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Abstract—Veterinary pathology plays a fundamental role
in clinical decision-making, with histopathological examination
serving as the gold standard for diagnosing canine neoplasms.
Among these, mast cell tumors and squamous cell carcinomas are
highly prevalent, and their accurate differentiation is essential for
prognosis and treatment planning. However, traditional grading
workflows remain subjective, labor-intensive, and susceptible
to interobserver variability. This study investigates deep learn-
ing-based approaches for automated classification of canine mast
cell tumors and squamous cell carcinomas using a curated
dataset of hematoxylin-and-eosin (H&E) stained images. Thirteen
state-of-the-art Convolutional Neural Network architectures were
systematically evaluated under two learning-rate configurations
to assess the influence of network depth, connectivity pat-
terns, and optimization hyperparameters on model performance.
The results show that Xception and ResNet-152 achieved the
best performance at 1r = 0.001, whereas InceptionResNetV2
and DenseNet-121 attained the highest accuracies and perfect
ROC-AUC scores at 1r = 0.0001. These findings highlight
that both architectural choice and learning-rate selection crit-
ically affect convergence stability and predictive accuracy. Ex-
plainability analyses based on Grad-CAM and feature activation
visualization confirmed that the models focused on histologically
meaningful regions, supporting the biological plausibility of their
decision processes. Overall, this study demonstrates the potential
of deep learning to enhance diagnostic consistency, objectivity,
and scalability in veterinary pathology, paving the way for more
reliable computational support tools in clinical workflows.

Index Terms—machine learning, deep learning, veterinary
pathology, mast cell tumors, squamous cell carcinoma, artificial
intelligence.

I. INTRODUCTION

Diagnostic imaging plays a crucial role in veterinary clinical
evaluation and has contributed to the growing demand for
specialized professionals in this field. It supports multiple
disciplines, including internal medicine, surgery, neurology,
oncology, and obstetrics, and rapid, accurate interpretation
of imaging data is essential for timely clinical decision-
making [6]. Technological advancements in recent decades
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have further transformed medical practice by enabling more
precise diagnosis, prognosis, and treatment planning [1].

Within this context, anatomic pathology remains the gold
standard for diagnosing a wide range of diseases. It relies on
the microscopic examination of stained tissue sections pre-
pared on glass slides, allowing the identification of cancerous,
infectious, and autoimmune conditions [4]. Despite its central
role in clinical workflows, histopathological analysis is inher-
ently labor-intensive and subject to interobserver variability.

Among cutaneous neoplasms in dogs, mast cell tumors
(MCTs) are particularly prevalent and account for approx-
imately 7-21% of all cases. Their clinical behavior varies
widely, and prognostic evaluation typically considers factors
such as histological grade, clinical stage, proliferation rate,
recurrence, and systemic manifestations [12]. The Patnaik
grading system [14] remains the most widely adopted and
classifies MCTs into three grades based on differentiation,
granulation, and mitotic index [7]. However, interpretation of
these criteria is often subjective and may lead to inconsistent
diagnostic outcomes.

Squamous cell carcinoma (SCC) is another common and
clinically significant epithelial tumor in dogs. It predominantly
affects animals aged 7 to 9.8 years, with increased incidence
in breeds such as Rottweilers, Giant Schnauzers, Poodles, and
Dachshunds, but without sex predisposition [2]. Histologically,
SCC is categorized into well and poorly differentiated forms,
with less common variants including acantholytic, clear cell,
spindle cell, and carcinoma arising from Bowen’s disease [13].
As with MCTs, histopathological evaluation of SCC is sub-
jective and may be influenced by the pathologist’s experience.

The limitations of traditional pathology workflows, espe-
cially the subjectivity of semi-quantitative grading systems,
have motivated increased interest in Artificial Intelligence (AI)
and Machine Learning (ML) to improve diagnostic consistency
and reproducibility [4]. Recent advances in human oncology
have demonstrated that ML models can successfully predict
tumor genotypes directly from Hematoxylin and Eosin (H&E)
stained slides [11]. Unlike rule-based systems, ML algorithms
learn directly from image data and can identify complex, high-
dimensional patterns that may not be easily discernible by



human observers [3], [5]. These models continuously refine
their internal representations as new data becomes available,
enhancing their predictive capability over time.

