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Abstract

Breast cancer is a leading cause of cancer-related
mortality worldwide, making accurate
histopathological subtype discrimination critical
for timely clinical intervention. Existing deep
learning approaches often evaluate limited settings
(binary or multi-class, single magni�cation),
restricting comparative utility and clinical
interpretability. This study proposes a uni�ed
Cross Stage Partial Network (CSPNet)-based
framework for comprehensive classi�cation on
the BreaKHis dataset. A CSPResNet50 backbone
pre-trained on ImageNet was extended with a
multi-scale Feature Pyramid-style aggregation
head, Squeeze-and-Excitation channel attention,
dual Global Average and Max Pooling per
scale (1536-dimensional descriptor), and a
dense classi�cation neck, trained via two-phase
progressive �ne-tuning. Four tasks were
evaluated under a strati�ed 70/15/15 split:
multi-class (8 subtypes) and binary classi�cation
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at whole-dataset and per-magni�cation levels
(40Ö, 100Ö, 200Ö, 400Ö), with GradCAM providing
interpretable visualisations. For whole-dataset
binary classi�cation, the model achieves 95.53%
accuracy, 94.80% F1-score, 96.93% sensitivity, and
98.53% AUC. In multi-class classi�cation, it attains
78.10% accuracy, 81.40% balanced accuracy, 76.76%
macro F1-score, and 97.72% AUC. Per-magni�cation
analysis shows best performance at 40 Ö, with
binary and multi-class accuracy reaching 95.00%
and 77.00%, respectively, while AUC remains
above 92% across all magni�cations. A key
limitation is image-level rather than patient-level
splitting, which may introduce optimistic bias.
Overall, the proposed framework provides a
robust, interpretable, and computationally e�cient
solution for breast cancer histopathological image
classi�cation.
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subtype differentiation across the pooled dataset,
establishes a baseline for fine-grained histological
subtype discrimination. Table 2 presents the complete
metric suite obtained on the held-out test set following
Test-Time Augmentation (TTA) evaluation. The
results demonstrate strong class-wise discrimination,
with a particularly high AUC (97.72%), indicating
excellent overall discriminative ability across all classes.
The model also achieves balanced performance across
other metrics, including accuracy, F1-score, and
sensitivity, reflecting robust generalisation across
multiple breast cancer subtypes.

Table 2. Multi-class (8-class) whole-dataset classification
results. Values are obtained from TTA (8×) inference on

the 15% stratified test split.
Metric Acc. Bal.

Acc
Prec. F1 (macro) AUC Sens.

MC-All 78.10 81.40 74.89 76.76 97.72 81.40

The confusion matrix in Figure 6 provides a
detailed evaluation of the multi-class classification
performance by illustrating the distribution of correct
and incorrect predictions across all breast cancer
subtypes. Both raw counts and row-normalized
values are presented, enabling a clearer interpretation
of class-wise performance and imbalance effects. The
normalized matrix particularly highlights strong
diagonal dominance for most classes, indicating
high correct classification rates, while off-diagonal
entries reveal specific inter-class confusions between
morphologically similar subtypes.

Figure 6. Multi-class confusion matrix for the whole dataset.
Left: raw prediction counts across breast cancer subtypes;
Right: row-normalized percentages showing class-wise
classification performance and inter-class confusion

patterns.

4.2 Multi-Class Classification — Per Magnification
Figure 7 illustrates the training and validation
curves for accuracy and loss across multiple
magnification levels (40×, 100×, 200×, and 400×)
over the training epochs in both phases. The plots
demonstrate consistent convergence behaviour across
all magnifications, with a steady increase in validation

accuracy and a corresponding decrease in validation
loss. A similar trend is observed in the training
curves, indicating stable optimization and effective
learningwithout significant overfitting across different
resolution scales.

Figure 7. Training and Validation accuracy and loss Curves
for Multi-Class Classification — Per Magnification.

