularization, rather than in the visualization
method itself. This architectural constraint benefits any attribution method, as
gradients are naturally focused on only the k most relevant spatial locations
used in the forward pass. We show additional results in appendix A.2, where
we focus on CAM instead of SmoothGrad to prove this.

The effectiveness of Top-GAP depends on choosing an appropriate value
for 𝑘. A small 𝑘 forces the network to be highly selective but might prevent
it from capturing sufficient context for accurate classification. Conversely, a
large k reduces the constraining effect. We explore this trade-off empirically
in the evaluation section.

5.3 evaluation

5.3.1 Analysis of Decision Paths in Neural Networks

To understand how different architectures process spatial information and
how this relates to model performance and interpretability, we begin with a
large-scale analysis of neural networks.

Our analysis of 644 models from the timm collection [Wig19] reveals a
fundamental relationship in neural networks. Better-performing models tend
to maintain correct classification with smaller regions of the input image,
demonstrated by a significant negative correlation (𝑟 = −0.5542, 𝑅2 = 0.307)
between minimal path size and ImageNet accuracy. For instance, while lower-
performing models might need to see most of an image to identify the class,
high-performing models can often make correct classifications from just small
regions.

As shown in table 14, this relationship holds consistently across different
ImageNet variants, with correlations ranging from 𝑟 = −0.59 for ImageNet-
Rendition Clean to 𝑟 = −0.40 for ImageNet-Adversarial. Notably, minimal
path size proves to be a better predictor of model accuracy than the number
of parameters.

Dataset Number of Paths Minimal Path Size Parameter Count

IN 0.40 -0.55 0.38
IN-Real 0.43 -0.58 0.32
IN-R 0.47 -0.57 0.55
IN-R Clean 0.43 -0.59 0.34
IN-A 0.26 -0.40 0.56
IN-A Clean 0.42 -0.57 0.34
IN-v2 0.41 -0.57 0.41
IN-Sketch 0.44 -0.55 0.53

Average 0.41 -0.55 0.43
Table 14: Correlation between accuracy and Number of Paths / Minimal Path Size /

Parameter Count across 644 models. Datasets: IN = ImageNet [Rus+15];
IN-Real = ImageNet-Real [Bey+20]; IN-R = ImageNet-Rendition [Hen+21a];
IN-A = ImageNet-Adversarial [Hen+21b]; IN-v2 = ImageNet-v2 [Rec+19];
IN-Sketch = ImageNet-Sketch [Wan+19b].
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Given these findings, one might conclude that the optimal approach would
be to design neural networks that deliberately focus on small regions rather
than considering the entire image.

However, this insight comes with an interesting trade-off: we discovered
a strong negative correlation (𝑟 = −0.8983) between minimal path size and
the number of decision paths. Networks that achieve smaller minimal paths
tend to develop more alternative pathways to reach their decisions. This
makes intuitive sense: when each decision path uses less information (smaller
minimal path size), the network needs more such paths to capture the full
complexity of the visual task.

This trade-off becomes visually evident when examining the unnormalized
frequency maps of VGG11 and ConvNeXt-large (figure 30). While our earlier
definition of frequency maps involved normalization (see definition 5.1.2),
here we present the raw counts. This unnormalized perspective is particularly
valuable, as it reveals not only how many decision paths utilize each region
but also how the total number of paths varies between architectures.

3.00 2.00 2.00

3.00 3.00 3.00

3.00 3.00 3.00

vgg11

40.00 41.00 41.00

46.00 56.00 53.00

36.00 37.00 37.00

convnext_large

Figure 30: Unnormalized frequency map showing regional participation in decision
paths for VGG11 (left) and ConvNeXt-large (right). Values indicate the
number of decision paths incorporating each region.

VGG11’s frequency map reveals a highly uniform pattern: almost all grid
cells participate in exactly 3 decision paths, with only two cells participating in
2 paths. This uniformity suggests that the network requires nearly the entire
image to make decisions, as almost every region is used in every available
path.

In contrast, ConvNeXt-large shows a clear distinction between regions that
correspond to the object and those that contain background. Themiddle region
(snake) participates in 53/56 different decision paths, while the surrounding
regions appear in only 36 to 41 paths.

This pattern aligns with the correlations shown in the table: ConvNeXt-
large achieves high accuracy (86% on ImageNet), which corresponds to a low
minimal path size and a high number of paths. Conversely, VGG11, with lower
accuracy (70.4% on ImageNet), exhibits a larger minimal path size but has
a lower overall number of paths. This supports the broader trend observed
across 644 models, where accuracy is negatively correlated with minimal path
size (average correlation: -0.55) and positively correlated with the number of
paths (average correlation: 0.41).
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Figure 31: Analysis of minimal path size versus number of paths across architectures.
The y-axis shows the minimal regions (out of 9 in a 3×3 grid) needed for
classification. Standard architectures all require many regions (5.2-6.0)
while maintaining numerous paths (90-150). Top-GAP using VGG11-bn
(VGG11-BN-C) enables systematic control over both measures as 𝑘 varies
from 2048 to 64.

To further explore how these patterns vary across architectures, we analyze
minimal path size and number of paths across model families (figure 31).

VGG-BN models require nearly 6 out of 9 possible regions while maintain-
ing on average 90-110 different decision paths. DenseNet achieves smaller
minimal path sizes (around 5.2-5.4 regions) but develops more paths (135-
150). ConvNeXt models strike a middle ground, utilizing 5.2-5.6 regions with
115-130 paths.

Furthermore, the plot reveals how neural networks naturally control spatial
processing through model scaling. For instance, DenseNet shows a progres-
sion from DenseNet-121 to DenseNet-201, with larger models tending to use
less regions but maintaining more paths. Similarly, ResNet (from ResNet-18
to ResNet-152) and ConvNeXT (tiny to large) demonstrate how architectural
scaling influences the balance betweenminimal path size and number of paths.

Top-GAP enables direct control of this balance through its 𝑘 parameter, un-
like traditional architectures that rely on increasing parameter size to improve
model behavior.

The value of 𝑘 directly determines how many spatial locations the network
can utilize, providing explicit control over the trade-off between path size and
number of paths. Setting 𝑘 = 512 achieves an optimal balance: the model uses
only 5.0 regions while maintaining 110 paths, placing it closer to the lower-left
corner of figure 31 than traditional architectures. Lower 𝑘 values (256, 128, 64)
further reduce the regions needed but at the cost of increasing decision paths
to 120-130.

This trade-off reflects a fundamental limitation in neural network inter-
pretability: it is impossible to minimize both path size and number of paths
simultaneously. A perfectly interpretable model would theoretically use a
single, minimal path to make its decisions. However, the visual complexity of
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ImageNet-scale tasks necessitates both sufficient spatial coverage (path size)
and alternative decision strategies (number of paths) for robust classification.

5.3.2 Attribution maps and Frequency maps

Having established the effect of different architectures on decision paths,
we now examine how attribution maps relate to our path-based analysis.
For this, we compute the Spearman correlation coefficient between the path
frequency map and attribution maps, normalized by a random baseline to
ensure comparability across architectures.

Architecture Variant Correlation coefficient ↑

ConvNeXT-T

FB 0.362
FB22k 0.323
HNF 0.329
IN12k 0.350

DenseNet-121 TV 0.455
RA 0.445

EfficientNet-B0

RA 0.486
TF-AA 0.461
TF-NS 0.438
TF 0.471

ResNet-18

A1 0.515
A2 0.527
RA2 0.477
FB-SSL 0.516
FB-SWSL 0.522
Gluon 0.476
SK-RA 0.488
TV 0.482

VGG-11

TV 0.466
TV-BN 0.506
TV-BN (k=64) 0.473
TV-BN (k=128) 0.510
TV-BN (k=256) 0.537
TV-BN (k=512) 0.580
TV-BN (k=1024) 0.601
TV-BN (k=2048) 0.573

Table 15: Correlation coefficient between frequency map and attribution maps across
different architectures and variants (𝑘 variants indicate our Top-GAPmethod).
Results are averaged over 700 ImageNet validation images and four attribution
methods.