Deep learning methods, particularly Convolutional Neural
Networks (CNNs), have shown exceptional performance in
tasks such as tumor detection, segmentation, and subtype
classification across numerous medical imaging domains [9].
By functioning as powerful feature extractors and classifiers,
CNNSs enable discrimination of subtle morphological patterns
and support more objective, quantitative histopathological as-
sessments [8].

This study advances veterinary pathology diagnostics by
investigating the automated classification of canine MCT and
SCC using a diverse set of state-of-the-art CNN architectures.
The specific objectives are as follows:

« to develop and validate an automated classification sys-
tem for canine MCT and SCC using deep learning
approaches;

o to systematically evaluate and compare the performance
of multiple CNN architectures for histopathological im-
age analysis;

¢ to investigate the impact of different learning rates on
model performance and convergence behavior; and

« to establish a reproducible pipeline for histopathological
image processing and analysis in veterinary pathology.

The remainder of this manuscript is organized as follows.
Section II presents an overview of CNNs in histopatho-
logical image analysis. Section III describes the proposed
methodology, including image acquisition and preprocessing.
Section IV presents the experimental setup and results. Finally,
Section V discusses the findings and outlines directions for
future research.

II. RELATED WORKS

Convolutional Neural Networks (CNNs) have emerged as
the dominant deep learning paradigm for image-based di-
agnostic tasks due to their ability to learn hierarchical, in-
creasingly abstract representations of visual patterns. This
characteristic is particularly valuable in histopathology, where
diagnostic interpretation depends on subtle morphological cues
such as nuclear pleomorphism, tissue organization, stromal
distribution, and fine-grained textural variations. By auto-
matically extracting discriminative features from microscopic
images, CNNs provide a robust alternative to traditional
handcrafted descriptors and help mitigate the subjectivity and
interobserver variability associated with manual evaluation.

Several families of CNN architectures have been widely
adopted in medical image analysis, each incorporating distinct
design principles to enhance representational capacity, gradient
stability, or computational efficiency. Inception-based net-
works employ parallel convolutional branches with different
receptive fields, enabling multi-scale feature extraction suitable
for heterogeneous histological structures. Residual networks
(ResNets) introduce shortcut connections that alleviate vanish-
ing gradients and facilitate the training of substantially deeper
models, improving the capture of complex morphological

patterns. Densely connected networks (DenseNets) reinforce
gradient flow by linking each layer to all subsequent layers,
promoting feature reuse and enabling compact yet expressive
architectures. Depthwise separable models such as Xception
factorize convolutions into spatial and channelwise operations,
reducing computational cost while preserving strong discrim-
inative ability, an important advantage when processing large
numbers of high-resolution patches.

The success of these architectures has contributed to the
rapid expansion of deep learning applications in histopathol-
ogy. Early studies demonstrated that CNNs surpass traditional
methods in tasks including tumor subtyping, necrosis detec-
tion, mitotic figure identification, and whole-slide image clas-
sification [15]. UNet-based architectures subsequently became
the standard for segmentation tasks, effectively isolating tumor
regions, glands, nuclei, and other structures of interest in
whole-slide images [16]. For classification, transfer learning
from ImageNet has been widely adopted, with models such
as VGG [17], Inception [18], and ResNet [19] demonstrat-
ing strong performance across multiple cancers and staining
variations.

Applications of deep learning in veterinary histopathology,
although more recent, have yielded similarly promising results.
Salvi et al. [20] evaluated AlexNet, InceptionV3, and ResNet
architectures for classifying canine cutaneous round cell tu-
mors (RCTs) and grading MCTs, achieving accuracies above
91% for RCT classification and 100% for MCT grading. These
findings highlight the potential of deep learning to support
veterinary diagnostic workflows, particularly in environments
with limited access to specialized pathology expertise.

Despite these advances, comparative analyses involving a
broad set of modern CNN architectures for canine tumor
classification remain scarce. Furthermore, the influence of
optimization hyperparameters, particularly the learning rate,
on convergence behavior and predictive performance in veteri-
nary datasets remains poorly characterized. Motivated by these
gaps, the present study systematically evaluates multiple state-
of-the-art CNN families to assess their ability to distinguish
between mast cell tumors and squamous cell carcinomas in
canine histopathological images. The specific architectural
variants and training configurations investigated in this work
are detailed in Section III.

