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Abstract Accurate segmentation of histopathological images is essential to support early diagnosis and effective treatment
planning in cancer care. This study presents CancerSeg-XA, a deep learning-based histopathology segmentation system
designed to deliver robust performance across diverse tissue types and imaging sources. Built upon the DeepLabV3+
framework, CancerSeg-XA incorporates architectural enhancements to strengthen feature representation and improve model
stability. The system was evaluated on three widely recognized datasets—BCSS, PanNuke, and PUMA—each presenting
distinct structural and clinical challenges. Across all datasets, CancerSeg-XA consistently outperformed the baseline
DeepLabV3+ in terms of segmentation accuracy, recall, and F1-score. Specifically, it achieved accuracy improvements of
4.78%, 4.31%, and 3.22% on BCSS, PanNuke, and PUMA, respectively, along with substantial gains in FwIoU. These results
highlight the model’s ability to generalize effectively across varied histopathological contexts, positioning CancerSeg-XA as
a promising solution for clinical integration and future research in digital pathology.
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1. Introduction

Cancer remains one of the most pressing global health challenges, accounting for nearly 10 million deaths in
2020 [1]. This devastating disease arises from the transformation of normal cells into malfunctioning ones, which
proliferate uncontrollably and invade the surrounding tissues. Cancer continues to pose one of the most formidable
challenges of the 21st century, remaining among the leading causes of death globally, with an estimated 10 million
deaths in 2020 alone, and its burden is projected to rise dramatically unless urgent action is taken [2]. Early
detection and proper management are critical for the successful treatment and cure of many forms of cancer.
However, the diagnostic process is often labor-intensive, requiring pathologists to examine the stained tissue
samples under a microscope meticulously. The emergence of whole-slide imaging (WSI) and digital scanners
has revolutionized this process, enabling the digitization of histopathological images for analysis at various
magnifications [3].

This technological advancement has paved the way for computer vision to play a pivotal role in automating WSI
analysis, significantly reducing diagnosis time and enhancing efficiency.

A key component of this automation is histopathological image segmentation, which involves the precise
delineation of structures and regions within WSIs. Despite its importance, generating sufficient manually labeled
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data to train convolutional neural network (CNN) models remains challenging. The annotation of gigapixel
WSIs is time-consuming, costly, and requires specialized clinical expertise to account for the morphological
heterogeneity of malignant tumors. Even among experts, variations in annotation practices, such as the use
of different magnification levels to capture fine details, further complicate the process [4]. These challenges
highlight the need for innovative approaches to alleviate the annotation burden and enhance the scalability of
histopathological image segmentation.

Deep learning has made remarkable strides in medical diagnostics, particularly in the development of computer-
aided diagnostic (CAD) systems. These systems leverage deep learning to help practitioners detect and differentiate
abnormalities with greater precision [5]. The performance of CAD systems heavily depends on the selection of
relevant features and the ability of the classifier to learn from these features. CNNs, in particular, have emerged
as powerful tools for this purpose owing to their ability to learn robust feature representations and classify image
data effectively. The success of CNNs depends on both the input representation of images and network architecture
[6]. By enhancing the feature space, CNNs can achieve superior performance in classification tasks, making them
well-suited for challenges such as mitosis detection and cancer-level classification in cancer segmentation [7].

Building on our previous work [8], which focused on breast cancer histopathology images, this study broadens
the evaluation to multiple cancer types to assess the generalizability and stability of the proposed segmentation
framework across diverse histopathological settings. In this extended design, the standard DeepLabV3+
architecture was enhanced through two key modifications: the integration of a spatial attention layer positioned
between the encoder and decoder, and the replacement of the original ResNet50 backbone with the Xception
backbone. These combined architectural improvements yielded the best overall performance, enabling CancerSeg-
XA to capture finer structural details, enhance feature discrimination, and achieve superior segmentation accuracy
across all evaluated datasets.

First, a dedicated spatial attention module is explicitly positioned between the encoder and decoder, processing
the encoder’s output before it is passed to the decoder. This targeted placement enables the module to refine spatial
feature representations at a critical transition point, enhancing the model’s ability to emphasize diagnostically
relevant structures in complex histopathological regions. As a result, the integration of this attention mechanism
improves both the stability and accuracy of the segmentation process. Second, we replaced the conventional
ResNet50 backbone with the more efficient Xception architecture, which not only enhanced the feature extraction
capabilities but also reduced the model complexity by lowering the number of trainable parameters and the overall
computational costs. A comprehensive performance analysis was conducted, including the evaluation of training
and validation loss, learning stability, and accuracy, all of which demonstrated significant improvements over the
baseline DeepLabV3+ model and reinforced the effectiveness of the proposed extension.

This study presents a comprehensive medical histopathology segmentation system designed to operate
effectively across diverse tissue types and under different imaging conditions. By enhancing the standard
DeepLabV3+ architecture with targeted modifications, the proposed system aims to improve segmentation
accuracy, learning stability, and computational efficiency. The key contributions of this study are as follows:

• We propose an enhanced DeepLabV3+ architecture by integrating a spatial attention mechanism between
the encoder output and the decoder input, enabling the model to emphasize diagnostically relevant features
better and to improve segmentation performance.

• The model adopts the Xception backbone instead of the traditional ResNet50, providing superior feature
extraction capabilities while significantly reducing the number of trainable parameters and the computational
cost.

• A thorough performance evaluation was conducted across three diverse histopathology datasets representing
different organs and tissue characteristics. This analysis demonstrates the system's ability to generalize and
maintain consistent accuracy across various medical imaging challenges.

• The system achieved notable improvements in accuracy, recall, and F1-score compared with the baseline
DeepLabV3+, highlighting its potential for broader applicability in digital pathology and clinical workflows.

The remainder of this paper is organized as follows: Section II reviews prior research on cancer segmentation
and detection. Section III details the dataset preparation, proposed model architecture, and validation measures.
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Section IV presents and discusses the experimental results of this study. Section V concludes the paper with a
summary of the findings.