We evaluated these metrics across 700 images from the ImageNet validation
dataset, averaging results across four attribution methods: ReciproCAM, two
variants of SmoothGrad (with 𝜎 = 0.1 and 𝜎 = 0.01), and VanillaGradients.
The results in table 15 reveal several interesting patterns.

Traditional architectures like ResNet-18 show relatively high correlations
(0.476-0.527) across different variants, suggesting consistent alignment be-
tween attribution maps and frequency maps. Interestingly, ConvNeXT-tiny
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exhibits lower correlations (0.323-0.362) despite having lower number of paths
than ResNet-18 and slightly lower path size, as shown in figure 31.

This apparent discrepancy highlights that attribution maps and decision
paths provide complementary views of the network’s decision process. The
lower correlation might also be influenced by ConvNeXT’s sensitivity to dif-
ferent SmoothGrad noise levels used in our evaluation.

EfficientNet-B0 variants show moderate correlations (0.438-0.486), while
DenseNet variants cluster around 0.45. The consistency within architectural
families suggests that the relationship between attributionmaps and frequency
maps is primarily determined by fundamental architectural design choices.

Most notably, Top-GAP with VGG11-bn demonstrates a clear pattern as
k varies across different scales. The correlation begins at a moderate level
with 𝑘 = 64 (0.473) and increases steadily until reaching its peak at 𝑘 = 1024
(0.601), before declining again at 𝑘 = 2048 (0.573). This peak achieves the
highest correlation among all tested architectures.
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0.05 0.07 0.19

constraint 1024

0.87 0.93 0.67

1.00 1.00 0.73
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0.18 0.31 0.14
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constraint 64

0.88 0.74 0.53

1.00 0.93 0.65

0.63 0.58 0.63

Figure 32: SmoothGrad attribution maps (top) and frequency maps (bottom) under
Top-GAP constraints of 1024 (left) and 64 (right). In the attribution maps,
the stricter constraint (64) yields sparser patterns with 0.11 versus 0.14
values per grid cell. The frequency maps similarly show more focused
highlighting under constraint 64.

To understand this difference, we performed a visual analysis comparing
attribution and frequency maps under two different Top-GAP constraints.
Figure 32 shows this comparison for 𝑘 = 64 and 𝑘 = 1024 using a single
ImageNet validation image, with SmoothGrad attribution maps in the top
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row and corresponding frequency maps below. For meaningful comparison
with our 3×3 grid-based decision paths, we averaged the SmoothGrad values
within each grid cell.

Unlike figure 30, we show in the plots here the normalized frequency map
values, which better reveal the regions the network focuses on. These normal-
ized values do not show the number of paths.

With constraint 𝑘 = 1024, the model develops 15 different ways (decision
paths) to classify the image. In the frequency map, a value of 1.0 for a grid
cell means that this cell is used in all 15 decision paths. We observe two such
cells (bottom left): one corresponding to the fish’s head and one to its tail fin /
body. The SmoothGrad map (top left) shows on average 0.14 values per grid
cell.

When we reduce the constraint to 𝑘 = 64, we force the network to use fewer
regions in each decision path. To compensate for this restriction, the network
develops more alternative paths to still achieve successful classification. The
network now has 57 decision paths.

The frequencymap shows only one grid cell (the fish’s head) with a value of
1.0 (bottom right), meaning this cell appears in all 57 paths. The SmoothGrad
map shows sparser patterns with on average 0.11 values per grid cell, and the
frequency map similarly shows more focused highlighting.

This analysis reveals the same trade-off we observed earlier in figure 31:
stricter constraints (k=64) force networks to use fewer, more focused regions
per decision, while developingmore alternative pathways to achieve successful
classification.

5.3.3 Accuracy and Robustness

Having analyzed how Top-GAP enables control over decision paths, we now
examine how these architectural constraints affect model performance. Ta-
ble 16 compares the accuracy of standard VGG-11 architectures against Top-
GAP variants across different constraint values (𝑘 = 64, 128, … , 2048).

Model Name Variant Number of Paths Minimal Path Size Accuracy ↑

VGG-11 TV 112.26 ± 155.03 5.88 ± 2.45 69.0
TV-BN 93.09 ± 130.13 6.07 ± 2.31 70.4

VGG-11-Con

64 124.14 ± 137.41 4.33 ± 2.25 68.7
128 133.42 ± 145.16 4.36 ± 2.28 69.7
256 125.79 ± 140.85 4.53 ± 2.30 70.0
512 107.93 ± 134.78 4.94 ± 2.32 69.6
1024 101.74 ± 132.11 5.12 ± 2.29 68.7
2048 90.00 ± 126.25 5.46 ± 2.36 66.7

Table 16: Comparison of decision path characteristics across different neural architec-
tures. Standard deviations reflect variation across 500 randomly sampled
ImageNet validation images. Accuracy refers to all images in the ImageNet
validation dataset.

The comparison between VGG-11 variants reveals interesting effects of batch
normalization: it increases minimal path size (5.88 → 6.07), decreases the
number of paths (112.26 → 93.09), and improves accuracy (69.0% → 70.4%).
This illustrates how architectural components like batch normalization can
significantly influence a network’s decision-making patterns.
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In the Top-GAP variants, we observe a clear manifestation of the negative
correlation (r=-0.55) between minimal path size and accuracy for 𝑘 ≥ 256.
As k increases from 256 to 2048, minimal path size grows steadily (4.53 →
5.46) with a corresponding decline in accuracy (70.0% → 66.7%). Notably,
at 𝑘 = 256, Top-GAP nearly matches the accuracy of VGG-11-BN (70.0% vs
70.4%) while requiring significantly fewer regions (4.53 vs 6.07).

While Top-GAP shows slightly lower performance on ImageNet compared
to the baselines (e.g., 70.0% vs 70.4% for VGG11-bn), its benefits become
apparent when examining specialized datasets. We compared the following
datasets:

• COCO [Lin+15b]: We turned this segmentation dataset into a classifi-
cation dataset by excluding images with more than one object. Further-
more, we kept only classes with a minimum of 20 samples per class. The
resulting subset comprises 53 classes.

• Wood identification dataset: This dataset was introduced in section 3.1.4.

• Oxford-IIIT Pet Dataset [Par+12]: The task is to differentiate among 37
breeds of dogs and cats.

• CUB-200-2011 [Wah+11]: 200 classes of birds have to be distinguished.

The results are shown in table 17. We trained all the networks with 5-fold
cross validation and averaged the values.

Dataset Arch Accuracy ↑ Accuracy (ours) ↑

COCO [Lin+15b]
EN 0.801 ± 0.009 0.803 ± 0.006
CN 0.939 ± 0.006 0.940 ± 0.005
RN 0.853 ± 0.004 0.868 ± 0.005

Wood EN 0.672 ± 0.037 0.681 ± 0.041
CN 0.721 ± 0.030 0.724 ± 0.033

Oxford [Par+12] EN 0.854 ± 0.008 0.863 ± 0.010
RN 0.861 ± 0.007 0.862 ± 0.007

CUB [Wah+11]
EN 0.76 ± 0.01 0.77 ± 0.005
RN 0.69 ± 0.014 0.685 ± 0.006
CN 0.862 ± 0.007 0.854 ± 0.005

Average 0.801 0.805
Table 17: Performance comparison between baseline models and Top-GAP variants

across multiple datasets. EN = EfficientNet-B0, CN = ConvNeXt-tiny, RN =
ResNet-18, VG = VGG11-bn.