III. METHODOLOGY

This study proposes a systematic and reproducible pipeline
for the automated classification of canine histopathological
images using deep learning. The methodology encompasses
all stages of the workflow, from tissue collection and slide
preparation to model training, validation, and comparative
analysis. Figure 1 summarizes the overall process.

A. Data Collection and Tissue Processing

The dataset was constructed from biopsy samples of SCC
and MCTs, obtained through routine diagnostic procedures
at the Veterinary Hospital of Sdo Paulo State University. To
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Fig. 1: Overview of the proposed pipeline for automated histopathological analysis of canine tumors using CNNs. The
pipeline consists of eight stages: data acquisition, digitization, preprocessing, dataset split, architecture selection, model training,

evaluation, and final classification.

maintain consistency and preserve tissue morphology, all sam-
ples underwent a standardized histological processing protocol
aligned with established pathology guidelines.

The processing workflow included:

o fixation in 10% neutral buffered formalin;

o paraffin embedding following standard procedures;
o microtomy with sections cut at 4 um thickness;

o Hematoxylin and Eosin (H&E) staining.

This protocol ensured uniform tissue preservation and stain-
ing quality, both essential for reliable microscopic interpreta-
tion and subsequent application of the deep learning model.

B. Image Acquisition and Dataset Organization

Digitization was performed using a TrueChrome 4K Pro
scanner to ensure high-resolution, consistent image acquisi-
tion. Each slide was captured at 200x magnification with a
native resolution of 1920x 1080um per pixel. The final dataset
comprises 157 images collected throughout 2024, including 83
SCC and 74 MCT cases. Multiple optical magnifications (4 X,
10x, 20x, and 40x) were recorded to preserve multiscale
morphological information.

All images were manually reviewed and labeled by expe-
rienced veterinary pathologists, ensuring the reliability and
diagnostic validity of the ground truth annotations. Represen-
tative examples of SCC, MCT, and normal tissue are shown
in Figure 2.

C. Deep Learning Architectures

A diverse set of state-of-the-art CNN architectures was eval-
vated to investigate how different connectivity patterns, depth
profiles, and multi-scale feature extraction strategies influence
performance in veterinary histopathological classification. The
following architectural families were included:

« ResNet (18, 34, 50, 101, 152 layers);

o DenseNet (121, 169, 201, 264 layers);

o Inception (InceptionV1, InceptionV4);

o InceptionResNetV2;

o Xception.

For each model, the final classification layer was replaced
with a fully connected layer producing two outputs (SCC and
MCT), ensuring compatibility with the binary classification
task and reducing the risk of overfitting.

D. Training Protocol

Model training followed a standardized procedure designed
to balance convergence stability and computational feasibility.
All architectures were trained using the Adam optimizer under
two learning rate configurations to assess their sensitivity to
optimization hyperparameters:

o Ir = 0.001: faster convergence but potentially more

unstable;

e Ir =0.0001: slower, more conservative learning dynamics.

Training hyperparameters included:

o Loss Function: Cross-Entropy Loss;

« Batch Size: 32;

e Epochs per Fold: 50.

A new model instance was initialized for each fold to
avoid information leakage and ensure a fair comparison across
architectures and learning rate settings.

E. Cross-Validation Experimental Protocol

To obtain a robust estimate of generalization performance,
all architectures were evaluated using a stratified 5-fold cross-
validation scheme. This procedure preserved the class distri-
bution of SCC and MCT across all folds, reducing sampling
bias and improving the stability of performance estimates.

For each architecture-learning rate configuration, models
were trained on four folds, with the remaining fold used
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Fig. 2: Representative histological images from the dataset.

exclusively for validation. After each fold, the following
metrics were computed on the validation set:

 accuracy (ACC);

o weighted precision;

o weighted recall;

o weighted Fl-score;

« ROC-AUC.

The metrics were then aggregated across folds to obtain
the mean and standard deviation for each model. This cross-
validation strategy provides an unbiased and stable assessment
of model performance, particularly important in studies with
limited datasets.

IV. EXPERIMENTAL RESULTS

This section presents the results of the systematic evalu-
ation of all CNN architectures considered in this study. We
first describe the computational setup and evaluation criteria,
then analyze convergence behavior across learning rates and
architectures, and finally report cross-validated performance
and interpretability.