2. Related work

Cancer segmentation using histopathology images has gained significant attention because of its critical role in
accurate diagnosis and treatment planning of cancer. Histopathology, the microscopic examination of tissues,
provides detailed insights into cellular morphology and tissue architecture, which are essential for identifying
cancerous regions in tissues. To achieve this, a quantitative representation of tumor cells or tissues is often required,
relying on the extraction of relevant features to accurately assess tissue and organ functions [9]. Feature extraction,
which reduces an image to a compressed feature vector, plays a pivotal role in distinguishing between normal and
malignant tissues and grading them appropriately [10].

Traditionally, feature extraction has involved handcrafted features, such as shape, color, and texture, which are
particularly relevant to cancer histopathology. Key morphometric features of cells, such as the nuclear area, convex
area, and cell outline, are often more pronounced in cancer cells than in normal cells. These cells exhibited dark
nucleoli, reduced cytoplasm, disorganized chromosomes, abnormal growth patterns, and variations in shape and
size. Studies have shown that using the mean values of these features for cell and nuclear outlines can significantly
improve the grading process [11].

In recent years, deep learning architectures, particularly DeepLab, have been widely adopted and modified for
various segmentation tasks, demonstrating remarkable improvements in accuracy and efficiency. For instance,
DeepLabV3 has been integrated into pipelines for segmenting diverse histopathological structures, enhancing
adaptability to different tissue types, and improving the overall segmentation quality [12]. Another study introduced
an uncertainty-driven pooling layer into DeepLabV3+, which improved the segmentation accuracy and reliability
by better handling ambiguous regions in histology images . [13].

DeepLabV3+ has also been applied in medical imaging, beyond histopathology. For example, it was used
for liver tumor segmentation from CT images, combining deep convolutional neural networks (DCNNs) with
probabilistic graphical models (DenseCRFs) to capture multiscale context information and refine target boundaries
[14]. In cancer histopathology, DeepLabV3+ outperforms traditional methods, such as VGG16, ResNet18,
SqueezeNet, and MobileNetV2, showcasing its superior segmentation capabilities [15].

The versatility of DeepLabV3+ extends to other domains. For instance, it has been employed for the semantic
segmentation of buildings in high-resolution remote sensing images, leveraging its ability to handle high-resolution
inputs and effectively capture multi-scale features [16]. In microscopic cancer segmentation, DeepLabV3+
demonstrates exceptional accuracy in classifying and segmenting cancerous regions [17]. Similarly, it achieves
high accuracy and robustness in segmenting smooth muscle fibers in hematoxylin and eosin (H&E)-stained images
[18] and cancerous tissues, owing to its encoder-decoder structure that enables detailed and precise segmentation
[19].

In rectal cancer, DeepLabV3+ with an Xception-65 backbone was used to recognize pathological T-stages
and tumor invasion, employing atrous spatial pyramid pooling for multiscale feature extraction [20, 21].
Beyond medical imaging, DeepLabV3+ has been applied to segment cracks on concrete surfaces, outperforming
architectures such as U-Net and fully convolutional networks (FCN) [22]. It also surpassed UNet++ in accuracy
for oral epithelial dysplasia (OED) segmentation [23].

Han et al. [4] applied DeepLabV3+ to the ”Breast Cancer Semantic Segmentation” (BCSS) dataset [24],
introducing a modified ASPP module with varying atrous rates and a hybrid loss function combining cross-entropy
and Dice loss. These enhancements led to improved segmentation results, particularly for small and irregularly
shaped regions, with an accuracy of 84.83%.

Srijay et al. [25] proposed an advanced breast cancer tissue segmentation framework that incorporates spatially
adaptive normalization layers into a ResNet-based architecture. These layers help retain fine-grained details that are
typically lost in deep learning segmentation processes, thus improving segmentation accuracy. The model processes
histopathological image tiles and generates refined segmentation outputs, achieving an overall accuracy of 77%
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on the BCSS dataset. Huang et al. [26] developed a two-stage weakly supervised semantic segmentation model
that focuses on capturing inter-class relationships among tissue types in histopathology images. Their method
integrates a graph-parsing attention mechanism to enhance pseudo-label refinement and leverages a cyclic pseudo-
mask strategy along with multi-resolution supervision. These innovations collectively improved the segmentation
precision, resulting in an accuracy of 85.94% on the BCSS dataset.

Mauricio et al. [27]introduced an enhanced version of the U-Net architecture specifically designed for multiclass
segmentation of breast cancer tissues. The model incorporates densely connected blocks and residual connections,
which strengthen feature extraction and representation. This design enabled the model to effectively manage the
complex and heterogeneous nature of breast cancer histopathological data, yielding an impressive segmentation
accuracy of 81% on the BCSS dataset used.

The PanNuke dataset was originally introduced for nucleus instance segmentation, where each nucleus is
delineated separately and assigned one of several nucleus classes. A substantial portion of the literature has
therefore focused on improving instance-level prediction on PanNuke. Im et al. [28] proposed HDA-Net, a dual-
attention architecture that leverages both RGB information and its color-decomposed HER representation to
enhance nuclei localization and shape prediction through a multitask decoder. Their method achieved notable
gains in Aggregated Jaccard Index (AJI) and Dice score, improving performance by 0.7Pina et al. [29] introduced
CellNuc-DETR, which shifts nuclei analysis from pixel-wise segmentation to direct detection using a DETR-based
hierarchical encoder with multi-scale deformable attention. Their approach achieved state-of-the-art detection and
multi-class classification performance on PanNuke while delivering significantly faster inference on whole-slide
images. Zhao et al. [30] developed SBC-UNet3+, a multi-branch UNet3+ variant incorporating segmentation,
boundary detection, and classification-guided modules. The model demonstrated strong performance on PanNuke
with 89.61% accuracy, 89.19% F1-score, 99.08% Dice, and 83.16% mIoU, outperforming HoverNet and other prior
models. Ramesh et al. [31] proposed MANS-Net, which integrates spatial and channel attention to enhance nuclei
delineation across diverse organs; the model achieved 91.85% accuracy and an F1-score of 89.97% on PanNuke.
Chen et al. [32] introduced CellViT, a hybrid CNN–Vision Transformer framework that captures both local texture
and long-range dependencies, reporting competitive results with 87.5% F1-score on PanNuke.

The following works adapted the PanNuke dataset for semantic segmentation by merging nucleus instances into
the same label, treating all nuclei as a single class for binary segmentation to focus on overall nuclei delineation
rather than individual instance separation.

