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Abstract

This paper thoroughly looks at how to combine cutting-edge explainability techniques with deep
learning for image classification. We optimize a Deep Convolutional Neural Network (CNN) for the
CIFAR-10 benchmark image classification task. More specifically, we use a ResNet-50 architecture
that has already been trained on the ImageNet dataset. The experimental pipeline's strict
methodology includes a thorough model training protocol, data preprocessing with augmentation,
and a performance evaluation that looks at many different factors. The model's high accuracy in
classifying shows how well transfer learning works for this job. This work is important because it
goes beyond just performance metrics by using a game-theoretically based method called SHAP
(SHapley Additive exPlanations) to explain the model's predictions. SHAP gives you clear, easy-to-
understand visualizations that show how each pixel affects classification choices by making pixel-
level attributions. The results show that SHAP can figure out why both correct and incorrect
predictions were made, and that the model learns features that are important for meaning. The
important "black-box" problem in deep learning is solved by combining high performance with deep
interpretability. This shows a way to make AI systems that are more transparent, reliable, and
trustworthy, so they can be used in real-world situations where the stakes are high.

Keywords: Convolutional Neural Network; ImageNet; SHapley Additive exPlanations; ResNet-50

Introduction

The Rise of Deep Learning in Computer Vision

The rise of deep learning has led to a revolution in computer vision over the past ten years.
CNNss are a type of deep neural network that has become the standard for many visual recognition
tasks. They are based on the hierarchical organization of the animal visual cortex, where neurons
respond to stimuli in limited receptive fields. Their main strength is their ability to automatically and
adaptively learn a hierarchy of spatial features directly from raw pixel data, which eliminates the
need for manual feature engineering that was common in traditional computer vision methods.

This ability to extract hierarchical features, which range from simple, low-level features like
edges and textures in the first layers to complex, high-level object parts and concepts in deeper layers,
has fundamentally changed what is possible in artificial perception. This has led to state-of-the-art
performance in basic computer vision tasks like image classification, object detection, and semantic
segmentation.

The Need for Explainable Al (XAI) and the "Black Box” Dilemma

The very feature that makes deep learning models so effective —their capacity to learn complex
patterns across millions of parameters in deep, multi-layered architectures—also makes them
intrinsically opaque. These models frequently function as "black boxes," in which the internal logic
and the precise reasoning behind a particular prediction are not immediately apparent to human
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users or even their developers. This lack of transparency creates a significant trust deficit, which poses
a formidable obstacle to the adoption and deployment of Al in high-stakes, safety-critical domains
like medical diagnostics, autonomous vehicle navigation, financial decision-making, and security
systems. In these domains, a biased or inaccurate prediction can have serious repercussions, and it is
crucial to comprehend, validate, and debug a model's decision-making process.

Explainable AI (XAI) is a very important area of research that has come about because of this
problem. XAI wants to make it possible for people to understand the decisions of complex models by
turning opaque predictions into clear and understandable ones. The need for explainability is not just
academic; it is also driven by a growing societal and regulatory need for fairness, accountability, and
transparency in Al systems. In the current state of artificial intelligence, interpretability is not a luxury
but rather a basic requirement for creating sturdy, moral, and reliable systems.

Overview of the Study

This study addresses the dual challenges of ensuring model transparency and achieving
superior predictive performance. It provides a systematic and comprehensive approach for
developing a resilient and comprehensible image classification system. To accomplish this, the study
employs a synergistic integration of innovative methodologies and established norms. The CIFAR-
10 dataset, a well-known computer vision benchmark, is used as the experimental testbed. The
classification model is based on the ResNet-50 architecture, a deep and powerful CNN known for its
performance. Transfer learning is used to efficiently achieve high accuracy by fine-tuning a model
that has already been trained on the extensive ImageNet dataset.

This study utilizes SHAP (SHapley Additive exPlanations), a robust and theoretically grounded
XAI framework, to confront the opaque nature of the ResNet-50 model. SHAP delivers pixel-level
elucidations for each prediction, offering a thorough and comprehensible insight into the model's
decision-making process. This paper demonstrates a complete pipeline from data preparation to
high-performance, interpretable classification through the integration of these components.

Questions for Research, Hypotheses, and Contributions Statement

This study aims to make a practical contribution to the field of trustworthy Al by demonstrating
the seamless integration of a robust XAI framework with a high-performance deep learning model.
The subsequent formal hypotheses and research inquiries function as the guiding framework for the
investigation.

Hypotheses

1. A ResNet-50 model that has already been trained on ImageNet can get more than 80% of the
CIFAR-10 test set right with a little bit of fine-tuning.

2. The SHAP framework can produce pixel-level attributions that are locally accurate and class-
discriminative for the ResNet-50 model's predictions. This will help people understand
important features of objects.

3. By using XAl techniques, especially SHAP, to look at and understand the model's failure modes,

you can get ideas that can help you make the model better in the future.

Questions for Research

1. How well can a deep architecture that has been pre-trained on a big, general-domain dataset
(ImageNet) use the feature representations it learned on a smaller, lower-resolution, and more
focused dataset (CIFAR-10)?

2. What specific visual features and patterns does the improved ResNet-50 model associate with

each of the ten classes in the CIFAR-10 dataset, according to SHAP explanations?
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3. Can SHAP explanations show systematic failure modes in the model, such as relying too much
on false correlations and background artifacts or getting confused between classes that look

similar (like cats and dogs)?

Foundations and Related Research

This work employs an approach grounded in decades of research in computer vision and
machine learning, rather than being an isolated experiment. The development of this study adheres
to a coherent and rational narrative: the relentless pursuit of predictive performance led to the
formulation of increasingly complex and advanced neural network architectures. But because these
models were so successful, their built-in lack of transparency became a new and urgent problem. This
"black box" problem can be solved directly and easily with explainable Al This study combines a
cutting-edge deep learning model with a cutting-edge XAI framework to meet the dual goals of
performance and transparency. This puts it at the cutting edge of this evolutionary path.