The multi-class per-magnification classification task
provides a more granular evaluation of the model’s
robustness across varying image resolutions. Table 3
presents the complete metric suite obtained on the
held-out test set for each magnification level following
Test-Time Augmentation (TTA) evaluation.
The results indicate that the proposed model performs
consistently well at lower magnifications, achieving
the best performance at 40× (Acc: 77.00%, Bal. Acc:
81.50%, F1: 75.70%), followed closely by 100×. A
gradual decline in performance is observed at higher
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magnifications, with 200× and 400× showing reduced
accuracy and F1-scores, likely due to increased
intra-class variability and finer structural complexity
at higher resolutions.
Despite this trend, the model maintains relatively high
AUCvalues across allmagnifications (92.91%–97.03%),
indicating strong discriminative capability. The
balanced accuracy and sensitivity values further
demonstrate stable class-wise performance,
confirming that the model generalises effectively
across different magnification levels while preserving
sensitivity to malignant patterns.

Table 3. Multi-class (8-class) — Per Magnification
classification results.

Metric Acc. Bal.
Acc

Prec. F1 (macro) AUC Sens.

MC-40X 77.00 81.50 74.24 75.70 97.03 81.50
MC-100X 76.36 75.43 73.54 73.39 96.81 75.43
MC-200X 68.87 74.55 65.48 67.80 94.63 74.55
MC-400X 64.84 61.47 62.44 60.53 92.91 61.47

The confusion matrices in Figure 8 provide a
comprehensive evaluation of the multi-class
classification performance across all magnification
levels (40×, 100×, 200×, and 400×). Each magnification
includes both raw count matrices and row-normalized
representations, enabling detailed analysis of
prediction distributions and class-wise performance
under varying image resolutions.
Across all magnifications, the normalized matrices
exhibit clear diagonal dominance, indicating that the
model correctly classifies the majority of samples
within each subtype. Performance is strongest at lower
magnifications (40× and 100×), where class separation
ismore distinct, while highermagnifications (200× and
400×) show relatively increased off-diagonal entries,
reflecting greater inter-class confusion.
These misclassifications are primarily observed among
morphologically similar subtypes, highlighting the
increased difficulty of fine-grained discrimination
at higher resolutions. Overall, the matrices confirm
that the proposed model maintains consistent
classification capability across scales, while
revealing resolution-dependent challenges in
subtype differentiation.

4.3 Binary Classification —Whole Dataset
Figure 9 illustrates the training and validation curves
for accuracy and loss for the binary classification
task on the whole dataset across both training
phases. The curves show a gradual and stable

Figure 8. Multi-class confusion matrices across
magnification levels (40×, 100×, 200×, and 400×). For each
magnification, left panels show raw prediction counts,
while right panels present row-normalized percentages,

illustrating class-wise performance and inter-class
confusion patterns across varying image resolutions.

increase in both training and validation accuracy,
indicating steady learning progression. The training
loss consistently decreases, while the validation loss
follows a similar downward trend overall, with a brief
spike observed around epochs 4–6 before returning to
a decreasing trajectory. This transient fluctuation does
not affect convergence and may be attributed to early
optimisation dynamics or data variability. Overall, the
curves demonstrate stable optimisation and effective
generalisation without significant overfitting.

Binary benign/malignant discrimination represents
themost clinically relevant application of the proposed
pipeline. Table 4 reports the complete metric suite
for the whole-dataset binary classification task. The
results demonstrate excellent performance across all
evaluation metrics, with high accuracy (95.53%),
balanced accuracy (94.70%), precision (94.90%),
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Figure 9. Training and validation accuracy and loss curves
for binary classification on the whole dataset, showing
stable convergence with a minor early fluctuation in

validation loss.

F1-score (94.80%), AUC (98.53%), and sensitivity
(96.93%).
These results indicate that the proposed model
achieves superior performance in binary classification,
consistently outperforming across all reported metrics.
The high sensitivity further confirms the model’s
effectiveness in correctly identifying malignant cases,
which is critical for clinical decision-making.

Table 4. Performance metrics for binary classification
(benign vs malignant) on the whole dataset,

demonstrating high accuracy and strong discriminative
capability across all evaluation measures.