For almost all datasets and architectures, we see small improvements in
classification performance. On average, the accuracy increases by around
0.4%.

Importantly, across all these specialized datasets, optimal performance
was achieved with constraints 𝑘 ≥ 256, never with smaller values like k=64.
This aligns with our ImageNet findings about the importance of maintaining
sufficient spatial flexibility while constraining attention.

Beyond specialized datasets, we investigatedwhether Top-GAP’s spatial con-
straints enhance model robustness to distribution shifts. Table 18 presents re-
sults across three scenarios: CUB toWaterbirds (background shifts) [Sag+20],
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ImageNet to Sketch (style shifts) [Wan+19b], and ImageNet to ImageNet-C
(corruption shifts) [HD19].

Dataset Arch Acc ↑ Acc ↑ (ours)

CUB → Waterbirds
EN 0.521 0.564
CN 0.722 0.737
RN 0.468 0.520

ImageNet → Sketch VG 0.179 0.200
RN 0.206 0.236

ImageNet → ImageNet-C VG 0.494 0.498
RN 0.513 0.535

Average - 0.443 0.470
Table 18: Evaluation of the out-of-distribution accuracy by using images outside the

original dataset. 𝑋 → 𝑌 means train on X and validate on Y.

The results demonstrate consistent improvements across all distribution
shift scenarios. On theWaterbirds dataset, where background changes test the
model’s ability to focus on relevant object features, Top-GAP shows substantial
gains across all architectures. Similar improvements appear on ImageNet-
Sketch, where ResNet-18 achieves a 3 percentage point gain (20.6% to 23.6%),
and on ImageNet-C, where accuracy improves by up to 2.2 percentage points.

5.3.4 Spatial Focus and Receptive Field

Our analysis has shown that Top-GAP with strong constraints (low k) leads
to networks with many decision paths but each path uses very few regions.
While small paths are desirable for interpretability since they pinpoint specific
important regions, having many alternative paths makes it harder to under-
stand all possible decision strategies. For instance, with k=64, we observed
124 different decision paths compared to just 90 paths with k=2048 (table 16).

However, we also found that networks with strong constraints show im-
proved accuracy on specialized datasets and better robustness to distribution
shifts (table 18). This suggests that despite having more paths, these networks
might be focusing on relevant objects rather than background features.

While the theoretical receptive field (see section 2.2.3) tells us how large of
an input region can influence each output position, research has shown that
in practice, not all pixels within this region have equal influence [Luo+16]. To
understand how our architectural constraints affect spatial processing patterns,
we need to examine the effective receptive field (ERF), which measures how
strongly each input pixel actually influences the network’s computations.

We calculate this influence through partial derivatives:
𝜕𝑋(𝑛)

𝑖(𝑛),𝑗(𝑛)

𝜕𝑋(1)
𝑖(1),𝑗(1)

, which

captures how much a change in input pixel (𝑖(1), 𝑗(1)) affects the output at
position (𝑖(𝑛), 𝑗(𝑛)).

To visualize the ERF, we place a gradient signal of 1 at specific locations in
the final feature map and backpropagate to the input. Figure 33 shows this
for both a standard ResNet-18 and one trained with Top-GAP.

To quantify these differences, we introduce the ERF distance metric:
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Figure 33: ERF for various locations in the output feature map. While the standard
model shows uniform influence across positions, Top-GAP exhibits stronger
central influence, suggesting more focused processing of object regions
versus background.

Definition 5.3.1 (ERF distance [NSK24b]). Let ERF(1, 1) be the average abso-
lute gradient from all input pixels to the output corner position (1, 1):

ERF(1, 1) =
1

ℎ𝑤 ∑
𝑖,𝑗

∣
∣
∣
∣

𝜕𝑋(𝑛)
1,1

𝜕𝑋(1)
𝑖,𝑗

∣
∣
∣
∣

Similarly, let ERF(ℎ/2, 𝑤/2) be the average absolute gradient to the output
center position, where ℎ and 𝑤 are the height and width of the output feature
map. The ERF distance is then defined as: ERF(ℎ/2, 𝑤/2) − ERF(1, 1).

This metric captures how uniformly the network processes different spatial
regions. A high ERF distance indicates stronger central influence – the network
focuses more on central regions where objects typically appear. A low or
negative distance suggests uniform influence across positions, indicating less
focused spatial processing.

Dataset Arch ERF distance ↑ ERF distance (ours) ↑

COCO [Lin+15b]
EN 0.108 0.447
CN 0.072 0.288
RN 0.273 0.399

Oxford [Par+12] EN 0.013 0.383
RN 0.060 0.443

CUB-200-2011 [Wah+11]
EN -0.033 0.480
CN -0.034 0.242
RN 0.092 0.529

Table 19: The table shows that our approach leads to a different ERF. The center has a
stronger effect than the corner of the image. ”Ours” is our approach (with
pixel constraint, ℓ1 loss and the changes to the model). The other column
is the standard model without any changes. EN = EfficientNet-B0, CN =
ConvNeXt-tiny, RN = ResNet-18.

As shown in table 19, networks trained with Top-GAP consistently show
larger ERF distances across all architectures and datasets. This reveals an im-
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portant aspect of howTop-GAP influences network behavior: while strong con-
straints lead to many decision paths, these paths are not uniformly distributed
across the image. Instead, they tend to concentrate on regions containing
relevant objects.

This pattern aligns with our earlier frequency map analysis (figure 32),
where we observed slightly higher number of regions highlighted for weaker
Top-GAP constraints. The ERF analysis now provides quantitative evidence
that this spatial bias persists across different architectures and datasets.

5.3.5 Spatial Focus and Frequency maps

Another way to analyze the spatial focus of Top-GAP and to compare it with
other models is through the peak-to-average ratio of frequency maps. The
frequency maps show us how many paths go through each region. As we
observed in figure 30, VGG11 exhibits relatively uniform spatial processing
while ConvNeXt-large shows more focused processing. However, not all
examples show such clear visual distinctions. For instance, in figure 32 the
differences are more subtle. Therefore, we need a quantitative approach to
analyze spatial processing patterns across large numbers of images.

The peak-to-average ratio provides such a measure, quantifying how effec-
tively a network distinguishes between foreground and background regions.
This analysis complements our earlier ERF investigation, offering another
perspective on spatial processing patterns.

Definition 5.3.2 (Peak-to-Average Ratio). Given a frequencymap 𝐹 ∶ 𝐼 → [0, 1]
that assigns to each grid coordinate 𝑖 the fraction of decision paths that include
it, the peak-to-average ratio is defined as:

𝑅 =
max𝑖∈𝐼 𝐹(𝑖)
1
|𝐼| ∑𝑖∈𝐼 𝐹(𝑖)

A ratio of 1.0 indicates uniform spatial processing (all regions used equally
often), while higher ratios indicate more focused processing (some regions
consistently used more than others).

Analysis of peak-to-average ratios in table 20 reveals several key patterns.
First, Top-GAP with strong constraints (low k) consistently achieves higher
ratios than standard architectures, indicating more focused spatial processing.
The effect is systematic, with ratios decreasing monotonically as k increases
from 64 to 2048. This aligns with our earlier observation that these networks
show improved robustness to distribution shifts because they have learned to
identify the most relevant image regions.

Second, we observe clear relationships between architectural choices and
spatial focus. Within both the ResNet and ConvNeXt families, larger models
achieve higher peak-to-average ratios (ResNet101: 1.168 vs ResNet18: 1.142;
ConvNeXt-Large: 1.207 vs ConvNeXt-Tiny: 1.172). This suggests that in-
creased model capacity enables more selective spatial processing, although
the effect is less pronounced than that achieved through explicit constraints.