Arnob et al. [33] introduced an extension to the Segment Anything Model (SAM) for pathological primitive
segmentation, using a pre-trained SAM encoder for feature extraction, followed by cascaded feature propagation
layers for bounding box localization and classification. The approach generates bounding boxes as zero-shot
prompts for SAM’s mask decoder, enabling end-to-end detection and segmentation without additional training.
Tested on the PanNuke dataset (adapted for binary semantic segmentation), it achieved state-of-the-art F1 scores
for nuclei detection (up to 85%) and binary panoptic quality (bPQ) for segmentation, while offering faster inference
and cross-domain generalization to datasets like CoNSeP and MoNuSeg.

Koganti et al. [34] presented standardized workflows for reorganizing the PanNuke and NuCLS datasets,
including training-validation splits, cell-type-specific subsets, multi-scale patch generation, and synthetic data
creation using StyleGAN2-ADA to address class imbalance and data scarcity. The reorganized datasets support
semantic segmentation and object detection tasks with consistent annotations. Experiments on the adapted PanNuke
dataset (for binary semantic segmentation) showed improved model performance in binary classification and
multi-task evaluation, with synthetic data enhancing generalization, achieving up to 85% Dice scores in nuclei
segmentation tasks.

Ding et al. [35] developed SNOW, a large-scale synthetic pathological dataset for breast cancer nuclei
segmentation, generated using a StyleGAN-based image synthesizer and HoVer-Net for automated annotations.
The workflow produces 20k image tiles with 1,448,522 annotated nuclei, enabling supervised and semi-supervised
training. While primarily focused on breast cancer, the method was extended to PanNuke-like scenarios for binary
semantic segmentation, where models trained on SNOW achieved competitive Dice scores (around 0.85) compared
to real-world data, boosting performance in low-data regimes by up to 5%.
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Khaled et al. [36] proposed a semantic segmentation method using Segformer-b0 and Segformer-b4
architectures, which combine hierarchical Transformer encoders with lightweight MLP decoders for efficient multi-
scale feature extraction without complex decoders. Evaluated on the PanNuke dataset (adapted for binary semantic
segmentation), Segformer-b4 achieved a state-of-the-art mean Dice score of 0.845, outperforming RCSAU-Net
(0.8482), while Segformer-b0 reached 0.82, demonstrating high efficiency and accuracy in histopathology nuclei
segmentation.

Xia et al. [37] introduced AttE-Unet, a lightweight neural network for cell segmentation based on attention
enhancement, incorporating attention mechanisms to boost feature extraction and combining deep learning with
traditional image filtering for reduced computational demands. The model significantly cuts parameters and FLOPs
to 1.57% and 0.1% of the original UNet. On the PanNuke dataset (adapted for binary semantic segmentation), AttE-
Unet maintained 91.7% of the F1 score and 89.3% of the IoU compared to the baseline, with deployment on an
MCU using only 2.09 MB Flash and 1.38 MB RAM, highlighting its suitability for edge devices.

Torbati et al. [38] proposed a multi-stage auto-context deep learning framework for simultaneous tissue and
nuclei segmentation and classification in H&E-stained melanoma histology, using the PUMA dataset. Their
pipeline consists of four stages: first, classifying input images as primary or metastatic; second, performing initial
tissue segmentation; third, nuclei instance segmentation and classification; and finally, refining tissue segmentation
using nuclei outputs and post-processing heuristics. Their approach secured first place in tissue segmentation and
second in nuclei classification in the PUMA Challenge, achieving a micro-average tissue Dice score of 73.40% and
a summed nuclei F1-score of 63.48% across the two challenge tracks.

In conclusion, DeepLabV3+ has demonstrated robust performance in various domains, including biomedical
imaging, histopathology, MRI analysis, and remote sensing. With the targeted architectural modifications
introduced in this study, DeepLabV3+ is a particularly promising framework for advancing histopathological image
segmentation, offering improved generalization and accuracy across diverse datasets.

3. Materials and methods

This section discusses the dataset preparation, evaluation metrics, and design of the proposed system.

3.1. Dataset preparation

Three diverse histopathology datasets were used to comprehensively evaluate the proposed segmentation system.
These datasets differ in terms of organ origin, annotation specificity, and tissue morphology, providing a robust
benchmark for assessing the generalizability of the model across a wide spectrum of medical imaging scenarios.
Each dataset underwent standardized preprocessing, data augmentation, and partitioning to align with the training
and evaluation pipelines of the system. This multi-dataset strategy ensured that the model was rigorously tested not
only for domain-specific performance but also for its adaptability to heterogeneous histopathological conditions.

Breast Cancer Semantic Segmentation (BCSS) dataset [24]. The dataset comprised 155 H&E-stained whole-slide
images, with over 20,000 manually annotated tissue regions spanning 22 histological classes. To build a robust
training set, we extracted 57,000 subimages representing tumor-rich regions of interest (ROIs). Each sub-image
was 256 × 256 pixels in size and sampled using a 50% overlap strategy to maximize coverage. Data augmentation
techniques were applied to enhance generalization. Additionally, sub-images containing classes representing less
than 1% of the dataset were excluded to mitigate class imbalance and reduce label noise during training. The dataset
was randomly partitioned into 42,800 images for training, 10,700 for validation, and 3,500 for testing.

The second dataset, PanNuke [39], offers a multi-organ histopathological benchmark comprising H&E images
collected from various organs, including the breast, liver, kidney, prostate, and bladder. Each image was labeled
with five cellular classes: neoplastic, inflammatory, connective tissue, epithelial, and dead cells. The original dataset
contained 7,901 images; each was resized to 256 × 256 pixels for compatibility with the model. Data augmentation
was employed to increase diversity, resulting in an expanded dataset of 47,406 images. These were split into 34132,
3792, and 9,482 for training, validation, and testing, respectively. The presence of multiple tissue origins makes
PanNuke well-suited for testing the cross-domain generalizability of segmentation models.
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To further assess the generalization of the proposed model across broader cancer types, we used the recently
introduced Pan-cancer Unified Multicellular Annotation (PUMA) dataset [40]. This dataset comprised 103 high-
resolution H&E-stained images, each with a resolution of 1024 × 1024 pixels. The ground-truth annotations
were provided in the GeoJSON format, which we converted into the corresponding binary mask images of the
same resolution for use in semantic segmentation. From these masks, 5,025 subimages of size 256 × 256 pixels
were initially extracted to capture localized tissue patterns. These subimages were then expanded through data
augmentation to a total of 28,332 images. The augmented dataset was subsequently divided into 21,708 training
images, 5,424 validation images, and 1,200 testing images. This structured approach enabled a thorough and
scalable evaluation of the model’s segmentation performance on a novel and diverse multi-class histopathological
dataset. Together, these three datasets allow for robust and diverse benchmarking of the segmentation system,
ensuring its adaptability to various medical imaging challenges and underlying tissue heterogeneity.