A. Experimental Setup

All experiments were conducted on an NVIDIA Tesla P4
GPU with 8 GB of memory, using mixed-precision training
to improve computational efficiency. The models were im-
plemented in PyTorch 1.7.1 with custom data loaders and
preprocessing routines that ensured consistent normalization
and reproducible augmentation across folds.

Evaluation followed the stratified 5-fold cross-validation
protocol described in Section III-E. For each fold, a fresh
instance of every architecture was initialized and trained using
the configurations defined in Section III-D, and validation was
performed on the held-out fold. Stratification preserved the
proportions of MCT and SCC samples across splits, reducing
sampling bias and improving the reliability of the estimated
metrics.

B. Comparative Analysis

Model performance was evaluated using five complemen-
tary metrics commonly employed in medical image classifi-
cation tasks: accuracy, weighted precision, weighted recall,
weighted Fl-score, and ROC-AUC. Although convergence
curves were omitted due to space constraints, training and
validation dynamics were inspected throughout the cross-
validation process to verify optimization stability under both
learning rates.

Table I summarizes the cross-validated performance (mean
and standard deviation over five folds) for all architectures
at both learning rates. The results reveal consistent patterns
regarding robustness, depth sensitivity, and architectural effi-
ciency.

Several trends can be observed from these results:

e At 1r = 0.001, Xception achieved the highest accu-
racy (0.943) and the highest ROC-AUC (0.997), followed
closely by ResNet-152, which also obtained strong per-
formance across all metrics.

e At 1r = 0.0001, InceptionResNetV2 and DenseNet-
121 stood out, with InceptionResNetV2 achieving the
best overall accuracy (0.987) and both models reaching
a ROC-AUC of 1.000.

o DenseNet variants exhibited remarkable robustness to
learning rate changes, maintaining high accuracy and very
high ROC-AUC values under both optimization regimes.

o ResNet architectures were more sensitive to learning
rate variation. While ResNet-18 and ResNet-34 remained
stable, deeper versions such as ResNet-50 and ResNet-
101 did not consistently outperform their shallower coun-
terparts.

« Inception-based architectures performed competitively,
with InceptionV1 and InceptionV4 achieving accuracies
above 0.87 and consistently high ROC-AUC scores, and
InceptionResNetV2 ranking among the top models over-



TABLE I: Cross-validated performance (mean and standard deviation) of all evaluated CNN architectures for the binary
classification of MCT and SCC. Results are reported for two learning rates (Ir = 0.001 and Ir = 0.0001) and five metrics:
accuracy (Acc), weighted precision (Prec), weighted recall (Rec), weighted Fl-score (F1), and area under the ROC curve
(ROC-AUC). Best mean values for each metric and learning rate are highlighted in bold.

M. Ir = 0.001 Ir = 0.0001
odel

Acc Prec Rec F1 ROC-AUC Acc Prec Rec F1 ROC-AUC
ResNet-18 0.917 (0.054)  0.932 (0.035) 0917 (0.048)  0.916 (0.049)  0.982 (0.034) 0911 (0.061)  0.928 (0.041)  0.911 (0.054)  0.909 (0.055) 0.981 (0.024)
ResNet-34 0.917 (0.044)  0.925 (0.034) 0917 (0.039)  0.916 (0.040)  0.974 (0.032)  0.898 (0.086)  0.904 (0.072)  0.898 (0.077)  0.898 (0.077)  0.972 (0.022)
ResNet-50 0.872 (0.069)  0.885 (0.056)  0.872 (0.062)  0.871 (0.062)  0.942 (0.037)  0.904 (0.032)  0.908 (0.029)  0.904 (0.028)  0.904 (0.029)  0.944 (0.009)
ResNet-101 0.885 (0.059)  0.899 (0.036)  0.885 (0.053)  0.883 (0.055) 0.970 (0.016)  0.885 (0.080)  0.889 (0.069)  0.885 (0.072)  0.884 (0.072)  0.941 (0.056)
ResNet-152 0.936 (0.023)  0.941 (0.016)  0.936 (0.020)  0.936 (0.021)  0.989 (0.003)  0.936 (0.051)  0.941 (0.044)  0.936 (0.045)  0.936 (0.045)  0.978 (0.040)
DenseNet-121 0.791 (0.133)  0.861 (0.048) 0.791 (0.119)  0.769 (0.150)  0.970 (0.033)  0.975 (0.026)  0.977 (0.021)  0.975 (0.023)  0.975 (0.023)  1.000 (0.000)
DenseNet-169 0.917 (0.049)  0.926 (0.040)  0.917 (0.044)  0.916 (0.045)  0.979 (0.024)  0.943 (0.048)  0.947 (0.040)  0.943 (0.043)  0.943 (0.043)  0.998 (0.006)
DenseNet-201 0.853 (0.126)  0.866 (0.114)  0.853 (0.113)  0.852 (0.113)  0.918 (0.153)  0.929 (0.042)  0.940 (0.032)  0.929 (0.038)  0.929 (0.038)  0.993 (0.008)
DenseNet-264 0.892 (0.084) 0.911 (0.047)  0.892 (0.075)  0.888 (0.083)  0.962 (0.048)  0.968 (0.032)  0.970 (0.027)  0.968 (0.028)  0.968 (0.029)  0.996 (0.007)