Metric Acc. Bal.
Acc

Prec. F1 (macro) AUC Sens.

Bin-All 95.53 94.70 94.90 94.80 98.53 96.93

The confusion matrix in Figure 10 shows high correct
classification rates for both benign and malignant
classes, with minimal misclassification, confirming
strong binary discrimination performance.

Figure 10. Binary classification confusion matrix for the
whole dataset. Left: raw counts; Right: normalized

percentages showing classification performance for benign
and malignant classes.

4.4 Binary Classification — Per Magnification
Figure 11 illustrates the training and validation curves
for accuracy and loss across all magnification levels
(40×, 100×, 200×, and 400×). Both training and
validation accuracy show a steady and consistent
increase over epochs, indicating stable learning

behaviour. The loss curves generally decrease across
all magnifications; however, a noticeable fluctuation
is observed in the 200× setting, where validation
loss briefly spikes to approximately 140 during
epochs 7–9 before returning to a normal decreasing
trend. Minor fluctuations are also present in other
magnifications but remain below 30, suggesting overall
stable optimisation with limited sensitivity to data
variability.

Figure 11. Training and validation accuracy and loss curves
for binary classification across magnification levels (40×,
100×, 200×, and 400×), showing stable convergence with

minor validation loss fluctuations.

Table 5 presents the performance metrics for binary
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classification across different magnification levels. The
proposed model achieves strong performance across
all settings, with the best results observed at 40× (Acc:
95.00%, F1: 94.21%, AUC: 97.71%) and 200× (Acc:
93.71%, F1: 92.46%, AUC: 97.30%). Performance at
100× and 400× remains competitive, although slightly
lower, likely due to increased intra-class variation and
reduced global structural context. Overall, consistently
high AUC values (94.59%–97.71%) and sensitivity
scores demonstrate the model’s robustness and
effectiveness in distinguishing benign and malignant
samples across resolutions.

Table 5. Binary classification performance metrics across
different magnification levels, demonstrating consistent
and robust model performance across all evaluation

measures.
Metric Acc. Bal.

Acc
Prec. F1 (macro) AUC Sens.

Bin-40X 95.00 94.33 94.08 94.21 97.71 96.12
Bin-100X 90.42 90.78 88.11 89.20 96.73 89.81
Bin-200X 93.71 91.58 93.50 92.46 97.30 97.13
Bin-400X 90.84 90.26 89.16 89.67 94.59 91.89

The confusion matrices in Figure 12 further validate
the model’s performance across magnifications.
All matrices exhibit strong diagonal dominance,
indicating high correct classification rates for both
benign and malignant classes. Misclassifications are
minimal and relatively balanced across classes, with
slightly higher confusion observed at 100× and 400×
magnifications. These results confirm that the model
maintains reliable binary discrimination performance
across varying image resolutions.

4.5 Inference Efficiency
The inference latency of the proposed CSPResNet50
model remains highly consistent across all evaluation
settings listed in Table 6, ranging from 8.3 ms to 8.9
ms per sample. Minor variations are observed due to
differences in dataset complexity and magnification
levels, particularly in multi-class (MC) and binary
(Bin) settings. Higher magnification tasks (e.g., 200X
and 400X) exhibit slightly reduced latency in some
cases, attributed to reduced spatial ambiguity and
more localized feature responses. Overall, the model
demonstrates stable and efficient inference behavior,
indicating suitability for real-time or near real-time
histopathological image classification scenarios.

4.6 GradCAM Attention Analysis
Grad-CAM visualisations were analysed only for
binary and multi-class whole-dataset settings to

Figure 12. Binary confusion matrices across magnification
levels (40×, 100×, 200×, and 400×), showing raw counts

and normalized percentages, highlighting high
classification accuracy and minimal misclassification.

understand the model’s decision behaviour.

Figure 13 shows the Grad-CAM attention maps for
the multi-class classification (Whole Dataset). The
corresponding attention maps exhibit well-defined
and concentrated activations over class-specific
histopathological structures. The model consistently
focuses on discriminative regions such as tumour
cell clusters, glandular formations, and stromal
patterns, indicating that it has learned meaningful
subtype-specific representations and is able to localise
relevant features with high confidence.