Figure 1. Datasets distribution.

Figure 1. provides a visual comparison of the class distributions across the three histopathology datasets used in
this study: BCSS, PanNuke, and PUMA. Each dataset exhibits a distinct set of tissue classes with varying levels of
representation. In the BCSS, the majority of pixels belonged to the tumor (43%) and stroma (38%) classes, followed
by lymphocytic infiltration (10%), debris (4%), and other tissue (5%) classes. In contrast, PanNuke includes six
heterogeneous nuclear categories, with neoplastic nuclei comprising the largest proportion (43.38%), followed by
inflammatory (20.69%), non-neoplastic epithelial (17.81%), connective (11.42%), dead (5.41%), and non-nuclear
(1.06%) nuclei. Similarly, the PUMA dataset is dominated by tumor (55.68%) and stroma (38.46%) regions, with
other tissues accounting for only 5.86% of the total dataset. The dataset analysis revealed that the tumor and
stroma classes dominate across all datasets, while minority classes (e.g., necrosis and lymphocytic infiltration) are
less represented. In this study, we focus on the five most commonly analyzed tissue categories in BCSS—tumor,
stroma, lymphocytic infiltration, necrosis/debris, and other tissue—as adopted in prior research [4, 25, 26, 27].
This class selection ensures comparability with existing studies while maintaining sufficient representation for
stable model training. For a detailed explanation of the strategies adopted to mitigate class imbalance during model
training, refer to Section 4.2.

3.2. Evaluation Metric

The evaluation metrics for the segmentation performance of the proposed detector were based on four widely
recognized metrics. These key metrics were based on the counts of true positives (TPs), false positives (FPs), false
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negatives (FNs), and true negatives (TNs) for all images in the dataset. True positive (TP) instances were identified
as the intersections between the segmented cell membrane and the ground truth, whereas those that did not meet
this criterion were categorized as false positives (FPs). False negatives (FNs) are determined by the missed portions
of the ground truth, whereas true negatives (TNs) encompass image regions beyond the union of the segmentation
and the ground truth.

3.2.1. Network accuracy metric It is a performance measure that quantifies the overall accuracy of the predictions
made by the CNN. This is a comprehensive metric that considers both true-positive and true-negative predictions
relative to the total number of instances in a dataset [41]. The network accuracy can be determined using

Accuracy =
TP + TN

TP + FP + FN + TN
(1)

In the context of CNNs, accuracy is a fundamental metric that assesses the ability of a model to correctly classify
instances in all classes. This approach provides a general overview of model effectiveness but may not be suitable
for highly imbalanced datasets. In such cases, additional metrics, such as precision, recall, and F1 score, are often
considered to provide a more nuanced evaluation of the model performance.

3.2.2. F1 score metric This is a measure of the model accuracy that balances both precision and recall [42].
It provides a single numerical value that considers both false positives and false negatives, thereby offering a
comprehensive evaluation of model performance. The F1 score can be determined using

F1 score =
2× Precision × Recall

Precision + Recall
(2)

where

Precision =
TP

TP + FP
(3)

and

Recall =
TP

TP + FN
(4)

3.2.3. Mean Intersection over Union (MIoU) The mean intersection over union (MIoU) is a common evaluation
metric used for segmentation tasks in computer vision [43]. It measures the overlap between the predicted
segmentation and ground truth, providing an overall performance score for the model. The MIoU can be determined
using

MIoU =
1

C

C∑
i=1

Pi ∩Gi

Pi ∪Gi
(5)

where Pi is the predicted set of pixels for class i, Gi is the ground truth set of pixels for class i,9and C is the
total number of classes. The intersection represents the common pixels between the prediction and ground truth,
whereas the union represents the total number of pixels present in either the prediction or ground truth image.
MIoU is the average IoU value for all classes.
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3.2.4. Frequency weighted intersection over union (FwIoU) The frequency-weighted IoU (FwIoU) is a variant of
the IoU metric that considers the frequency of each class in a dataset [43]. This metric is more important for classes
that appear more frequently in datasets. The FwIoU can be determined using

FwIoU =

C∑
i=1

ni

N
· Pi ∩Gi

Pi ∪Gi
(6)

where ni is the number of pixels belonging to class i, and where N is the total number of pixels across all classes.
This metric weighs the IoU of each class by its proportion in the dataset, thereby providing a balanced evaluation
that considers the class imbalance.

3.3. The Proposed Model

We introduce CancerSeg-XA, a deep learning-based semantic segmentation model designed to address the
challenges of segmenting complex cancer histopathological images. The model leverages multi-scale contextual
information, spatial refinement, and attention mechanisms to achieve high segmentation accuracy across diverse
tissue structures and cellular regions. Based on the DeepLabV3+ framework, CancerSeg-XA incorporates key
architectural enhancements aimed at improving both generalization and precision of segmentation. Figure 2.
provides an overview of the model architecture used in this study. To extract rich hierarchical features from the

Figure 2. The proposed system modifications are based on the DeepLabV3+ model.

input images, the encoder component of the model replaces the original ResNet50 backbone of DeepLabV3+
with a more advanced Xception architecture. This substitution enhances the encoder’s ability to capture localized,
fine-grained features using depthwise separable convolutions. These characteristics are particularly beneficial
for histopathological segmentation, where cellular and tissue variations are often subtle and difficult to detect.
The improved encoder provides a more expressive feature representation, enabling better discrimination between
complex tissue patterns and supporting downstream segmentation accuracy.