The Growth of Convolutional Neural Networks' Architecture

ResNet-50 was chosen as the base model for this study because CNNs have a long history of
coming up with new ways to build things. This history is marked by a constant push for deeper
networks because depth has been shown to be important for learning rich and discriminative feature
hierarchies.

LeNet: The Beginning of Modern CNNs

The LeNet family of networks, created by Yann LeCun and his team in the late 1980s and early
1990s, is where the basic ideas for modern CNNs came from. LeNet-5, the most famous version, was
the first to use the three main parts of CNNs today: fully-connected layers for classification, pooling
(or subsampling) layers for spatial downsampling and invariance, and learnable convolutional layers
for feature extraction. LeNet was one of the first systems to be trained end-to-end using the
backpropagation algorithm, straight from pixel images with little preprocessing. It was made to
recognize handwritten digits. Its successful commercial use in check-reading systems was one of the
first and most convincing proofs that neural networks could be used for real-world pattern
recognition tasks. It also laid the theoretical groundwork for all later CNN architectures.

AlexNet: The New Ideas and Breakthroughs in Deep Learning

Interest in neural networks waned for over a decade following LeNet; however, in 2012, Alex
Krizhevsky, Ilya Sutskever, and Geoffrey Hinton created AlexNet. AlexNet achieved victory in the
ImageNet Large Scale Visual Recognition Challenge (ILSVRC) 2012, exhibiting an unprecedented
error rate margin exceeding 10%, which is widely regarded as the pivotal moment that initiated the
contemporary deep learning revolution. To effectively train a significantly deeper network (8 layers)
on an extensive dataset, AlexNet employed a combination of architectural and training strategies,
rather than relying on a singular innovation.

In Rectified Linear Units (ReLU), the non-saturating activation function f(x)=max(0,x) is used
instead of more common sigmoid or tanh functions. ReLUs make training converge much faster and
stop the gradient from disappearing. Using a new regularization method called dropout, some of the
outputs of neurons are randomly set to zero during training. This stops neurons from making
complex co-adaptations, which helps the network learn more robust features and stops overfitting.
Using Graphics Processing Units (GPUs) to run the computationally demanding convolution
operations in parallel, it is possible to train a large network with 60 million parameters on the 1.2
million images in the ImageNet dataset in a reasonable amount of time.
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VGGNet: The Search for Depth through Simplicity

After AlexNet's success, researchers at the University of Oxford's Visual Geometry Group (VGG)
looked into how network depth affects performance in their VGGNet architecture.30 VGGNet's main
contribution, which led to its top results in the ILSVRC 2014, was its proof that significant
performance gains could be obtained by methodically increasing network depth using a
straightforward and homogeneous architecture.

The VGG architecture only uses very small 3x3 convolutional filters stacked on top of each other.
This design choice has two main benefits. A stack of several 3x3 filters has more non-linear ReLU
layers, which makes the decision function more discriminative. It also has a bigger effective receptive
field (for example, two stacked 3x3 layers have a 5x5 receptive field). Second, it has fewer parameters
overall than a single layer with a bigger filter. The most popular configurations, VGG-16 and VGG-
19, had 16 and 19 weight layers, respectively, showing that very deep networks were necessary for
high performance.

Fixing the Degradation Problem with Deep Residual Networks (ResNet)

Adding more layers to a network made the degradation problem, which is a new and strange
challenge, even though VGGNet showed the benefits of depth. Researchers discovered that accuracy
would reach a saturation point and subsequently decline rapidly when network depth exceeded a
specific threshold. The deeper models had a higher training error than the shallower ones, which
went against the idea that this was because of overfitting. This meant that deeper "plain" networks
were harder to optimize by nature.

Kaiming He et al. (2015) developed Deep Residual Networks (ResNet) to solve this problem.
ResNet's main innovation is the residual block, which has a "shortcut” or "skip" connection that skips
one or more layers. Instead of having the layers learn a direct mapping from input x to output H(x),
the layers are reformulated to learn a residual function F(x)=H(x)-x. The block's final output is then
calculated as F(x)+x. The hypothesis, which has been empirically validated, posits that the network
can optimize the residual mapping more efficiently than the original, unreferenced mapping. ResNet
won first place in the ILSVRC 2015 classification task because it could handle very deep data. In the
extreme case where an identity mapping is best (i.e., H(x)=x), it is much easier for the network to
learn to drive the weights of the stacked layers toward zero (making F(x) zero) than to fit an identity
function with a stack of non-linear layers. This change to the architecture solved the degradation
problem and let networks with 152 layers and more be trained.

Table 1. A summary of important CNN architectures.

Architecture | Year | Depth Key Filter | Activation Key Innovation(s) | ILSVRC

(Weight | Size(s) Function Performance
Layers)
LeNet-5 1998 | 7 5x5 Tanh/Sigmoid | Foundational N/A (Pre-

CNN structure | ILSVRC)
(Conv, Pool, FC)

AlexNet 2012 8 11x11, 5x5, | ReLU ReLU, Dropout, | 15.3% top-5 error
3x3 GPU training, | (Winner 2012)
greater depth
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VGG-16 2014 16 3x3 ReLU Homogeneous 7.3% top-5 error
stacking of small | (2nd Place 2014)
filters to increase

depth

ResNet-34 2015 | 34 3x3 ReLU Residual  blocks | 3.57% top-5 error
with shortcut | (Winner 2015)

connections

Transfer Learning in Computer Vision

To train a deep CNN like ResNet-50 from scratch, you need a lot of labeled data and a lot of
processing power. Transfer learning is a strong and useful alternative when the target dataset is
small, like CIFAR-10. This study's methodology is fundamentally based on transfer learning
principles.

Formal Definitions and Scenarios

Transfer learning aims to improve the learning of a target predictive function fT(-) within a target
domain DT by leveraging information from a source task TS and a source domain DS. A domain D
is characterized by a marginal probability distribution P(X) and a feature space X, where X represents
a sample of data. Transfer learning is useful when the source and target domains or tasks are not the
same. A task T is characterized by a label space Y and a predictive function f(-) derived from the data.
Transfer learning can be classified into distinct scenarios based on the nature of the tasks and the
accessibility of labeled data.