TnceptionV1 0929 (0.074) 0.944 (0.046) 0929 (0.066) 0.928 (0.068) 0.980 (0.019) 0.949 (0.067) 0959 (0.045) 0.949 (0.060) 0.948 (0.061) _0.995 (0.009)
InceptionV4 0.873 (0.095)  0.890 (0.075) 0.873 (0.085) 0871 (0.087) 0.944 (0.063) 0.898 (0.058) 0.904 (0.050) 0.898 (0.052) 0.897 (0.052)  0.945 (0.064)
InceptionResNetV2  0.929 (0.053)  0.937 (0.043)  0.929 (0.048)  0.929 (0.048) 0.978 (0.036) 0.987 (0.017)  0.988 (0.015)  0.987 (0.016) _ 0.987 (0.016)  1.000 (0.000)
Xception 0.943 (0.060) 0.952 (0.040) 0.943 (0.054) 0.943 (0.055) 0.997 (0.008) 0.930 (0.062) 0.938 (0.050) 0.930 (0.055) 0929 (0.056) 0.982 (0.018)
all. o Stability analysis: evaluation of the robustness of the

These findings highlight a trade-off between architec-
tural depth and optimization stability. Dense connectivity
(DenseNet family) and hybrid inception—residual designs (In-
ceptionResNetV2) provided strong generalization with rela-
tively low sensitivity to hyperparameter choices. In contrast,
very deep residual networks required more careful tuning to
fully exploit their representational capacity.

C. Explainability Analysis

To complement the quantitative evaluation, an explainability
analysis was performed to identify the visual cues and histo-
logical structures driving the models’ predictions. The main
objective was to verify whether the CNNs focused on clini-
cally meaningful regions, such as cellular morphology, keratin
pearls in SCC, or the granulated cytoplasm characteristic of
MCT, rather than on spurious artifacts.

The following explainability techniques were applied:

o Grad-CAM: generation of class-discriminative activation
maps highlighting the regions that most strongly con-
tributed to each prediction. For each architecture fam-
ily (ResNet, DenseNet, Inception, Xception), Grad-CAM
was computed from the last convolutional block, and the
resulting heatmaps were overlaid on the original histo-
logical patches to visually assess whether the networks
attended to relevant tissue structures.

« Layer-wise activation visualization: extraction and visu-
alization of intermediate feature maps at different depths
to provide qualitative insight into how low-, mid-, and
high-level representations encode textural patterns, cellu-
lar organization and tumor—stroma interfaces.

o Faithfulness analysis: a quantitative measure of how
well the explanations reflect the decision process of the
model. Grad-CAM maps were used to mask the input
images, preserving only highly activated regions, and the
resulting change in predicted probability for the target
class was measured. Larger reductions in confidence
indicated that the highlighted regions were indeed critical
for the prediction.

explanations under small perturbations. Gaussian noise
was added to the images, new Grad-CAM maps were
generated and the correlation between original and per-
turbed maps was computed. Higher correlations indicated
more stable and reliable explanations.

« Interpretability score: an entropy-based metric quantify-
ing how spatially concentrated the Grad-CAM activations
are. Explanations with lower entropy, that is, with acti-
vations focused on compact and anatomically coherent
regions, received higher interpretability scores.