The peak-to-average ratio shows a moderate negative correlation (r = -0.411)
with minimal path size across architectures, suggesting that networks capable
of making decisions using fewer regions tend to process spatial information
more selectively. This relationship is exemplified by Top-GAP with k=64,
which achieves both the highest peak-to-average ratio (1.289) and one of the
smallest minimal path sizes (4.327) among all architectures (see also table 16).
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Architecture Variant Peak-to-Avg ↑

Top-GAP (VGG11-BN)

k=64 1.289 ± 0.178
k=128 1.268 ± 0.176
k=256 1.264 ± 0.174
k=512 1.245 ± 0.171
k=1024 1.239 ± 0.171
k=2048 1.217 ± 0.166

VGG11 Standard 1.141 ± 0.124
BN 1.152 ± 0.135

ResNet

18 1.142 ± 0.123
34 1.149 ± 0.124
50 1.166 ± 0.148
101 1.168 ± 0.144

ConvNeXt
Tiny 1.172 ± 0.144
Base 1.190 ± 0.154
Large 1.207 ± 0.161

Table 20: Comparison of peak-to-average ratios across architectures. Higher ratios
indicate more focused spatial processing. Standard deviations calculated
across ImageNet validation images.

The consistency of this pattern across different architectures suggests that
constraining the spatial extent of decision-making naturally leads to more
focused processing strategies.

5.3.6 Ablation study

Our proposed method, Top-GAP, integrates three key components: Feature
Pyramid Networks (FPN), an ℓ1 loss, and a top-k pooling mechanism. To
evaluate the contribution of each component to the overall performance, we
conducted an ablation study on two datasets: wood identification and COCO.
This analysis provides insight into how each element of Top-GAP affects
accuracy.

FPN ℓ1 loss Top-GAP AccWood ↑ AccCOCO ↑
7 7 7 0.672 0.801
7 7 3 0.626 0.681
7 3 7 0.676 0.799
7 3 3 0.676 0.796
3 7 7 0.676 0.796
3 7 3 0.614 0.532
3 3 7 0.671 0.790
3 3 3 0.681 0.803

Table 21: Ablation study using the wood identification and COCO dataset with
EfficientNet-B0 and size 224x224.

Table 21 demonstrates that the complete Top-GAP configuration, combining
FPN, ℓ1 loss, and top-k pooling, achieves the highest accuracy on both datasets.
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5.4 visual explanations for wood species classification

In section 4.6, we analyzed our wood classification network using Smooth-
Grad attribution maps. While these maps identified potentially important
regions through scalar importance scores, they represent each spatial location
independently. This simplified view cannot capture how different regions
interact in the network’s decision process.

The decision path framework introduced in this chapter addresses this limi-
tation by examining what combinations of regions together maintain classifi-
cation decisions when other regions are adversarially perturbed. Additionally,
Top-GAP constraints offer a way to influence how networks process spatial
information, leading to different patterns of feature utilization.

For a detailed understanding of these different approaches to feature de-
tection, we analyze an Acacia mangium sample using attribution maps and
decision paths.

0.06 0.21 0.02

0.13 0.34 0.09

0.09 0.12 0.02

constraint 512

0.59 0.59 0.59

0.60 0.64 0.56

0.55 0.61 0.52

0.13 0.16 0.04

0.14 0.26 0.08

0.12 0.15 0.04

no constraint

0.67 1.00 0.50

1.00 1.00 1.00

1.00 1.00 0.67

Figure 34: Comparison of attribution patterns in wood identification. Top row shows
SmoothGrad attributionmaps. Bottom rowdisplays frequencymaps indicat-
ing decision path participation rates. In the attribution maps, the constraint
512 yields 0.12 values per grid cell versus 0.126 for no constraint. The con-
strained frequencymap also highlights fewer regions than the unconstrained
one.

Figure 34 reveals how constrained and unconstrained networks (baseline
ConvNeXt) develop distinctly different strategies for processing anatomical
features. The top row shows attribution maps with grid cell values indicating
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feature importance, while the bottom row displays frequency maps showing
how often each region participates in successful classification.

The attribution maps demonstrate that both networks identify similar struc-
tures, with the unconstrained network showing slightly higher attribution
values (0.126) compared to the constrained version (0.12). At first glance, the
similar appearance of these attribution maps might suggest that the constraint
had minimal impact on how the networks process information. However,
the frequency maps reveal a fundamentally different picture of how these
networks actually make their decisions.

The unconstrained network exhibits a rigid pattern where six regions have
maximum frequency (1.00), indicating an inflexible decision process. This
reveals a crucial limitation of attribution maps: while SmoothGrad shows us
the independent importance of each region, it cannot tell us how these regions
work together in the actual classification process. The frequency maps fill this
gap by revealing that these independently identified features must actually all
be present together for successful classification. If even one of these critical
regions is missing, the network’s ability to correctly classify the image would
fail.

In contrast, the constrained network shows a much more balanced distribu-
tion of frequency values, ranging from 0.64 for the most frequently used cell
to 0.52 for the least used. This narrow range indicates that no single region is
absolutely essential. Instead, the network has learned to correctly identify the
wood species using various combinations of features.

Figure 35: Visualization of decision paths for Acacia mangium. Top row: Constrained
network (k=512) showing multiple valid three-cell combinations for correct
classification. Bottom row: Unconstrained network requiring at least seven
specific regions, indicating less flexibility in feature combination. Blue
regions indicate masked areas, red shows regions used for classification.

Figure 35 further illustrates this distinction by showing specific decision
paths. The unconstrained network requires a minimum of seven grid cells for
correct classification, including regions containing key anatomical features
such as ray patterns. The constrained network, however, can achieve correct
classification with just three grid cells.

Given the constrained network’s 345 decision paths, we selected and visual-
ized the five shortest paths for clarity. In the unconstrained network, which
has only five paths, all were displayed. Figure 36 shows a human expert
annotation overlay for comparison.

Comparing figure 35 with this expert annotation, we see that the first deci-
sion path of the unconstrained variant (bottom row) shows strong alignment
with expert features by covering most grid cells. While this comprehensive
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Figure 36: Expert overlay

path pattern appears as a subset in most paths, path 4 notably differs by
excluding the upper-left corner region.

Even though the constrained network’s decision paths also correspond to
expert-identified features, they exhibit partial overlaps and require signifi-
cantly fewer cells for classification. Therefore, the network achieves correct
classification with minimal spatial information.

At first glance, analyzing individual samples (here Acacia mangium, with an-
other example of Eucalyptus provided in appendix A.3) might appear limited.
However, our extensive analysis throughout this chapter has already demon-
strated that these patterns are fundamental to how neural networks process
spatial information. Through quantitative evaluation of hundreds of models
across multiple datasets, we established that neural networks consistently
operate along two main axes: path size (how many regions are required) and
path count (how many alternative paths exist). The behavioral differences
between constrained and unconstrained networks observed in these samples
directly reflect these broader architectural properties. These examples thus
serve to illustrate in detail the general principles we established through our
comprehensive analysis.

Building on these general principles, our analysis reveals two key insights
specifically for wood species identification. First, as demonstrated in sec-
tion 4.6, attribution maps show strong alignment with expert-identified fea-
tures. However, our current analysis demonstrates that attribution values
alone provide an incomplete picture of how networks actually process fea-
tures.

To address this limitation, frequency maps offer a more precise under-
standing of feature importance by revealing how regions participate in actual
classification decisions. Unlike attribution maps, which provide noisy gradi-
ent values, frequency maps give clear, interpretable measurements: a value of
0 indicates a region is never used in classification, while 1 indicates the region
is essential for all valid decision paths.