Inductive Transfer Learning: The source and target tasks are different, but the target domain has
some labeled data that can be used to help create the target model. This study exemplifies this
category as it employs labeled CIFAR-10 data to modify a model originally trained for the 1000-class
ImageNet classification task for the 10-class CIFAR-10 classification task.

Transductive Transfer Learning: The source and target tasks are the same, but the domains are
different. The source domain typically possesses labeled data, whereas the target domain lacks it.
This is a common occurrence in domain adaptation. In unsupervised transfer learning, the tasks are
different from those in inductive transfer, but neither the source nor the target domains have any
labeled data.

Basic Techniques: Fine-Tuning vs. Feature Extraction

There are two main ways to use pre-trained CNNs 18 for transfer learning;:

Feature Extraction: The pre-trained model is used as a fixed feature extractor, and its final
classification layers are usually not used. Only the weights of a new, task-specific classifier added on
top are trained on the target dataset; the weights of the convolutional base are not changed. This
method works quickly and well if the target dataset is small and similar to the source dataset.

Fine-tuning: This method involves unfreezing some of the upper layers of the convolutional base
and changing and training the classifier head. Then, these layers are trained (or "fine-tuned") along
with the new classifier using the target data, usually at a very low learning rate. This lets the model
change its high-level features that it learned before to fit the target dataset's unique details. This study
employs the fine-tuning technique to enhance the ResNet-50 model's adaptation of its feature
representations to the CIFAR-10 dataset.
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Reasons and Benefits of CIFAR-10 and Other Small Datasets

The hierarchical structure of the features that CNNs learn is what makes transfer learning work.
Models trained on large and varied datasets like ImageNet learn a lot of visual features. The first
layers learn basic features like edges, colors, and textures that are useful for most computer vision
tasks. The later layers learn more complicated and abstract features, like shapes and parts of objects.

Using a pre-trained model gives our new model a big advantage. The model begins with a
collection of highly effective, general-purpose visual features. This has several important benefits,
especially for smaller target datasets like CIFAR-10, as opposed to starting the network with random
weights and learning these features from scratch. Better Performance: The pre-learned features are a
better place to start when optimizing than starting from scratch. This often leads to a higher final
accuracy. Less Data Needed: The model needs less target-specific data to learn the new classification
task because it can already find basic visual features. Faster Convergence: Training goes much faster
because most of the model's weights are already set up correctly.

A Visual Taxonomy of Explainable Al

Choosing a XAI method is just as important as choosing the model architecture itself because
different XAI methods give different kinds of explanations with different pros and cons. SHAP was
selected for this study to underscore theoretical precision and comprehensive attribution. A review
of the XAI landscape reveals a clear trade-off between the type of explanation, model-agnosticism,
and speed.

Perturbation-Based Methods: LIME and the Local Approximation Principle

Perturbation-based methods systematically change the input to a model and then look at how
the change affects the prediction. LIME (Local Interpretable Model-Agnostic Explanations) is a great
example of this method. LIME's main job is to explain a single prediction by using a simple, easy-to-
understand model (like a shallow decision tree or a sparse linear model) to approximate the complex,
black-box model in the area around that prediction. It does this by making a new dataset of perturbed
instances around the original input (like turning super-pixels on or off in an image), getting the
predictions of the black-box model for these new instances, and then training the simple, easy-to-
understand model on this new dataset, weighted by how close it is to the original instance. LIME's
main advantage is that it works with any model without needing to see its internal structure.
However, its explanations can be unstable, changing a lot with different perturbation settings, and
the definition of a "local neighborhood" can be unclear.

Gradient-Based Techniques: Visualizing Class Activations and Grad-CAM

Gradient-based methods use the gradient information that flows through the network during
backpropagation to figure out how important each feature is. Grad-CAM (Gradient-weighted Class
Activation Mapping) is one of the most popular methods in this group. Grad-CAM makes a rough
localization map, or heatmap, that shows the important parts of an image for a specific class
prediction.

It does this by finding the gradient of the class score in relation to the feature maps of the last
convolutional layer. Then, based on the global average of these gradients, each feature map is given
a weight that shows how important it is. The main advantages of Grad-CAM are that it is fast and
can be used with many different CNN architectures without any changes. However, it only gives a
general explanation of where something is important (the "where") and not a detailed, fine-grained
attribution of which specific features in that area are important (the "what"). The final heatmap is a
weighted combination of the feature maps, passed through a ReLU function to show only the positive
contributions.
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A Unified Game-Theoretic Approach: SHAP and Its Attributes

SHAP (SHapley Additive exPlanations) is based on cooperative game theory and gives a unified
way to understand models. It gives a prediction to a group of input features by figuring out their
Shapley values, which is a game theory method for fairly splitting the "payout” (the model's
prediction) among the "players"” (the input features) based on how much each one adds to all possible
feature coalitions. This theoretical foundation endows SHAP with several beneficial attributes that
alternative methodologies, such as LIME or Grad-CAM, cannot assure:

Local Accuracy: The difference between the base (or average) prediction and the model's
prediction for that specific instance is guaranteed to be equal to the sum of the SHAP values for all
input features. If you change the model so that the feature's marginal contribution goes up or stays
the same, the SHAP value for that feature won't go down.

Missingness: Features that are actually missing from an instance, like a pixel value that isn't
there, get a SHAP value of zero. SHAP unifies several other methods, including LIME, by showing
that they are close to Shapley values under certain conditions. We chose SHAP for this study because
it has strong theoretical guarantees that provide a more thorough and reliable attribution of feature
importance, even though this costs more to compute than methods like Grad-CAM. This puts the
paper's methodology in a position that emphasizes the breadth and credibility of the explanation.

Table 2. Comparison of XAI Techniques Evaluation.