A spatial attention module (SAM) is inserted immediately after the Atrous Spatial Pyramid Pooling (ASPP)
block and before the decoder input, i.e., the SAM takes the multi-scale encoder output as its input and produces an
attended feature tensor that is forwarded to the decoder. Let F ∈ RH×W×C denote the ASPP output feature tensor
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(in our implementation H = W = 16 and C = 1280). The SAM computes a single-channel spatial attention map
A ∈ RH×W×1 by a 1× 1 convolution followed by a sigmoid activation:

A = σ
(
Conv1×1(F ; Wa, ba)

)
(7)

where Conv1×1(·;Wa, ba) denotes a 1× 1 convolution parameterized by weights Wa ∈ R1×1×C×1 and bias
ba ∈ R, and σ(·) is the element-wise sigmoid function. The attention map is broadcast-multiplied across channels
and applied element-wise to the original feature tensor to produce the attended features F ′:

F′ = F ⊙A (8)

where ⊙ denotes element-wise multiplication with implicit channel-wise broadcasting of A to shape H ×W × C.
In our implementation the 1× 1 conv produces an attention tensor of size 16× 16× 1 which is multiplied with the
ASPP output 16× 16× 1280 to yield the attended tensor 16× 16× 1280. This design adds only a small number
of parameters (1,281 trainable parameters in our setup: C weights plus a bias), thereby preserving computational
efficiency while improving spatial discrimination.

The decoder stage integrates features from multiple depths using skip connections to maintain spatial
context while reconstructing the full-resolution segmentation map. These combined features are refined through
convolutional operations and upsampling, ultimately producing a pixel-wise segmentation mask that assigns class
labels to images. This architectural design ensures that the model captures detailed visual cues and delivers precise
and interpretable segmentation results.

Through these enhancements, CancerSeg-XA demonstrates a strong capability of segmenting complex
histopathological images, offering a practical and scalable solution for diverse cancer diagnostic tasks.

4. Results analysis

This section describes the training process and results.

4.1. Training setup

CancerSeg-XA was implemented in Python 3.7, using the Keras library as an interface for TensorFlow. The training
was performed in the Kaggle environment, which provides a P100 GPU with 16 GB RAM and powerful cloud
computing resources. The model used the Adam optimizer and sparse categorical cross-entropy loss function.

A reduced learning rate function was used to adjust the learning rate, with a reduction factor of 0.2, and a
patience parameter was set to five epochs. In this study, the DeepLabV3+ model was trained for 25 epochs, which
was consistent with the original configuration. Although we explored increasing the number of training epochs, the
empirical results showed that the model began to overfit beyond epoch 25, without yielding further improvements.
Therefore, we adhered to the original training schedule to maintain consistency and ensure a fair comparison with
the proposed CancerSeg-XA model. The CNN models trained by tuning hyperparameters are shown in Table 1.

Table 1. Model training hyperparameter values

Hyperparameter DeepLabV3+ CancerSeg-XA
Initial Learn Rate 1× 10−2 1× 10−4

End Learn Rate 1× 10−4

No. of Epochs 25 38
Batch size 24
Image size 256 x 256
Trainable params 10,611,830 8,038,479
Nontrainable params 32,224 13,456
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4.2. Loss Function and Class Imbalance Handling

As described in Section 3.1, the BCSS and PUMA datasets exhibit notable class imbalance, with tumor and stroma
regions dominating the annotated samples. To address the issue of class imbalance inherent in histopathology
datasets such as BCSS, PanNuke, and PUMA, a weighted cross-entropy loss function was employed during model
training. This approach ensures that minority classes contribute proportionally to the overall loss, preventing the
model from being biased toward dominant tissue types such as tumor and stroma. The class weights were computed
based on the inverse frequency of each class in the training dataset.

The weighted cross-entropy loss Lwce is defined as:

Lwce = −
C∑
i=1

wi yi log(ŷi) (9)

where C represents the total number of classes, yi is the true label for class i, ŷi denotes the predicted probability
for that class, and wi is the class weight determined by the inverse frequency of class occurrence:

wi =
1/fi∑C

j=1(1/fj)
(10)

where fi represents the frequency of class i in the training dataset. This weighting scheme assigns higher
importance to underrepresented classes, improving the model’s ability to learn fine-grained tissue structures across
all histological categories. The application of this loss function ensured more balanced optimization and enhanced
segmentation performance for minority classes such as necrosis, debris, and non-nuclear regions.

4.3. Training Progress

This section compares the training performances of DeepLabV3+ and CancerSeg-XA across the PanNuke, PUMA,
and BCSS datasets, focusing on their final epochs: epoch 25 for DeepLabV3+ across all datasets, epoch 38 for
CancerSeg-XA on PanNuke, and epoch 45 for CancerSeg-XA on the PUMA and BCSS datasets. The analysis
examined the validation accuracy and loss, highlighting the influence of the learning rate (LR) schedule on the
performance and stability of each model used.

For the BCSS dataset, as shown in Figure 3, DeepLabV3+ achieved a final validation accuracy of 80.00%
at epoch 25, whereas CancerSeg-XA achieved 85.00% at epoch 45. The higher accuracy of CancerSeg-XA
underscores the benefits of its prolonged training period. DeepLabV3+ required an early LR reduction to 2e-4 after
initial instability, followed by further adjustments, which stabilized the training but limited the accuracy gains.
CancerSeg-XA maintained its initial LR until epoch 27, with subsequent reductions, allowing sustained learning
and finer optimization, resulting in a better performance in the final epoch.

For training validation loss, DeepLabV3+ recorded a final validation loss of 0.35 at epoch 25 on the BCSS,
whereas CancerSeg-XA achieved 0.28 at epoch 45. The lower loss for CancerSeg-XA reflects its enhanced
generalization, supported by extended training and an adaptive LR schedule. DeepLabV3+’s early LR adjustments
prevented significant loss reduction beyond epoch 25, whereas CancerSeg-XA’s delayed reductions (e.g., to 2e-4
at epoch 27) facilitated ongoing refinement, minimizing the loss more effectively over 45 epochs.