Beyond these methodological components, the explainabil-
ity results were examined in detail for the four best-performing
architectures: DenseNet-121 (Ir = 0.0001), InceptionResNetV2
(Ir = 0.0001), ResNet-152 (Ir = 0.001) and Xception (Ir =
0.001). Visual inspection revealed consistent attention to his-
tologically meaningful regions across all models. DenseNet-
121 produced highly localized heatmaps with concentrated
activation around cohesive tumor cell groups, which is consis-
tent with its notably higher interpretability score. Inception-
ResNetV2 generated sharply defined activation regions and
achieved near-perfect faithfulness, indicating strong alignment
between its explanations and prediction boundaries. ResNet-
152 also achieved maximal faithfulness, although with slightly
more diffuse activation patterns. Xception exhibited the high-
est stability under perturbations, suggesting that its explana-
tions remained consistent even when the input was slightly
altered.

Quantitative metrics supported these qualitative observa-
tions. Table II summarizes the faithfulness, stability, inter-
pretability and confidence scores for the four selected archi-
tectures. Faithfulness values ranged from 0.924 to 1.000, con-
firming that the most activated regions were indeed critical for
classification. Stability showed greater variation, with Xcep-
tion demonstrating the most robust behavior and DenseNet-
121 the least stable, although still within acceptable limits.
Interpretability values indicated that DenseNet-121 produced
the most spatially focused explanations, while the other models
exhibited broader but still anatomically coherent activation



patterns. All architectures achieved extremely high confidence
values, reinforcing the reliability of their outputs.

Taken together, these analyses provided converging qualita-
tive and quantitative evidence that the best-performing models
relied on histologically meaningful regions to distinguish
between SCC and MCT. High faithfulness scores, stable
explanations under perturbations and anatomically plausible
activation patterns confirm that the CNNs captured diagnosti-
cally relevant structures rather than artifacts.

Figures 3—6 present representative explainability outputs for
the four architectures, including Grad-CAM heatmaps and
activation-value distributions.

V. CONCLUSION

This study presented a comprehensive evaluation of state-
of-the-art Convolutional Neural Network architectures for the
automated classification of canine mast cell tumors (MCT)
and squamous cell carcinomas (SCC) using histopathological
images. By systematically comparing multiple architectural
families under two learning-rate configurations, we identified
the models and optimization regimes that achieved the most
accurate and stable performance.

The results demonstrate that architectural design plays a
decisive role in classification accuracy and convergence dy-
namics. At 1r = 0.001, Xception and ResNet-152 achieved
the best overall performance, whereas at 1r = 0.0001,
InceptionResNetV2 and DenseNet-121 reached the highest
accuracies and perfect ROC-AUC values. DenseNet variants
were particularly robust across both learning rates, suggesting
that dense feature reuse promotes stable generalization even
under conservative optimization settings. In contrast, deeper
residual architectures exhibited greater learning-rate sensitiv-
ity, emphasizing the need for careful hyperparameter tuning
to ensure reliable deployment.

Beyond predictive performance, this work provides a fully
reproducible pipeline encompassing standardized tissue prepa-
ration, high-resolution image digitization, dataset organization,
model training, and interpretability assessment. Explainability
analyses using Grad-CAM and intermediate-feature visual-
ization confirmed that the models consistently attended to
histologically meaningful structures, such as keratin pearls in
SCC and the granulated cytoplasm typical of MCT. These
findings reinforce the biological plausibility of the learned
representations and support their clinical relevance.

The study highlights several directions for future research.
Ensemble strategies that combine complementary architectural
properties may further enhance robustness and predictive accu-
racy. Expanding the task to multi-class tumor classification or
finer-grained grading systems could increase the clinical utility
of automated histopathological approaches. Finally, validation
on larger, multi-institutional datasets is essential to assess
generalizability and to facilitate integration into real-world
veterinary diagnostic workflows.

In summary, this work demonstrates the potential of deep
learning to improve diagnostic efficiency and objectivity in
veterinary pathology. With appropriate architectural selection,

hyperparameter optimization, and interpretable model analysis,
CNN-based systems can serve as valuable tools to support
more consistent and reproducible histopathological evalua-
tions.
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