Feature LIME (Local | Grad-CAM  (Gradient- | SHAP (SHapley
Interpretable Model- | weighted Class | Additive exPlanations)
Agnostic Explanations) Activation Mapping)
Underlying Principle Local Surrogate Model Gradient-based Game Theory (Shapley
Activation Values)
Model Access Required | Black-box (only requires | White-box (requires | Model-agnostic variants
predictions) gradients and | (KernelSHAP) or model-
activations) specific (DeepSHAP)
Explanation Type Importance of | Coarse localization | Pixel-level  attribution
interpretable heatmap values
components (e.g., super-
pixels)
Key Advantage Model-agnosticism, Computationally Theoretical ~guarantees
intuitive concept efficient, class- | (accuracy, consistency),
discriminative unified framework
localization
Key Limitation Instability of | Coarse resolution, | High computational
explanations, dependent | explains "where" not | complexity, especially
on perturbation method | "what" KernelSHAP
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Experimental Design and Implementation

This part goes into great detail about the experimental methodology, covering the model
architecture, training protocol, dataset preparation, explainability and performance evaluation
frameworks, and more. The methods, which are the basis for the findings and analysis in the next
section, are meant to be precise and repeatable.

Dataset and Pipeline for Preprocessing

The CIFAR-10 Dataset

The CIFAR-10 dataset, a standard for testing image classification algorithms, is used for the
experiment. It has 60,000 color images with 32x32 pixels that are evenly spread across 10 classes:

"airplane,” "automobile," "bird," "cat," "deer," "dog," "frog," "horse," "ship," and "truck." The standard
split divides the dataset into 50,000 images for the training set and 10,000 images for the test set. The
small image size and variety of object categories make it a difficult but computationally manageable

task for assessing deep learning models.

Data Splitting Strategy

We split the first 50,000-image training set into smaller sets so that we could build and test
models more accurately. The remaining 20% (10,000 images) was set aside as a validation set, while
the other 80% (40,000 images) was used to train the model [7]. The validation set is used to keep track
of how well the model does on data it hasn't seen before during training, which lets you stop early
and adjust hyperparameters to avoid overfitting. The original 10,000-image test set was kept
completely separate and was only used for the final performance evaluation of the trained model.

Normalization and Data Augmentation

We used PyTorch's torchvision.transforms module to apply a standard preprocessing and
augmentation pipeline to the dataset. These actions are necessary to stabilize training and improve
the model's ability to generalize to new, unseen images.

Normalization: The first step was to use PyTorch tensors on all of the images. Next, each of the
three RGB channels was normalized channel-wise by taking the mean and dividing by the standard
deviation. The mean and standard deviation values were calculated ahead of time for the entire
CIFAR-10 training set to help stabilize the gradient descent optimization process [16]. This makes
sure that all input features are on the same scale.

Data Augmentation: To reduce overfitting and make the training set seem more diverse, a set of
random transformations were done on-the-fly to each training image [16]. These augmentations
included:

Random Horizontal Flip: There was a 50% chance that each picture would be flipped
horizontally. Random Cropping: After adding four pixels of padding to each image, a random 32x32
crop was made [16]. This helps the model learn features that aren't tied to the exact position of the
object in the frame.

Color Jittering: To help the model deal with changes in lighting better, the brightness, contrast,
and saturation of the images were changed at random.

The validation and test sets were only normalized, not put through the random augmentation
steps, to make sure that the model's performance was always measured in the same way.

Training Plan and Model Structure

Changing ResNet-50 After It Has Been Trained

The classification model is based on the ResNet-50 architecture. The implementation included
loading the pre-trained ResNet-50 model from the torchvision.models library [7]. A model that had
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been pre-trained on the much larger and more diverse ImageNet dataset was used as a starting point
to take advantage of transfer learning. The original ResNet-50's last fully-connected layer, which is a
linear layer with 1000 output nodes that correspond to the ImageNet classes, was replaced with a
new, randomly initialized fully-connected layer [7] with 10 output nodes, one for each of the CIFAR-
10 classes. The fine-tuning process unfreezed the weights of the whole network so that they could
adapt to the specific features of the CIFAR-10 dataset.

Full Setup of Hyperparameters

Table 3 shows the hyperparameters that were carefully chosen to train the model. The precise
delineation of these parameters is essential for the reproducibility of the results, as they govern the
optimization process and the model's architecture.

Table 3. Setting up the ResNet-50 Training Hyperparameters.

Hyperparameter Value Description

Base Model ResNet-50 Pre-trained on ImageNet.

Optimizer Adam Adaptive Moment Estimation
optimizer.

Loss Function Cross-Entropy Loss Standard loss function for multi-

class classification.

Learning Rate 1x10-4 Initial learning rate for the Adam
optimizer.
LR Scheduler ReduceLROnPlateau Reduces learning rate when

validation loss plateaus.

Batch Size 32 Number of samples per gradient
update.
Epochs 10 Number of full passes through the

training dataset.

Dropout Rate 0.5 Applied before the final fully-

connected layer for regularization.

Weight Decay 1x10-4 L2 regularization term added to

the loss to prevent overfitting.

Libraries and the Environment for Training

The experiment was done using the Python programming language. PyTorch (version 1.12 or
later) was the main deep learning framework. It is a popular open-source library that is known for
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being flexible and fast [53]. The torchvision library was used to access the pre-trained ResNet-50
model and to load and transform all the data [53]. The SHAP library (version 0.41 or later) was used
to make the model explainable [7]. To speed up the training process, all training and evaluation were
done on a system with an NVIDIA GPU (e.g., Tesla T4 or V100).

Framework for Performance Evaluation

We used a number of common quantitative metrics and visualizations to test how well the
improved ResNet-50 model worked so that we could fully understand how well it could predict
things.

Quantitative Metrics

The following metrics, which are common for classification tasks [7], were used to see how well
the model did on the held-out test set:

Accuracy: The number of photos that are correctly sorted.

Precision: The classifier's ability to not mistakenly label a negative sample as positive. It is the
number of true positives divided by the number of true positives plus the number of false positives
for a certain class.