On the PanNuke dataset, as shown in Figure 4, DeepLabV3+ achieved a final validation accuracy of 85.57%
at epoch 25, whereas CancerSeg-XA reached 87.00% at epoch 38. The higher accuracy of CancerSeg-XA
demonstrates the advantage of its extended training, allowing further optimization beyond DeepLabV3+’s 25
epochs. Both models began with an initial learning rate (LR) of 1e-2. DeepLabV3+ reduced its LR to 1e-3 at epoch
9 and 1e-4 at epoch 20, stabilizing the training but limiting the further gains. CancerSeg-XA, with reductions at
epochs 18 and 24, maintained a higher LR for a longer period, enabling more aggressive learning early on and finer
adjustments later, contributing to its superior accuracy.

For the PanNuke validation loss, DeepLabV3+ recorded a final validation loss of 0.30 at epoch 25, whereas
CancerSeg-XA achieved a lower loss of 0.25 at epoch 38. The extended training of CancerSeg-XA, paired with its
LR schedule (reductions at epochs 18 and 24), allowed for better convergence and reduced overfitting compared
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Figure 3. Validation accuracy for BCSS, comparing DeepLabV3+ at epoch 25 and CancerSeg-XA at epoch 45.

Figure 4. Validation accuracy for PanNuke, comparing DeepLabV3+ at epoch 25 and CancerSeg-XA at epoch 38.

with DeepLabV3+. DeepLabV3+’s earlier LR reductions stabilized its loss but prevented further improvement,
whereas the gradual decay of CancerSeg-XA supported continued loss reduction, enhancing generalization.

On the PUMA dataset, as shown in Figure 5, DeepLabV3+ reached a final validation accuracy of 66.00% at
epoch 25, whereas CancerSeg-XA achieved 72.26% at epoch 45. The significant improvement in CancerSeg-XA
reflects its ability to leverage 20 additional epochs for optimization. DeepLabV3+ adjusted its LR at epochs 8 (to
1e-4), 14 (to 1e-5), and 21 (to 1e-6), stabilizing the training but causing an early plateau. CancerSeg-XA, with LR
reductions at epochs 17, 28, and 37, benefited from a more gradual decay, maintained learning momentum, and
achieved higher accuracy through its extended training and adaptive architecture.

This observation is further supported by the fact that DeepLabV3+ recorded a final validation loss of 0.45 at
epoch 25 on PUMA, compared to CancerSeg-XA’s 0.35 at epoch 45. The lower loss of CancerSeg-XA highlights
its superior generalization, driven by extended training and a well-tuned LR schedule (reductions at epochs 17,
28, and 37). DeepLabV3+’s aggressive early LR reductions limited its ability to minimize loss further, whereas
CancerSeg-XA’s delayed and gradual adjustments enabled consistent improvement, effectively reducing loss over
additional epochs.
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Figure 5. Validation accuracy for PUMA, comparing DeepLabV3+ at epoch 25 and CancerSeg-XA at epoch 45.

4.4. Statistical Validation of Model Performance

To ensure the robustness and statistical reliability of the results, each model was independently trained and
evaluated three times with different random seeds, while maintaining identical hyperparameters and dataset splits.
The mean and standard deviation of key performance metrics (Accuracy, Recall, F1-score, MIoU, and FwIoU)
were computed to capture potential training variability. Additionally, paired t-tests were conducted to assess the
statistical significance of CancerSeg-XA’s improvements over the baseline DeepLabV3+, with a significance level
set at p < 0.05.

Table 2 presents the statistical validation results on the BCSS dataset. CancerSeg-XA consistently outperformed
DeepLabV3+ across all metrics with lower variance and statistically significant gains, confirming that the observed
improvements are robust and not due to random variation.

Table 2. Statistical validation over three independent runs on the BCSS dataset

Metric DeepLabV3+ (Mean ± SD) CancerSeg-XA (Mean ± SD) p-value
Accuracy 0.8670 ± 0.0093 0.9148 ± 0.0018 0.0158
Recall 0.8108 ± 0.0181 0.8819 ± 0.0092 0.0162
F1-score 0.8026 ± 0.0182 0.8796 ± 0.0080 0.0151
MIoU 0.7498 ± 0.0180 0.8282 ± 0.0105 0.0107
FwIoU 0.7442 ± 0.0169 0.8180 ± 0.0103 0.0104

To further verify the consistency of model performance, both DeepLabV3+ and CancerSeg-XA were
independently trained and evaluated three times on the PanNuke dataset under identical configurations but with
different random seeds. Table 3 summarizes the mean, standard deviation, and corresponding p-values for all
major performance metrics. Similar to the BCSS dataset, CancerSeg-XA demonstrates superior performance and
lower variance across all metrics. The p-values (p < 0.05) confirm that the observed improvements are statistically
significant, underscoring the robustness of CancerSeg-XA in handling heterogeneous multi-organ histopathology
images.

A similar statistical validation was performed for the PUMA dataset to ensure the consistency and reliability of
the results. Each model was trained and evaluated across three independent runs. Table 4 presents the aggregated
results. CancerSeg-XA consistently outperformed DeepLabV3+ in all key metrics, with accuracy, recall, and F1-
score increasing by approximately 3.2%, and statistically significant gains observed across all measures (p < 0.05).
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Table 3. Statistical validation over three independent runs on the PanNuke dataset

Metric DeepLabV3+ (Mean ± SD) CancerSeg-XA (Mean ± SD) p-value
Accuracy 0.8556 ± 0.0110 0.8987 ± 0.0044 0.0199
Recall 0.8653 ± 0.0031 0.8891 ± 0.0030 0.0015
F1-score 0.8353 ± 0.0068 0.8760 ± 0.0046 0.0035
MIoU 0.7795 ± 0.0079 0.8261 ± 0.0044 0.0045

These findings reaffirm that CancerSeg-XA maintains stable and reliable segmentation performance even on
datasets with pronounced variability and complex tissue structures.