The combination of frequency maps and decision paths provides practi-
cal insights into how networks process information. By identifying specific
combinations of regions sufficient for classification, decision paths reveal con-
crete strategies the network uses for species identification. This represents a
significant advance over attribution-based analysis alone.



5.4 visual explanations for wood species classification 103

These methodological advances demonstrate how architectural constraints
can guide neural networks toward more interpretable and efficient decision
strategies. The integration of attribution maps, frequency maps, and decision
paths provides users with a comprehensive framework for understanding and
validating classification systems. This deeper understanding of neural network
decision-making opens new possibilities for improving both neural network
architectures and interpretability practices in automated species identification.





6DISCUSS ION AND CONCLUS ION

This thesis addressed two interconnected challenges: developing an auto-
mated system for microscopic wood identification using deep learning, and
advancing our understanding of interpretability in neural networks. Our work
was motivated by increasing regulatory pressures, particularly the EU regu-
lation on deforestation-free supply chains (EUDR) [Par23], which demands
reliable methods for wood species verification in global supply chains.

Wood anatomy presents an ideal domain for exploring interpretability due
to its controlled experimental conditions in this project, including standard-
ized microscopy protocols and consistent imaging parameters. Unlike many
computer vision tasks, we had access to wood anatomy experts who could
evaluate our findings and provide domain knowledge about anatomical struc-
tures. This enabled meaningful discussions about whether our networks were
learning relevant patterns for identification.

The following sections detail our specific contributions in both areas, analyze
their theoretical and practical implications, and discuss future directions for re-
search. We begin by examining our advances in wood identification, followed
by our contributions to neural network interpretability, before synthesizing
these findings and discussing their broader impact on both fields.

6.1 wood identification

6.1.1 Summary

This research presented a comprehensive approach to microscopic wood iden-
tification through a two-stage pipeline combining vessel detection and classifi-
cation. Through collaboration with the Thünen Institute of Wood Research,
we established a substantial dataset comprising 1,614 microscopy images with
118,287 annotated vessel elements across 13 genera, focusing particularly on
nine significant genera. The dataset creation process incorporated an active
learning approach to optimize annotation efforts, while careful attention to
sample preparation and imaging protocols ensured data quality and consis-
tency.

In the detection phase, we first established a baseline using YOLOv7 and
subsequently developed WoodYOLO, a specialized architecture optimized
for vessel detection. The baseline YOLOv7-W6 model achieved an F2 score of
0.783, operating at 5184×5184 resolution and requiring substantial computa-
tional resources. WoodYOLO significantly improved upon this performance,
achieving an F2 score of 0.848 (a 6% improvement) while operating at a
lower 2048×2048 resolution and requiring less VRAM. This enhancement
was achieved by rewriting the original YOLOv7 code and removing redun-
dant code, while at the same time also adjusting the architecture, metrics
and tuning the parameters. Notably, our experiments revealed that estab-
lished techniques like mosaic augmentation, while effective in general object
detection, proved detrimental in our specialized domain, highlighting the
importance of domain-specific optimization.

The classification stage employed a ConvNeXt-tiny architecture, achieving
a macro F1 score of 64.61% on the test dataset. Through extensive experi-
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mentation, we identified optimal preprocessing strategies including resize-
with-padding to 800×800 pixels, grayscale conversion (improving accuracy
by 1%), and prediction averaging across multiple focal planes. The classifica-
tion results revealed consistent confusion patterns between morphologically
similar genera, particularly the Liquidambar-Schima-Fagus group and the Pop-
ulus-Salix pair, which mirrors challenges encountered by human experts in
wood anatomy.

Several technical innovations emerged from this research. Our WoodYOLO
architecture demonstrated that domain-specialized models can significantly
outperform general-purpose architectures while reducing computational re-
quirements. Our analysis of focal plane integration strategies and preprocess-
ing techniques established best practices for handling multi-focal microscopy
data in classification tasks.

6.1.2 Discussion

Our research advances both the theoretical understanding and practical imple-
mentation of automated microscopic wood identification. The development
of WoodYOLO and our classification pipeline directly addresses the growing
need for reliable wood species verification in global supply chains, particu-
larly in response to regulations like the EUDR. The results demonstrate that
automated systems can achieve accuracy levels comparable to human expert
analysis, while offering advantages in processing speed and consistency.

These findings emerged through systematic experimentation and devel-
opment, yielding valuable insights into the requirements for effective wood
species identification. Most notably, we discovered that successful vessel de-
tection does not necessarily require extensive training data, as demonstrated
by our first baseline model. By adapting a YOLOv7 model pretrained on the
COCO dataset of natural images to microscopic wood samples, we achieved
promising detection performance with a limited set of annotated images. This
success reflects standard results in the ML literature [Yos+14] that show
that fundamental image features learned from natural objects, such as edge
detection and shape recognition, can transfer effectively to different datasets.

Now with our expanded dataset of over 100,000 vessels from 1,614 micro-
scope images, our models can serve as powerful pre-trained networks for
transfer learning. Rather than starting from scratch when detecting other
anatomical structures in wood microscopy images, these pre-trained models
can be fine-tuned with significantly fewer annotations, as they have already
learned relevant features from our extensive dataset.

However, there is also one limitation. Our dataset, though substantial
in size, was captured using a single microscope under consistent imaging
parameters. This introduces significant correlations between images, as true
diversity would require data from multiple devices and imaging conditions.

Despite these constraints, several characteristics of microscopic imaging sup-
port our expectation of robust real-world performance. Microscope imagery
fundamentally differs from natural photography in its variability character-
istics. While natural photographs of objects vary dramatically with lighting,
camera angles, backgrounds, and environmental conditions, microscope im-
agery operates within more controlled parameters. The imaging process
follows standardized protocols, with specimens prepared according to estab-
lished procedures and captured using calibrated equipment. While variations
exist in factors such as staining intensity, focal plane alignment, and image
brightness, the fundamental morphological characteristics of wood vessels
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remain consistent, providing a strong foundation for reliable automated anal-
ysis.

This inherent stability in microscopic imaging suggests that our model
should generalize effectively to new samples, even with limited training data.
Our data augmentation techniques likely capture a substantial portion of the
real-world variation we expect to encounter in practice.

A particularly interesting aspect of our findings is the parallel between
human and neural network classification strategies. Initially, we attempted
to incorporate color information into the classification process, assuming
that additional features would enhance accuracy. However, our experiments
demonstrated that, similar to human experts, color information provided
no additional discriminative power. Similarly, our initial approach of image
resizing proved less effective than maintaining consistent scale relationships,
mirroring the behavior of human experts.

6.1.3 Limitations and Future Directions

Our research opens several promising avenues for advancement, which we
organize into three key areas:

Architectural Optimization

Our finding that shallow networks proved remarkably effective for vessel de-
tection suggests opportunities for further optimization. Since the task focuses
on general shape identification rather than complex feature extraction, explor-
ing modernized versions of simpler architectures like VGG or investigating
depthwise blocks could improve inference speed without compromising accu-
racy. The neck component, responsible for aggregating features from different
feature maps, also warrants investigation to determine essential components
for optimal performance.

Real-World Deployment Enhancement

For practical implementation, several challenges require attention:

• Mixed Sample Analysis: Developing robust post-processing methods
for handling samples containingmultiple species, including determining
ideal confidence thresholds for production environments. The system
needs to provide accurate percentage distributions of species within an
image.

• Expert-Like Selection: While experts typically focus on a small subset
of high-confidence vessels, our classifier currently processes all vessels
detected by WoodYOLO. To better mimic expert behavior, we could
better filter the bounding boxes using specialized heuristics.

• Cross-Device Compatibility: Enhancing system robustness across dif-
ferent microscopy conditions through domain adaptation techniques
and testing across various microscope types.