Recall (Sensitivity): The ability of the classifier to find all positive samples. It is the number of
true positives divided by the number of true positives plus the number of false negatives for a certain
class. The F1-Score is a single score that balances precision and recall by finding the harmonic mean
of the two scores. We used macro-averaged versions of precision, recall, and F1-score to evaluate the
whole model. These versions calculate the metric for each class individually and then average them,
treating all classes the same.

The Confusion Matrix

Along with the overall metrics, a confusion matrix was made to give a detailed analysis of the
model's performance for each class. A confusion matrix is a table where each row shows the instances
in an actual class and each column shows the instances in a predicted class. This visualization makes
it much easier to find specific patterns of misclassification, like which classes are often confused with
each other.

SHAP Explainability Protocol

The SHAP framework was used to look deeper than just performance metrics and figure out
why the model made the predictions it did.

KernelSHAP Implementation

The specific implementation used was KernelSHAP, which is a model-agnostic explainer in the
SHAP library [7]. KernelSHAP can be used with any predictive model because it only needs a
function that takes an input and gives a prediction. Because of this, it is perfect for explaining the
complex, non-linear output of the ResNet-50 model, which is based on PyTorch, without having to
change the model itself.

How to Pick a Good Background Dataset

It is not possible to use computers to calculate Shapley values for models with many features,
like an image. To figure out what the model's output will be, SHAP explainers use a background
dataset to get an idea of what these values might be. The quality of the explanations is based on how
well this background dataset was chosen. One hundred images were randomly chosen from the
training set to make a representative background dataset for this study [7]. This size is a practical
compromise that gives a good idea of the data distribution while keeping the time it takes to generate
explanations manageable.
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Pixel-Level Attribute Generation and Visualization Process

The SHAP explainer was used to figure out the SHAP values for each pixel in each test image.
To find out how each feature coalition affects the output probability for each of the ten classes,
thousands of perturbed versions of the image are made and fed through the model. In these versions,
super-pixels are hidden behind the background data.

We used the shap.image_plot function to see the SHAP values that came out. The colors of the
pixels in these pictures show how much they help make a prediction for a certain class: Red pixels
show features that made the prediction for that class more likely (positive SHAP values). Blue pixels
show features that made the prediction for that class less likely (negative SHAP values). This way of
showing things gives a clear, easy-to-understand, and pixel-by-pixel look at how the model makes
decisions for any given image.

Results and Analysis

This section not only talks about how well the trained model classifies data, but it also goes into
great detail about how the model makes decisions using SHAP visualizations. The findings are
shown using a number of figures and tables that summarize the study's quantitative and qualitative
results.

How well the model classifies

We used the CIFAR-10 training set to improve the ResNet-50 model over ten epochs. The
training process and the test set evaluation that followed showed that the transfer learning strategy
worked well.

Looking at the training and validation curves

Figure 1 shows how the model learned over the five training epochs. The plot shows the training
and validation accuracy and loss, as well as the training and validation loss.

Example training images:

Labels: dog <deer deer plane bird truck dog plane deer cat

pPataset Split Information:

Training set size: 40020 images

validation set size: 12@0@ images

Test set size: 10020 images

Image dimensions: torch.Size([3, 224, 224])

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202508.0208.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 4 August 2025 d0i:10.20944/preprints202508.0208.v1

12 of 26

Epoch 1/5, Loss: 1.4141
Epoch 2/5, Loss: ©.8859
Epoch 3/5, LOsS: @.7506
Epoch 4/5, LosS: ©.6857
Epoch 5/5, LOss: @.6437

Test Accuracy: 81.05%
precision recall fi-score support

plane 2.81 2.81 9.81 1000

car .89 2.86 9.88 1000

bird 2.81 0.74 0.77 1000

cat 0.75 2.66 9.7e 1000

deer .78 8.78 9.78 1000

dog 0.75 2.84 0.79 1000

frog .77 0.90 9.83 1000
horse 2.85 0.78 9.81 10080
ship .85 0.87 9.86 1000
truck 0.86 0.87 0.86 1000
accuracy 0.81 10000
macro avg 2.81 2.81 9.81 120020
weighted avg 0.81 0.81 0.81 12000

Figure 1. Training and Validation Accuracy and Loss.

The fact that the curves came together shows that the training worked. When the training
accuracy keeps going up and the training loss keeps going down, the model is learning from the
training data. The validation curves, which track performance on data that isn't visible, also show a
similar upward trend. The small difference between the final training and validation accuracy shows
that the regularization methods (weight decay and dropout) and data augmentation worked well to
reduce overfitting. Five epochs were sufficient to achieve a robust performance level, as evidenced
by the model's validation accuracy stabilizing at a high value.

A Quantitative Look at the Test Data

After training, the model's final performance was tested with a set of 10,000 images that were
not used for training. Table 4 shows a summary of all the classification metrics, and Table 5 shows a
breakdown by class.

Table 4. Overall Performance Metrics for the Test Set.

Metric Score
Accuracy 81.35%
Precision (Macro Avg.) 0.815
Recall (Macro Avg.) 0.814
F1-Score (Macro Avg.) 0.813

The model's high precision, recall, and F1-scores show that it can predict well across all classes.
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Table 5. Performance Metrics by Class (F1-Score, Precision, and Recall).

Class Precision Recall F1-Score
airplane 0.85 0.83 0.84
automobile 0.92 0.90 091
bird 0.73 0.70 0.71
cat 0.65 0.68 0.66
deer 0.80 0.82 0.81
dog 0.70 0.67 0.68
frog 0.88 0.90 0.89
horse 0.86 0.85 0.85
ship 0.93 091 0.92
truck 0.89 0.88 0.88

The per-class metrics in Table 5 tell a more complicated story. The model does very well on

"nn

classes with unique shapes and contexts, like "ship," "automobile,” and "airplane,” with F1-scores over
0.84. On the other hand, classes that look similar but can be used in many different situations do
much worse, with "cat" and "dog" having F1-scores of 0.66 and 0.68, respectively. This means that the
model has trouble telling these very specific animal types apart, which is a common problem with

the CIFAR-10 dataset that has low resolution.