Table 4. Statistical validation over three independent runs on the PUMA dataset

Metric DeepLabV3+ (Mean ± SD) CancerSeg-XA (Mean ± SD) p-value
Accuracy 0.8787 ± 0.0089 0.9109 ± 0.0035 0.0242
Recall 0.8787 ± 0.0089 0.9109 ± 0.0035 0.0242
F1-score 0.8787 ± 0.0089 0.9109 ± 0.0035 0.0242
MIoU 0.5531 ± 0.0042 0.6147 ± 0.0103 0.0066
FwIoU 0.8230 ± 0.0114 0.8655 ± 0.0028 0.0285

4.5. Results

This section presents the detailed evaluation of CancerSeg-XA across the BCSS, PanNuke, and PUMA datasets.
The comparative analysis highlights the performance improvements over the baseline DeepLabV3+ and other
state-of-the-art methods.

On the BCSS dataset, CancerSeg-XA was benchmarked against DeepLabV3+ as the baseline model. After a
detailed performance evaluation, CancerSeg-XA achieved notable improvements over DeepLabV3+: accuracy by
4.79% (from 86.70% to 91.48%), recall by 7.11% (from 81.08% to 88.19%), F1-score by 7.71% (from 80.26%
to 87.96%), MIoU by 7.84% (from 74.98% to 82.82%), and FwIoU by 7.38% (from 74.42% to 81.80%). These
improvements confirm the strong segmentation capability of CancerSeg-XA, as shown in Table 5.

Table 5. Performance comparison of CancerSeg-XA and existing methods on the BCSS dataset

Model Accuracy recall F1-score MIoU FwIoU
Han et al. [4] 0.84832 - - 0.6892 0.7374
Srijay et al. [25] 0.77 - - - -
Huang et al. [26] 0.8594 - 0.6989 - -
Mauricio et al. [27] 0.81 - - - -
DeepLabV3+ 0.8670 0.8108 0.8026 0.7498 0.7442
CancerSeg-XA 0.9148 0.8819 0.8796 0.8282 0.8180

In addition to the baseline DeepLabV3+, CancerSeg-XA was evaluated against several state-of-the-art methods
previously applied to the BCSS dataset, including the models proposed by Han et al. [4], Srijay et al. [25], Huang
et al. [26], and Mauricio et al. [27]. CancerSeg-XA outperformed Han et al.’s model in terms of accuracy (91.48%
vs. 84.83%) and FwIoU (81.80% vs. 73.74%). Compared with Huang et al., who achieved 85.94% accuracy and
an F1-score of 69.89%, CancerSeg-XA delivered notable gains across all evaluated metrics, confirming its superior
generalization capability. Furthermore, it significantly surpassed the models of Srijay et al. and Mauricio et al.,
who reported accuracies of 77% and 81%, respectively. These results affirm that the architectural enhancements in
CancerSeg-XA—specifically the integration of the Xception backbone and spatial attention module—contribute to
more robust and accurate segmentation performance on breast cancer histopathological images. These quantitative
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gains are also reflected qualitatively, as shown in Figure 6, where CancerSeg-XA demonstrates clearer boundary
localization and substantially reduced misclassification compared with DeepLabV3+ across representative BCSS
samples.

(a) Example 1: CancerSeg-XA delineates tumor-stroma boundaries with significantly higher precision and fewer
fragmented regions than DeepLabV3+.

(b) Example 2: CancerSeg-XA better preserves the continuity of stromal regions and markedly reduces false-positive
tumor predictions in ambiguous areas.

(c) Example 3: CancerSeg-XA accurately excludes fat and necrotic regions while maintaining crisp separation
between tumor and surrounding stroma.

Figure 6. Qualitative segmentation results on the BCSS dataset. From left to right: original H&E image, ground truth,
DeepLabV3+ prediction, and CancerSeg-XA prediction (red = tumor, blue = stroma, yellow = fat, gray = exclude).
CancerSeg-XA consistently produces cleaner, more accurate tissue boundaries across diverse breast cancer histologies.

The PanNuke dataset was originally introduced for nuclei instance segmentation, but several recent studies
have adapted it for semantic segmentation, enabling a fair comparison with our method. Based on this semantic-
segmentation setting, CancerSeg-XA achieved clear improvements over all state-of-the-art (SOTA) models listed
in Table 6. Compared with the baseline DeepLabV3+, CancerSeg-XA improved the F1-score from 0.8353 to 0.876
(+4.07%) and the MIoU from 0.7795 to 0.8261 (+4.66%), demonstrating stronger class-level consistency and
spatial accuracy across heterogeneous tissue regions.

When benchmarked against other leading semantic-segmentation approaches, CancerSeg-XA also achieved the
highest performance. Specifically, it outperformed SAM-ZeroShot by +2.17% in F1-score (0.876 vs. 0.8543) and
surpassed SNOW by +2.88% in F1-score (0.876 vs. 0.8472) and +9.40% in MIoU (0.8261 vs. 0.7321). Relative to
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SegFormer-b0 and SegFormer-b4, CancerSeg-XA achieved higher F1-scores by +5.0% and +3.08%, respectively.
Finally, compared with the lightweight AttE-UNet, CancerSeg-XA achieved substantial gains of +11.3% in F1-
score (0.876 vs. 0.763) and +17.2% in MIoU (0.8261 vs. 0.654). These improvements highlight the superior
robustness and generalization capability of CancerSeg-XA for semantic segmentation on the challenging PanNuke
dataset.

To further illustrate these quantitative improvements, Figure 7 presents qualitative examples from the PanNuke
dataset, showing clearer nuclei delineation and reduced boundary ambiguity in CancerSeg-XA compared with
DeepLabV3+ across multiple tissue regions.

Table 6. Performance comparison of CancerSeg-XA and existing methods on the PanNuke dataset

Model F1-score MIoU
SAM-ZeroShot [33] 0.8543 -
SNOW [35] 0.8472 0.7321
Segformer-b0 [36] 0.8260 -
Segformer-b4 [36] 0.8451 -
AttE-Unet [37] 0.763 0.654
DeepLabV3+ 0.8353 0.7795
CancerSeg-XA 0.876 0.8261

For the PUMA dataset, after a detailed performance analysis, CancerSeg-XA demonstrated consistent and
substantial improvements over the baseline DeepLabV3+. Specifically, it achieved higher accuracy by 3.22% (from
87.87% to 91.09%), recall by 3.22% (from 87.87% to 91.09%), F1-score by 3.22% (from 87.87% to 91.09%),
MIoU by 6.16% (from 55.31% to 61.47%), and FwIoU by 4.25% (from 82.30% to 86.55%). These improvements
confirm CancerSeg-XA’s enhanced segmentation capability and robustness on the PUMA dataset. Furthermore,
when compared to previously reported approaches, CancerSeg-XA significantly outperformed the PUMA Baseline
model [40], which achieved an F1-score of 69.4%, and Torbati et al. [38], which reached 74.39%. This superior
performance highlights CancerSeg-XA’s generalization ability and its effectiveness across diverse histopathological
domains, as detailed in Table 7. The qualitative examples in Figure 8 further illustrate these improvements, showing
clearer tumor delineation and more reliable segmentation in complex morphological patterns.