• Computational Efficiency: Optimizing the classification process, partic-
ularly for non-GPU deployments, through techniques like model quan-
tization. This is especially important for images containing hundreds of
vessels requiring individual classification.
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Extension of Capabilities

Future work should focus on expanding the system’s capabilities in several
directions:

1. Softwood Identification: Adapting the system for softwood samples,
which present different challenges due to their fiber-like structures and
smaller identifying features. Furthermore, they have no vessel elements.
This would require adjustments to both architecture and resolution
handling.

2. Novel Feature Discovery: Exploring beyond traditional vessel-based
classification to potentially uncover new anatomical markers for species
identification. While this represents a departure from standard practices,
deep learning systems might identify previously unknown discrimina-
tive features.

3. Enhanced Multi-Focal Integration: Developing more sophisticated
methods for combining multi-focal plane data, potentially through spe-
cialized architectural components or advanced ensemble techniques for
prediction aggregation.

4. Expansion of Hardwood genera: Increasing the number of genera in-
cluded in the training dataset.

This roadmap for future development balances immediate practical im-
provements with longer-term research objectives, ensuring both academic
advancement and industrial applicability.

6.2 neural network interpretability

6.2.1 Summary

Our investigation into neural network interpretability began with a systematic
evaluation of attribution methods across multiple standard computer vision
datasets. Through comprehensive empirical analysis, we discovered a striking
lack of consistency between these methods. The average similarity between
different attribution approaches was only 48% for ResNet-50 and even lower
at 22% for ConvNeXt-tiny. This significant variation highlighted the need for
robust evaluation metrics to determine which methods most accurately reflect
neural networks’ decision-making processes.

In developing such metrics, we drew inspiration from human vision re-
search, particularly studieswhere researchers systematically revealed ormasked
different image regions to identify areas diagnostic for human recognition
tasks. This empirical approach suggested that systematic manipulation of
visual information through controlled revelation or masking could effectively
probe feature importance. Traditional metrics like Deletion and Insertion were
based on this principle. However, our analysis revealed a crucial flaw: since
these metrics operate at the pixel level, they should demonstrate monotonic be-
havior in model confidence as information is progressively removed or added.
Our experiments showed they failed to exhibit this expected characteristic.

This observation led us to formally define essential properties for masking
operators, including statistical monotonicity, completeness, and significance.
After analyzing various masking approaches, from Gaussian blur to bright-
ness adjustment, we introduced our novel adversarial perturbation mask.
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Through extensive evaluation across multiple architectures and datasets, we
demonstrated that our approach achieved superior performance in terms of
consistency, monotonicity, and baseline discrimination. Using this improved
evaluation framework, we established that SmoothGrad consistently outper-
forms other attribution methods.

Having established SmoothGrad as the most reliable attribution method
through our comprehensive evaluation framework, we applied it to our pri-
mary research focus: understanding how neural networks process wood
anatomical features. Our analysis revealed three key insights about feature
processing. First, neural networks predominantly focused on regions that
significantly overlappedwith expert-identified features. Second, while experts
provided comprehensive annotations of complete anatomical structures in our
dataset, neural networks identified specific discriminative regions – though
this difference in documentationmay not reflect actual visual processing strate-
gies. Third, we found cases where neural networks highlighted anatomically
relevant regions that experts had not traditionally emphasized, suggesting
potential new diagnostic features for wood identification.

This pattern emerged clearly in our analysis of vessel structures across dif-
ferent genera. In Acacia specimens, while experts documented complete vessel
outlines and arrangements, SmoothGrad attribution maps highlighted specific
points along these structures that were most discriminative for classification.
A notable example of novel feature detection occurred in Eucalyptus samples,
where our model identified diagnostic patterns in parenchyma cells that could
serve as additional characteristics for species identification.

While these analyses provided valuable insights into how neural networks
process wood anatomical features, our investigation revealed a fundamen-
tal limitation of attribution maps: they treat pixels independently, failing to
capture how different anatomical regions interact in the network’s decision
process. This insight led to the development of our decision paths framework,
which moved beyond single-feature analysis to understand how neural net-
works combine multiple anatomical features for classification. By examining
these paths, we gained a new perspective on network behavior through fre-
quency maps, which reveal how often each region participates in successful
classification.

The decision paths framework yielded surprising insights into general neu-
ral network behavior. Through analysis of 644 models, we discovered that
larger, better-performingmodels tend to use smaller regions but developmany
redundant paths, while smaller models require larger regions but maintain
fewer paths. This relationship manifested as a significant negative correlation
(r=-0.55) between minimal path size and accuracy. Importantly, we found
that no network consistently maintains classification using only a single small
region, suggesting that robust visual recognition inherently requires multiple
feature combinations.

Based on these insights about feature combinations, we introduced Top-
GAP, an architectural modification designed to guide how networks process
spatial information. While we successfully encouraged networks to focus on
smaller regions, we discovered an unexpected trade-off: constraining region
size led to an increase in the number of alternative paths. This revealed a
fundamental limitation in neural network interpretability – we could not force
networks to use both small regions and few paths simultaneously.

Nevertheless, Top-GAP demonstrated significant benefits. Through anal-
ysis of effective receptive fields and peak-to-average ratios, we showed that
constrained networks exhibit more selective spatial processing. This selective
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attention translated to improved robustness, with Top-GAP networks showing
better performance under distribution shifts. Furthermore, we observed that
larger models naturally develop more selective spatial processing, suggesting
that increased model capacity enables more sophisticated feature selection
strategies.

These findings reveal that we do not necessarily make models more in-
terpretable by restricting them to use a small set of clearly defined features.
Instead, our work suggests that the complexity of visual recognition inevitably
manifests either through many small regions in different combinations or
through fewer, larger regions. Moreover, our analysis suggests that the flexi-
bility in feature selection we observe in our models may be fundamental to
effective visual recognition. The discovery of potentially overlooked feature
combinations, such as subtle patterns in parenchyma cells, opens new direc-
tions for wood anatomical research by highlighting anatomical characteristics
that merit closer scientific investigation.

6.2.2 Discussion

The findings of our thesis reveal fundamental insights about neural network
architecture, evaluation, and the nature of interpretability itself. Our analysis
begins with the observation that current approaches to characterizing neural
networks rely heavily on metrics such as parameter count, computational
cost (FLOPs), and various performance measures. While these metrics often
correlate with model accuracy and appear to capture important aspects of
model capability, our research demonstrates their insufficiency. The case of
VGG16 serves as a compelling example: despite its 138 million parameters,
modern architectures with far fewer parameters consistently achieve superior
results. This disparity highlights how parameter count alone provides an
incomplete picture of model capability.

Building on this understanding, our analysis introduces a crucial new di-
mension to the evaluation of neural architectures by examining how networks
process visual information. We discovered that models can achieve robust
processing through two distinct strategies: either by developing many small-
region redundant paths or by utilizing fewer large-region paths. This insight
helps explain why architectures with similar parameter counts or FLOPs can
perform very differently – they may be implementing fundamentally different
visual processing strategies. These findings suggest that a comprehensive
evaluation of neural networks must consider not just performance metrics, but
also how they process spatial information and develop redundant pathways.

This more nuanced understanding of network behavior leads us to recon-
sider traditional approaches to neural network interpretability. While methods
like attribution maps have been widely adopted for highlighting regions im-
portant for classification, our research reveals their fundamental limitations.

These methods provide only a static snapshot of network behavior, failing
to distinguish between necessary and sufficient features for classification. For
instance, while an attribution map might highlight a dog’s tail as important, it
cannot tell us whether the network could still correctly classify the image if the
tail were hidden. Our decision path analysis addresses this limitation by re-
vealing all possible combinations of features that lead to correct classification,
showing both which feature sets are sufficient (any complete path) and which
features are truly necessary (appearing in all paths). Our decision path analy-
sis represents a step forward by revealing how networks combine multiple
features, yet even this more sophisticated approach cannot fully characterize
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network decision-making. This limitation parallels a fundamental challenge
in understanding human visual processing: experts’ post-hoc explanations of
their decisions may not fully reflect their intuitive recognition process.