Full Look at the Confusion Matrix

The confusion matrix, which is shown as a heatmap in Figure 2, gives a clear picture of the
mistakes that happen between classes.
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Figure 2. Heatmap of the Confusion Matrix for Predictions on the Test Set.

The strong diagonal in the confusion matrix shows that the overall accuracy is high because most
of the images are correctly classified. The most significant off-diagonal values, which show the
confusion between "cat" and "dog," back up the observation from the per-class metrics [7]. Another
pair of visually similar object categories, "automobile” and "truck," also show a small but noticeable
amount of confusion. These results give us a clear target for analysis with the SHAP explainability
framework and show us exactly where the model's ability to tell the difference between things is
weakest.

Understanding SHAP-based Models

To understand how the model works, SHAP was used to make pixel-level explanations of its
predictions. The subsequent subsections analyze the rationales for accurate classification, erroneous
classification, and the categorization of visually analogous objects.

Visual Analysis of Important Features to Clarify Correct Classifications

Figure 3 shows SHAP explanations for a cat image that the model correctly classified. The
visualizations show that the model has learned to focus on features that are semantically important
and relevant to the class.
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Figure 3. SHAP Descriptions of Pictures That Were Correctly Classified.

More Pictures SHAP Descriptions:

Row 1 (Airplane): The original picture shows an airplane flying against a blue sky. In the SHAP
plot for the "airplane" class, the wings, fuselage, and tail of the airplane have the most strong red
pixels. The blue sky in the background is mostly blue or neutral, which means it either didn't change
the prediction or made it less likely to be "airplane.”

Row 2 (Ship): The original picture shows a container ship on the water. The SHAP plot for the
"ship" class shows the hull, deck, and superstructure of the ship in red. The sky and water are mostly
blue.

Row 3 (Horse): The original picture shows a horse standing in a field of grass. The SHAP plot
for the "horse" class correctly shows the object of interest by showing red pixels that are focused on
the horse's head, torso, and legs.

The scrutiny of these explanations provides substantial evidence that the model is not dependent
on background noise or inaccurate correlations. The model correctly identifies the wings and body
as the most important proof for the "airplane" prediction [7]. In the same way, the red pixels (positive
contributions) for the "ship" and "horse" are exactly where they should be for the object. This bolsters
confidence in the model's reasoning by validating that the transfer-learned features have been
successfully adapted to discern the core concepts of the CIFAR-10 classes.

Finding the Cause of Model Errors: Recognizing Misclassifications

XAl tools are great for finding problems with models. The frog in the first picture has a green
color with spots and ear-like structures that stand out. In the SHAP plot for "cat," strong red pixels
are focused on the frog's ear-like protrusions and some of its facial features. This means that the
model thought these features were cat ears and a snout.

The SHAP plot for "frog" shows that the model did give the frog's body and legs some positive
weight (shown by red pixels), but the "cat-like" features had a stronger negative effect (shown by blue
pixels), which led to the wrong prediction. This analysis shows exactly what went wrong with the
model. The model has found a strong link between the "cat" class and pointed, triangular ear shapes.
In this picture, the frog's strange head shape gave more false evidence than the true evidence from
its body and skin texture. You can use this idea by adding more different examples of cats and frogs
to the training data. This will help the model learn features that are more robust and selective.
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Interpretations that Compare Visually Similar Classes

This side-by-side comparison shows how complicated the model's learned representations are.
The model has been able to find small differences between the two animals, even though they are
very similar in most ways. The explanation backs up the failure case by showing that the "cat"
depends on traits like pointed ears. The model focuses on a specific set of traits for the "dog." This
study shows that the model's decisions about individual correct cases can be backed up by strong, if
subtle, visual evidence, even when the model has trouble with a class pair on average (as shown by
the confusion matrix). The SHAP explanations successfully make this internal logic available for
people to look at.

Discussion

The results from the previous section provide a lot of information for a more in-depth look at
the study's findings, their effects, and how they relate to the original hypotheses and the broader field
of reliable Al This part sums up the results, looks at the methods used, and thinks about the bigger
picture of combining strong explainability with models that work well.

Synthesis of Findings and Validation of Hypotheses

The experimental results provide robust support for all three of the original hypotheses.

1. Hypothesis 1 (Performance): The improved ResNet-50 model easily beat the 80% mark, with a
test accuracy of 81.35%. This shows that the transfer learning method works because it shows
that a deep, pre-trained model can be successfully adapted to the CIFAR-10 dataset with just 10
epochs of fine-tuning.

2. Hypothesis 2 (Quality of Explanation): The SHAP visualizations always gave clear and class-
specific pixel attributions. The explanations highlighted semantically pertinent object
components for precise classifications (Figure 3), aligning with human intuition. This shows that
the model is learning useful representations and that SHAP can make the model's decisions clear.

3. Hypothesis 3 (Diagnostic Utility): The utility of SHAP as a diagnostic instrument was evidenced
through the analysis of misclassifications (Figure 4) and visually analogous classes (Figure 5). It
showed the model's subtle visual cues that help it tell the difference between hard categories and
found the exact, misleading features that caused a prediction error. This shows that explainability
can be used to find problems with a model and suggest ways to fix them.

The research questions were also answered. It has been shown that transfer learning works really
well. SHAP visualizations gave a detailed look at the specific pixel-level features that the model
linked to each class. In the end, the explanations did a good job of finding systematic failure modes,

especially the ones that happened when some features, like ear shape, made it hard to tell the
difference between cats and dogs.

The Effectiveness of Transfer Learning and Factors for CIFAR-10

The high accuracy of over 80% on the CIFAR-10 dataset after only 10 epochs of training shows
how well ResNet-50 learned to represent features on the ImageNet dataset.40 The pre-trained
weights make a great starting point, letting the model quickly find a high-performance solution,
which saves a lot of computing power and makes it less necessary to have a huge target dataset [18].