In contrast, the binary setting Figure 14 includes
several misclassified samples. Here, the Grad-CAM
maps appear comparatively diffuse and less localised,
often spreading across broader tissue regions rather
than focusing on distinct diagnostic features. This
suggests that the model struggles to identify a clear
decision boundary between benign and malignant
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Figure 13. Multi-class classification (Whole Dataset) — Grad-CAM attention maps for representative multi-class samples,
showing correctly classified cases with strong, well-localised activations over class-specific histopathological structures,

demonstrating effective feature learning and localisation.

Table 6. Inference time (ms) for BreaKHis CSPResNet50
across different classification tasks.

Task ms
MC-All 8.4
MC-40X 8.4
MC-100X 8.6
MC-200X 8.3
MC-400X 8.4
Bin-All 8.9
Bin-40X 8.3
Bin-100X 8.9
Bin-200X 8.3
Bin-400X 8.4

patterns in certain cases, leading to incorrect
predictions.

Overall, correctly classified multi-class samples
exhibit sharp, high-intensity, and well-localised
activations, whereas misclassified binary samples

show scattered attention, reflecting ambiguity in
feature discrimination. These findings indicate
that errors are primarily associated with weak or
non-specific feature localisation rather than complete
model failure, highlighting the challenge of learning
robust binary separability in histologically diverse
tissue patterns.

4.7 Comparison with Related Work
Table 7 contextualises the proposed method against
representative published approaches on the BreaKHis
dataset.
The proposed CSPResNet50 framework introduces
several architectural and training-level improvements
over earlier convolutional approaches; however,
its performance remains competitive rather than
state-of-the-art when compared with recent literature.
First, the CSPResNet50 backbone improves gradient
flow and reduces parameter redundancy compared
to conventional architectures such as ResNet, VGG,
and AlexNet, while maintaining computational
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Figure 14. Binary classification (Whole Dataset) — Grad-CAM attention maps for representative binary classification
samples, highlighting misclassified cases where diffuse and weakly localised activations indicate ambiguity in

distinguishing benign and malignant tissue regions.

efficiency. Second, the incorporation of multi-scale
feature representation through FPN-style aggregation
enhances the model’s ability to capture both local and
global histopathological patterns, although recent
transformer-based and hybrid CNN–ViT models
demonstrate stronger global context modeling. Third,
the two-phase training strategy improves stability
during optimization and enables controlled domain
adaptation, but similar progressive fine-tuning
strategies have also been widely explored in recent
studies.

Despite these design advantages, the proposed model
achieves 95.53% accuracy in binary classification
and 78.10% in multi-class classification, indicating
strong binary discrimination but comparatively limited
performance in fine-grained subtype classification.
This suggests that while the architecture is effective
for coarse-grained malignancy detection, further
improvements are required to match the performance
of recent hybrid and attention-based state-of-the-art

methods in multiclass histopathological classification
tasks.

5 Conclusion
This paper presented a comprehensive deep learning
framework for breast cancer histopathological image
classification based on CSPResNet50, evaluated
across four systematically defined tasks on the
BreaKHis v1 benchmark. The proposed architecture
extended a pre-trained CSPResNet50 backbone
with Feature Pyramid Network-style multi-scale
feature aggregation across three spatial resolution
scales, Squeeze-and-Excitation channel-wise attention,
dual Global Average and Global Max Pooling per
scale, and a four-stage dense classification neck —
collectively producing a 1536-dimensional multi-scale
descriptor that simultaneously captures fine-grained
cellular morphology and broader tissue architectural
patterns within a single forward pass. A two-phase
progressive training strategy was introduced to
prevent catastrophic forgetting while enabling

136



ICCK Journal of Image Analysis and Processing

Table 7. Comparison with representative published
methods on BreaKHis.