Rather than pursuing complete interpretability as an end goal, our findings
suggest a more pragmatic approach: developing targeted analytical tools
for specific needs. This might involve using attribution maps for feature
discovery, designing focused tests for detecting spurious correlations, and
employing decision path analysis to understand feature combinations. Such a
multi-faceted approach acknowledges that perfect interpretability, whether
for neural networks or human experts, may be an unrealistic goal while still
providing practical insights for different applications.

The implications of our research extend to the commonly cited tradeoff be-
tween accuracy and interpretability. This tradeoff is often illustrated through
oversimplified comparisons with linear models, but our work demonstrates
how this framing breaks down when considering complex visual tasks. Con-
sider what appears to be a simple approach: using a CNN’s first layer as a
feature extractor followed by linear regression. While this creates a technically
simpler model, it doesn’t actually achieve interpretability. Even though we
understand these first-layer features as edge detectors, the specific feature com-
binations and their interactions remain opaque. This reveals a fundamental
challenge: robust visual recognition appears to inherently require sophisti-
cated feature processing that resists reduction to simple, human-interpretable
rules.

Our findings ultimately point toward a more nuanced approach to inter-
pretability, one guided by task requirements. For simple tasks where inter-
pretable features naturally exist, we should strive for truly interpretablemodels
where both features and their combinations are meaningful. Such models
can serve as valuable baselines for more complex tasks, demonstrating what
performance is achievable with fully explainable features and decision rules
before moving to sophisticated architectures needed for real-world robustness.
While complex visual tasks may never be fully interpretable, we can continue
developing better tools to understand their behavior at different levels of
abstraction, from pixel-level attribution to semantic-level concepts. This multi-
level approach acknowledges the inherent complexity of visual recognition
while providing practical paths forward for improving our understanding of
neural network behavior.

6.2.3 Limitations

There are several methodological limitations that warrant discussion, though
we believe they do not impact our main findings.

First, our path framework employs a relatively coarse 3×3 grid, which lim-
its precise feature localization. While this resolution was necessary due to
computational constraints in our brute force search across grid cells, our quan-
titative and qualitative analyses demonstrate that the framework still produces
consistent and meaningful results. This resolution choice also influenced our
model selection process.

Second, regarding model coverage, we evaluated approximately 650 models
from the timm collection, representing roughly half of the available models.
Our focus on architectures trained at 224×224 resolution was deliberate, as
higher resolutions would result in even coarser grid representations relative
to the input. Nevertheless, our selection encompasses all commonly used
models in practical applications, including vision transformers.
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Third, our path analysis methodology relies on successful adversarial at-
tacks, which presents certain constraints. Specifically, for adversarially trained
models where our FGSM attack fails, we cannot perform the required pertur-
bation analysis. However, as demonstrated in section 4.5.4, both PGD and
FGSM generate similar perturbations (±1) in terms of raw pixel values. While
alternative approaches like using black pixels were considered, we opted
for our current method based on the superior reliability of our perturbation
operator, as shown in section 4.5.

Fourth, regarding dataset sample size, we conducted many experiments
only on a subset of the total 50,000 ImageNet validation images. Our analysis
revealed that increasing the sample size beyond approx. 1000-2000 images
did not yield significantly different results. For ImageNet experiments, we
primarily used VGG11 for training Top-GAP due to its computational effi-
ciency. While expanding to more architectures is possible, the challenge lies
in hyperparameter tuning to achieve higher accuracy than standard trained
networks across all architectures. We partially addressed this limitation by
conducting extensive training across diverse real-world datasets.

Despite these limitations, we maintain that our core findings remain valid.
While certain aspects could benefit from more detailed analysis, both our attri-
bution maps and path framework findings are supported by robust empirical
evidence across multiple experiments and datasets.

6.2.4 Future Directions

Our findings open several promising avenues for future research in neural
network interpretability and architecture design. We organize these directions
into three main themes: architectural innovations, methodological improve-
ments, and theoretical advances.

Architectural Innovations for Robust Feature Processing

While our research revealed the importance of redundant pathways in neural
networks, we need to better understand how to systematically develop and
control these redundancies. Future work should investigate how different
architectural components influence pathway formation and robustness. Of
particular interest is the role of normalization techniques (batch normalization,
layer normalization) and skip connections in shaping how networks develop
multiple pathways for classification. These components might affect not just
model performance, but fundamentally alter how networks learn to process
information redundantly.

Additionally, we should explore architectural modifications that explicitly
encourage beneficial forms of redundancy. While our Top-GAP approach
demonstrated that we can influence spatial processing through regularization,
future research could investigate other architectural modifications that shape
pathway formation. We have shown that larger models naturally develop
more pathways, but there might be other more efficient ways to encourage
path redundancy.

Methodological Improvements in Network Analysis

Our current decision path analysis framework provides valuable insights into
network behavior, but there are important aspects of pathway development
that remain to be explored. A particularly promising direction is investigat-
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ing how pathways evolve during the training process. We hypothesize that
networks might begin with more rigid, limited pathways early in training
before developing richer redundancies as training progresses. Understanding
this evolution could provide crucial insights into how networks learn to pro-
cess information robustly and how different training regimes might influence
pathway development.

Bridging Information Theory and Semantic Understanding

A fundamental challenge in neural network interpretability lies in connecting
information-theoretic aspects with semantic understanding. Current attri-
bution methods and evaluation metrics operate primarily at the pixel level,
failing to capture semantic relationships that emerge in deeper network layers.
This limitation reflects the broader ”symbol grounding problem” in artificial
intelligence (see section 4.4.2) – how do we connect low-level features to
high-level semantic concepts?

A key challenge in attribution methods is bridging the gap between pixel-
level attributions and the semantic concepts learned by networks. While
current attribution maps effectively identify important pixels or regions, they
don’t directly connect to the high-level semantic concepts that the network
has learned to recognize. This creates a fundamental disconnect: the network
operates at a semantic level, making decisions based on learned concepts, but
our attribution methods can only show us pixel-level importance.

Future research should focus on developing attribution methods that can
better align with the network’s semantic understanding. This could involve:

• Creating attribution methods that directly map to learned semantic
concepts rather than just highlighting important pixels

• Developing techniques to connect pixel-level attributions with the net-
work’s internal representations

• Investigating how different network architectures affect the relationship
between pixel-level attributions and semantic understanding

Theoretical Foundations

Finally, we need stronger theoretical foundations for understanding the re-
lationship between network architecture, redundant pathways, and robust
classification. Key questions include:

• What are the fundamental limits on the number of paths and path size?

• How does the trade-off between path size and number of paths scale
with model capacity?

• Can we develop a formal framework for understanding how networks
balance information compression with semantic representation?

• What are the theoretical connections between path redundancy and
generalization?

These theoretical investigations could help guide practical architecture de-
sign while deepening our understanding of neural network behavior. By
connecting empirical observations about pathway formation with formal theo-
ries of learning and information processing, wemight developmore principled
approaches to network design and analysis.



114 discussion and conclusion

The field of neural network interpretability stands at an exciting juncture.
While our current tools have revealed important insights about network behav-
ior, significant work remains in developing more sophisticated methods for
understanding and guiding how networks process information. Progress in
these directions could lead not only to more interpretable models but also to
fundamental advances in our understanding of machine learning and artificial
intelligence.

6.3 broader impact

This thesis demonstrates howneural network interpretability andwood anatom-
ical research canmutually strengthen each other. By developing frameworks to
analyze how networks process wood anatomical features, we have shown how
ML can contribute meaningfully to wood anatomy while remaining grounded
in expert knowledge.