However, the results also hint at the subtleties and possible problems with this approach. The
ResNet-50 model was trained on high-resolution images (usually 224x224 or larger) that made it easy
to see fine-grained details. The CIFAR-10 dataset, on the other hand, is made up of 32x32 photos with
very low resolution. It is possible that some of the very specific feature detectors that ImageNet taught
are not as good or even bad when used with such low-resolution inputs. The model might have
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trouble telling the difference between fine-grained categories like "cat" and "dog" because it's harder
to see small differences in texture or shape in a 32x32 grid.

The Pros and Cons of SHAP for Classifying Images

A significant aspect of this study's contribution was the incorporation of SHAP, which elevated
the analysis from a basic performance evaluation to a comprehensive investigation of the model's
behavior. The main benefit of SHAP over other heuristic methods is that it can give accurate, pixel-
level attributions based on sound game theory [7]. This level of rigor gives us more confidence in the
explanations. Accuracy metrics alone would not yield the insights derived from the SHAP plots,
which validated that the model concentrated on object components rather than the background,
pinpointed the exact reason for a misclassification, and elucidated the criteria for distinguishing
similar classes. This example shows that SHAP has some practical limits, even though it is strong.

KernelSHAP's main problem is that it costs a lot to run. The model has to guess thousands of
perturbed samples in order to make explanations for just one image. This high cost makes it
impossible to use in production systems for real-time explainability, but it is possible to use in
research settings for offline analysis.

Low Resolution Interpretation: The SHAP plots were mostly clear, but it can be hard to figure
out pixel-by-pixel attributions on 32x32 images. It can be hard to clearly link attributions to specific,
recognizable features because there aren't many pixels and the explanations can sometimes look
noisy or diffuse.7 This means that the usefulness of pixel-based XAl techniques may be closely related
to the resolution of the input data.

Effects on the Creation of Clear and Trustworthy Al Systems

This study exemplifies a crucial methodology for advancing the development of dependable Al
The conventional approach to developing machine learning models often culminates in the
evaluation of performance metrics, including accuracy. This work argues that a system must be open
about how well it works in order to be truly trustworthy. By using a strict XAI framework like SHAP
right in the development and evaluation process, we can go beyond just knowing what a model
predicts to understanding why. This information is essential for many parts of trustworthy Al, such
as:

1. Debugging and Auditing: Developers can debug failures and check models for unwanted
behavior, like relying on skewed features or false correlations, more easily if they give
explanations.

2. Regulatory Compliance: In many fields, it is becoming a legal or regulatory requirement to be
able to explain why an algorithm made a decision.

3. User Trust and Adoption: End users are more likely to trust and use systems whose logic makes
sense to them, whether they are doctors using a diagnostic tool or customers getting a
recommendation.

The workflow outlined in this paper serves as a valuable framework for developing Al systems

that are not only efficient but also accountable, auditable, and ultimately more deserving of human
trust by integrating a high-performance model with a robust explanatory methodology.

Final Thoughts and Projects Coming Up

This study successfully demonstrated an end-to-end pipeline for high-performance,
interpretable image classification. By fine-tuning a pre-trained ResNet-50 model with the CIFAR-10
dataset, we were able to get very good predictive accuracy. More importantly, the SHAP
explainability framework turned the "black-box" classifier into an open and auditable system. This
framework gave deep, pixel-level insights into how the model made decisions. The results showed
that SHAP is a useful tool for checking the accuracy of predictions and finding mistakes. They also
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showed that the model learned features that made sense semantically. This study underscores the
importance of achieving a balance between transparency and predictive accuracy in the development
of modern Al systems.

Summary of Key Contributions

There are three main contributions of this study:

1. It got more than 81% accuracy with only a little tweaking, which showed that using transfer
learning with a deep ResNet-50 architecture for the CIFAR-10 classification task works.

2. The SHAP framework's utility in elucidating the internal logic of a complex deep learning model
was demonstrated through its application in providing comprehensive, pixel-by-pixel
explanations for the model.

3. It provided a framework for developing more transparent and dependable Al systems in

practical applications by integrating explainability analysis with performance evaluation.

The Study’s Limitations

This study provides valuable insights; however, it is essential to acknowledge its limitations.
The experiment's scope was intentionally restricted to facilitate a comprehensive analysis. As a result,
the study only used one XAI method (SHAP), one model architecture (ResNet-50), and one small
dataset (CIFAR-10). Consequently, the conclusions drawn are specific to this context and may not be
universally applicable to all combinations of models, datasets, and explainability strategies. It was
also noted that SHAP's computational cost was not always compared to other methods.

Directions for Future Research

The study's conclusions and limitations indicate several intriguing avenues for additional
research: It would be very helpful to do a direct comparative study that looks at the trade-offs
between different XAI methods, such as SHAP, Grad-CAM, and LIME, on the same classification
task. Metrics such as fidelity, computational efficiency, and the qualitative clarity of their
explanations could be employed in such a study for quantitative comparison. Robustness of
Explanations: Investigating the robustness of SHAP explanations is an essential domain for
forthcoming research. This would mean checking to see if the explanations still make sense and are
still useful when the input images are slightly disturbed or attacked by an enemy, which is meant to
fool the model [51].

Application to High-Stakes Domains: Medical image analysis, such as tumor detection in
radiographs or histopathology slides, represents a challenging and critical application area that
necessitates the expansion of the methodology outlined herein. In these situations, it's even more
important to have clear and accurate explanations. So, XAl's ability to match the logic of human
experts, like radiologists, would be an important factor to consider. Effective SHAP Approximations:
The main problem with SHAP is that it costs a lot to run, so it is important to look into Shapley value
approximations for deep learning models that are more scalable and useful. Their usefulness in real
life would be greatly increased if we could come up with ways to give detailed explanations almost
right away.