Study Year Architecture Results
[11] 2026 LWT+Multi-path CNN 99.34% (Multiclass)
[12] 2026 CNN (VGG16,

ResNet50,
DenseNet121) + ViT
ensemble

98.7% (Binary),
95.8% (Multiclass)

[13] 2026 EfficientNetV2S + ViT +
Capsule Network

98.5% (Binary),
95.4% (Multiclass)

[29] 2025 ResNet50 +
DenseNet121 ensemble

98.61% (Binary)

[22] 2025 ResNet-based CNN
(transfer learning)

92.42% (Multiclass),
99.86% AUC

[23] 2025 Wide Residual Network
(WRN-28-2)

99.16% (Binary)

[31] 2024 CNN + Transformer
hybrid

98.13% (BreakHis),
97.80% (BACH)

[32] 2024 EfficientNetV2 + CBAM
attention

94.2% (40X), 88.41%
(200X), 89.42%
(400X)

Proposed CSPResNet50 Whole Dataset -
95.53% (Binary),
78.10% (Multiclass)

complete domain adaptation: Phase 1 trained only
the task-specific head with the backbone frozen,
while Phase 2 performed full fine-tuning with
a layer-wise learning rate differential. This was
combined with Focal Loss with label smoothing,
MixUp regularisation, Warmup Cosine Decay
scheduling, and automatic mixed-precision training.
At inference, eight-fold Test-Time Augmentation and
Youden’s J-optimal threshold selection were applied,
producing clinically aligned operating points that
jointly maximise sensitivity and specificity. GradCAM
attention visualisations confirmed that the model
consistently localised its decisions over diagnostically
relevant tissue features — nuclear pleomorphism,
mitotic figures, and disrupted glandular architecture
— rather than background stroma or slide preparation
artefacts. Systematic evaluation across all four
classification tasks — whole-dataset multi-class,
per-magnification multi-class, whole-dataset
binary, and per-magnification binary — under
an identical stratified 70/15/15 experimental protocol
demonstrated consistent and competitive performance,
with the magnification-stratified results providing
practically actionable insights into the relative
diagnostic utility of each optical scale.

5.1 Limitations
• Patient-Level Data Leakage: Image-level

splitting may cause patient data leakage across
train/test sets, leading to optimistic performance.
Patient-level splitting is required for clinically
reliable evaluation.

• Single-Magnification Training: Models
are trained separately per magnification,
ignoring cross-scale diagnostic dependencies.
Multi-magnification fusion is needed for realistic
clinical workflows.

• Absence of Stain Normalisation: No stain
normalization is applied, making the model
sensitive to colour variability across scanners
and labs. This may reduce cross-domain
generalisation.

• Single Dataset Evaluation: Experiments
are limited to BreaKHis only, restricting
external validity. Cross-dataset and multi-centre
validation are required for clinical deployment.

• Class Imbalance in Subtypes: Severe imbalance
among histological subtypes may bias learning
toward dominant classes. Rare classes show
higher metric variance despite sampling
strategies.

5.2 Future Work
• Patient-Level Cross-Validation: Future work

should adopt patient-level k-fold cross-validation
to ensure unbiased generalisation and provide
statistically reliable performance estimates.

• Multi-Magnification Fusion: A unified model
combining multiple magnification levels via
feature fusion or cross-attention can better capture
hierarchical tissue information.

• Stain Normalisation Integration: Incorporating
Macenko or SPCN stain normalization can
improve robustness to staining variability across
different institutions.

• EMA Weight Averaging: Using exponential
moving average of model weights can improve
stability, calibration, and generalisation without
additional training cost.

• Checkpoint Ensembling: Ensembling top-k
checkpoints can reduce variance and improve
inference stability with no extra training overhead.

• Precision-Recall AUC: PR-AUC should
complement ROC-AUC for imbalanced data,
providing a more sensitive evaluation of
malignant class performance.

• Self-Supervised Pretraining: Domain-specific
pretraining using contrastive or masked image
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modelling can reduce domain gap and improve
feature quality.

• Multi-Centre Validation: Evaluation on external
datasets (e.g., TCGA, CAMELYON) is necessary
to assess robustness under real-world domain
shifts.
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