Our work demonstrates that neural networks can do more than just auto-
mate wood identification – they can provide new perspectives on anatomical
features when we understand their decision-making processes. Through close
collaboration with wood anatomists, we’ve developed methods to reveal how
networks process and combine features, enabling experts to validate and
evaluate these computational approaches to wood analysis.

The timing of this research is particularly relevant given increasing regu-
latory pressures like the EU regulation on deforestation-free supply chains
(EUDR) [Par23]. As society demands more accountability in timber supply
chains, the need for interpretable wood identification systems becomes more
pressing. Our work shows that it’s possible to develop systems that both
perform accurate species identification and provide insights into their analysis
process.

Looking beyond wood identification, this research suggests a framework for
deploying neural networks in other domains requiring specialized expertise,
such as medical imaging or cellular microscopy. The key lies in developing
interpretable systems that can be validated bydomain expertswhile potentially
revealing new patterns or relationships in their respective fields.

This combination of neural network interpretability research with wood
anatomy expertise provides a model for future work in specialized domains.
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AAPPENDIX

a.1 evaluation of attribution maps

While we have already presented quantitative results demonstrating the vari-
ability of different attribution maps and metrics, here we provide some practi-
cal examples to illustrate these differences.

GuidedIG
deletion: 0.01, insertion: 0.58

BlurIG
deletion 0.02, insertion: 0.7

GradCAM++
deletion: 0.09, insertion: 0.63

ScoreCAM
deletion: 0.17, insertion: 0.56

Figure 37: Comparison of four attribution maps (AM) on an ImageNet sample.

Gradients SmoothGrad

GradCAM ScoreCAM

SmoothGradCAM++ Expert annotation

Figure 38: Attribution maps applied to a vessel element, demonstrating substantial
variation in highlighted regions.

The plot figure 37 shows divergent results: while the Deletion method
(lower is better) favorsGuided IntegratedGradients (IG), the Insertionmethod
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(higher is better) indicates Blur IG as optimal. This divergence further vali-
dates our findings about the limitations of traditional evaluation metrics.

Similar in figure 38, we see that eachmethod focuses on different anatomical
features, with none achieving complete alignment with expert annotations.
This variability reinforces our findings about the importance of robust evalua-
tion metrics for attribution methods. We note, however, that for SmoothGrad
we did use the default value and did not tune its 𝜎 parameter.

To demonstrate the practical utility of our metric (insertion combined with
perturbation operator), we analyze its application on the ChestX-ray8 dataset
[Wan+17]. We focus on the SmoothGrad attribution map, which requires
careful tuning of its noise level parameter 𝜎. The choice of this parameter
is crucial, as inappropriate values can lead to misleading results. We com-
pare two approaches for determining the optimal parameter: the deletion
metric using black pixel masking, and our insertion metric using adversarial
perturbation.

Parameter: =0.01
our metric 0.57

deletion metric 0.42

Parameter: =0.1
our metric 0.42

deletion metric 0.43

Parameter: =0.25
our metric 0.46

deletion metric 0.45

Parameter: =0.5
our metric 0.44

deletion metric 0.38

Figure 39: The optimal 𝜎 values for SmoothGrad are determined by two evaluation
methods: Deletion (↓) and our metric (↑). While visual analysis clearly
suggests the first image as the most appropriate choice, the Deletion metric
unexpectedly favors the last image as the preferred option.

The results demonstrate that our metric more reliably identifies the optimal
𝜎 parameter, aligning better with visual intuition.

a.2 top-gap

Our Top-GAP method architecturally constrains the neural network to process
only a limited set of spatial locations (e.g., 64 pixels). While we primarily
focus on SmoothGrad in this thesis, having demonstrated it produces the best
attribution maps according to our metric, we also examine other attribution
methods. In particular, we analyze here the standard class activation map
(CAM/GradCAM).

In both figures figure 40 and figure 41, we see the effect of our constraint.
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32 pixels 256 pixels 1024 pixels No constraint

Figure 40: Impact of pixel constraint on CAM (Wood identification dataset). ”No
constraint” denotes a standard unmodified EfficientNet-B0 model using
CAM/GradCAM. The object in the center, known as a vessel should be
highlighted. Without our method, the background containing fibers is also
highlighted.

64 pixels 256 pixels 1024 pixels

64 pixels 256 pixels 1024 pixels

64 pixels 256 pixels 1024 pixels

(a) Wood identification

64 pixels 256 pixels 2048 pixels

64 pixels 256 pixels 2048 pixels

64 pixels 256 pixels 2048 pixels

(b) ImageNet

Figure 41: Another example for our wood dataset (a) and ImageNet (b), where we
limit the locations in the output feature map that the CNN can use to make
predictions. Increasing the allowed pixel count leads to more pixels being
highlighted in the class activation map (CAM).
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We quantitatively repeated this experiment for other datasets as well. The
following plot shows that by increasing the constraint 𝑘, more and more pixels
are highlighted in the class activation map.

0.0 0.1 0.2 0.3 0.4 0.5 0.6
Constraint (% of pixels)

0.1

0.2

0.3

0.4

0.5

1

ImageNet
COCO
Oxford
CUB
Wood

Figure 42: Each line in the graph represents a dataset+architecture combination. The
x-axis shows the normalized 𝑘 value (e.g. 64

562 ) for the constraint, while the
y-axis represents the ℓ1 norm.

a.3 path framework

To further illustrate how architectural constraints influence decision-making
patterns, we analyze the decision paths for a Eucalyptus sample. Figure 43
reveals differences between constrained and unconstrained networks in how
they process anatomical features.

Figure 43: Visualization of decision paths for Eucalyptus. Top row: Constrained net-
work (k=64). Bottom row: Unconstrained network. Blue regions indicate
masked areas, red shows regions used for classification.

The unconstrained network requires at least 6 regions for successful classi-
fication. Furthermore, it shows a sharp transition in success rates: from 0%
with 5 regions to 97.22% with 7 regions. The network relies heavily on seeing
most of the image to maintain correct classification. The following table 22
shows this in more detail.

While these success rates are different than those observed in our ImageNet
analysis figure 28 (where success rates for 1-3 regions were below 12%), this
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Path Size Successful Paths Total Possible Success Rate (%)

1 0 9 0.00
2 0 36 0.00
3 0 84 0.00
4 0 126 0.00
5 0 126 0.00
6 5 84 5.95
7 35 36 97.22
8 9 9 100.00
9 1 1 100.00

Table 22: Decision path statistics for the original (unconstrained) network. Path size
indicates the number of regions used, while success rate shows the percentage
of valid paths among all possible combinations of that size.

difference is expected given the sample size. Our ImageNet statistics were
averaged across 500 images, while these tables represent performance on a
single Eucalyptus sample.

The constrained network (k=64) achieves successful classification with as
few as one region (44.44% success rate) and reaches near-perfect performance
with just three regions (94.05% success rate).

Path Size Successful Paths Total Possible Success Rate (%)

1 4 9 44.44
2 30 36 83.33
3 79 84 94.05
4 126 126 100.00
5 126 126 100.00
6 84 84 100.00
7 36 36 100.00
8 9 9 100.00
9 1 1 100.00

Table 23: Decision path statistics for the network with Top-GAP constraint k=64. The
constrained network achieves successful classificationwith significantly fewer
regions, as shown by the high success rates for small path sizes.

This example reinforces our broader findings about how Top-GAP con-
straints guide networks toward more focused spatial processing. While the
constrained network develops more alternative pathways, these paths consis-
tently overlap in regions containing discriminative features. This increased
redundancy, rather than indicating unfocused processing, actually demon-
strates more precise spatial attention.
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