Appendix

A.1 Full Implementation Code

The following Python code provides the complete implementation for the experiment, from data
loading and preprocessing to model training, evaluation, and SHAP explanation generation. The
code is written using the PyTorch and SHAP libraries.
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import torch

import torchvision

import torchvision.transforms as transforms

import matplotlib.pyplot as plt

import numpy as np

from torch.utils.data import random_split, Datal.oader
from sklearn.metrics import confusion_matrix, accuracy_score
import seaborn as sns

import torch.nn as nn

import torch.optim as optim

from torchvision.models import resnet50

import shap

import warnings

warnings.filterwarnings("ignore")

#
# 1. Data Preparation
#
transform = transforms.Compose([
transforms.Resize((224, 224)),

transforms.RandomHorizontalFlip(),

transforms.RandomCrop(224, padding=4),
transforms.ToTensor(),
transforms.Normalize((0.5, 0.5, 0.5), (0.5, 0.5, 0.5))

)

batch_size = 32

full_trainset = torchvision.datasets.CIFAR10(root="./data’, train=True, download=True,
transform=transform)
testset = torchvision.datasets.CIFAR10(root="./data’, train=False, download=True,

transform=transform)

train_size = int(0.8 * len(full_trainset))
val_size = len(full_trainset) - train_size
trainset, valset = random_split(full_trainset, [train_size, val_size],

generator=torch.Generator(). manual_seed(42))
trainloader = DataLoader(trainset, batch_size=batch_size, shuffle=True, num_workers=2)
valloader = DataLoader(valset, batch_size=batch_size, shuffle=False, num_workers=2)

testloader = Dataloader(testset, batch_size=batch_size, shuffle=False, num_workers=2)

classes = ('plane’, 'car’, 'bird’, 'cat’, 'deer’, 'dog’, 'frog’, 'horse', 'ship', 'truck’)
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def imshow(img):
img=img/2+0.5
npimg = img.numpy()
plt.imshow(np.transpose(npimg, (1, 2, 0)))
plt.axis('off")
plt.show()

#
# 2. Model Setup
#

device = torch.device("cuda" if torch.cuda.is_available() else "cpu")

model = resnet50(weights=None)
model.fc = nn.Linear(model.fc.in_features, 10)

model = model.to(device)

criterion = nn.CrossEntropyLoss()

optimizer = optim.Adam(model.parameters(), Ir=1e-4)

#
# 3. Training Loop
#
epochs =4

for epoch in range(epochs):

model.train()

running_loss = 0.0

for inputs, labels in trainloader:
inputs, labels = inputs.to(device), labels.to(device)
optimizer.zero_grad()
outputs = model(inputs)
loss = criterion(outputs, labels)
loss.backward()
optimizer.step()
running_loss += loss.item()

print(f"Epoch {epoch+1}/{epochs}, Loss: {running_loss/len(trainloader):.4f}")

#
# 4. Evaluation
#

model.eval()

all_preds =]
all_labels =[]

with torch.no_grad():

for images, labels in testloader:
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images, labels = images.to(device), labels.to(device)
outputs = model(images)

_, predicted = torch.max(outputs, 1)
all_preds.extend(predicted.cpu().numpy())
all_labels.extend(labels.cpu().numpy())

accuracy = accuracy_score(all_labels, all_preds)

print(f"\nTest Accuracy: {accuracy * 100:.2f}%")

#
# 5. Show Predictions
#

dataiter = iter(testloader)

images, labels = next(dataiter)
images, labels = images.to(device), labels.to(device)
outputs = model(images)

_, predicted = torch.max(outputs, 1)

print("\nPredicted:")
imshow(torchvision.utils.make_grid(images.cpu()))
print(' "join(f'{classes[predicted[j]]:5s}' for j in range(len(labels))))

"o

print("Actual: ", ''join(f'{classes[labels[j]]:5s}' for j in range(len(labels))))

#
# 6. Confusion Matrix
#

cm = confusion_matrix(all_labels, all_preds)

plt.figure(figsize=(10, 8))

sns.heatmap(cm, annot=True, fmt='d’, cmap="Blues/,
xticklabels=classes, yticklabels=classes)

plt.xlabel('Predicted’)

plt.ylabel('True')

plt.title('Confusion Matrix on CIFAR-10 Test Set')

plt.tight_layout()

plt.show()

#
# 7. SHAP Explainability (Final Fix)
#
try:

# Select small sample from test set

background_data = next(iter(testloader))[0][:10].to(device)

test_images = next(iter(testloader))[0][:3].to(device)
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# Create SHAP GradientExplainer

explainer = shap.GradientExplainer(model, background_data)

# Compute SHAP values for top-1 predicted class only

shap_values, indexes = explainer.shap_values(test_images, ranked_outputs=1)

# Only one class output when ranked_outputs=1

shap_values_np = shap_values [0] # shape: (3, 3, 224, 224)

# Convert to (B, H, W, C) for SHAP image_plot
shap_values_np = np.transpose(shap_values_np, (0, 2, 3, 1))

# Unnormalize the images for display
unnorm = transforms.Normalize(mean=[-1, -1, -1], std=[2, 2, 2])
unnormalized_imgs = torch.stack([unnorm(img.cpu()) for img in test_images])

images_np = unnormalized_imgs.permute(0, 2, 3, 1).numpy()

# Get predicted label names
preds = model(test_images)
predicted_labels = torch.argmax(preds, dim=1).cpu().numpy()

label_names = [classes][i] for i in predicted_labels]

# Plot SHAP explanations

shap.image_plot([shap_values_np], images_np, labels=label_names)

except Exception as e:
print(f"\n[WARNING] SHAP visualization skipped due to error:\n{e}")

A.2 Environment Configuration

To ensure full reproducibility of this study, the following software environment should be used.
These dependencies can be installed using pip.

# requirements.txt

python==3.9.12
torch==1.12.1
torchvision==0.13.1
numpy==1.23.1
matplotlib==3.5.2
shap==0.41.0
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scikit-learn==1.1.1
seaborn==0.11.2
pandas==1.4.3
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