Table 7. Performance comparison of CancerSeg-XA and existing methods on the PUMA dataset

Model Accuracy Recall F1-score MIou FwIou
PUMA Baseline [40] - - 0.694 - -

Torbati et al. [38] - - 0.7439 - -
DeepLabV3+ 0.8787 0.8787 0.8787 0.559 0.8230

CancerSeg-XA 0.9109 0.9109 0.9109 0.6147 0.8655

4.6. Impact of Architectural Modifications on Model Performance

The impact of the proposed architectural enhancements—namely the integration of a spatial attention layer and the
replacement of the ResNet50 backbone with Xception—is summarized in Table 8. Replacing the ResNet50 encoder
with Xception substantially reduced model complexity, decreasing the number of layers from 147 in DeepLabV3+
to 52 in CancerSeg-XA and reducing the model size by 24.2% (from 40.48 MB to 30.66 MB). The addition of the
spatial attention module introduced only two extra layers and 1,281 trainable parameters (less than 0.01% of the
total), yet contributed meaningfully to performance gains across all datasets.

To evaluate computational efficiency in a clinically realistic setting, both models were benchmarked on a whole-
slide-image (WSI) simulation consisting of batches of 20 patches—reflecting the common scenario in which WSIs
are processed as moderate-sized patch sets during diagnostic workflows. Inference benchmarks were conducted on
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(a) Example 1: CancerSeg-XA detects and delineates individual neoplastic nuclei with higher fidelity and far fewer
false positives than DeepLabV3+.

(b) Example 2: In densely packed regions, CancerSeg-XA maintains better nuclear instance separation and correctly
classifies inflammatory nuclei missed by DeepLabV3+.

(c) Example 3: CancerSeg-XA robustly identifies small clusters of neoplastic nuclei in connective tissue while
suppressing background noise more effectively.

Figure 7. Qualitative pan-cancer nuclei segmentation results on the PanNuke dataset. From left to right: original image,
ground truth, DeepLabV3+ prediction, and CancerSeg-XA prediction (cyan = neoplastic, blue = connective tissue, red =
inflammatory, black = background). CancerSeg-XA achieves superior nuclear detection and classification across 19 different
tissue types.

a Kaggle Tesla P100-PCIE-16GB GPU, where memory usage is capped at approximately 15.9 GB due to hardware
limits.

CancerSeg-XA demonstrated faster inference, achieving an average time of 0.4095 s per batch and 0.02048 s per
image, compared to DeepLabV3+, which required 0.4454 s per batch and 0.02227 s per image. When extrapolated
to a full WSI (approximately 20 patches), CancerSeg-XA reduced total processing time from 77.94 s to 71.67 s,
representing a meaningful efficiency gain in the context of large-scale slide analysis. Standard deviation values
further indicated lower temporal variability during inference, reflecting improved runtime stability.

These results collectively demonstrate that the architectural modifications not only enhance segmentation
accuracy across all datasets but also improve computational efficiency and stability. This balance between accuracy,
model compactness, and inference speed supports the practical feasibility of deploying CancerSeg-XA in real-
world digital pathology pipelines, particularly in resource-constrained clinical environments.
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(a) Example 1: CancerSeg-XA captures fine tumor protrusions and thin stromal strands that DeepLabV3+ over-
smooths or completely misses.

chassis

(b) Example 2: In highly irregular tumor morphologies, CancerSeg-XA preserves structural details and reduces
leakage into surrounding stroma.

(c) Example 3: CancerSeg-XA exhibits with Xception+Attention clearly outperforms DeepLabV3+ in delineating
complex, branching tumor regions with minimal fragmentation.

Figure 8. Qualitative segmentation results on the PUMA dataset. From left to right: original H&E image, ground truth,
DeepLabV3+ prediction, and CancerSeg-XA prediction (red = tumor, blue = stroma). CancerSeg-XA exhibits superior
boundary adherence and robustness on the challenging prostate cancer cases in PUMA.

Table 8. Computational and architectural comparison of DeepLabV3+ and CancerSeg-XA

Model Layers Trainable Params Size (MB) Avg WSI Time
DeepLabV3+ 147 10,611,830 40.48 0.4454 s
CancerSeg-XA 52 8,038,479 30.66 0.4095 s

4.7. Dataset-Driven Limitations and Histological Ambiguity

The qualitative examples in Figure 9 illustrate that the remaining discrepancies arise from inherent histopathology
ambiguities rather than shortcomings of CancerSeg-XA. Across BCSS, PanNuke, and PUMA, many structures
exhibit overlapping morphologies, subtle texture transitions, and visually indistinct class boundaries—particularly
for rare categories such as isolated connective-tissue nuclei, small excluded regions, or transitional tumor–stroma
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(a) BCSS example illustrating ambiguous neoplastic vs. non-neoplastic boundaries, overlapping nuclear morphologies,
and subtle connective-tissue structures that contribute to segmentation variability.

(b) PanNuke example showing tumor–stroma continuity and nuanced nuclear textures that lead to plausible deviations
in tumor boundary prediction.

(c) PUMA example highlighting subtle differences between stromal regions and pale extracellular or excluded spaces,
complicating class separation for rare categories.

Figure 9. Qualitative error analysis across BCSS, PanNuke, and PUMA. The examples illustrate realistic histopathology
challenges—ambiguous boundaries, overlapping morphological patterns, subtle textures, and rare classes—that contribute
to discrepancies between CancerSeg-XA predictions and ground truth.

interfaces. In several regions, the ground-truth annotations rely on fine-grained, nucleus- or region-level
delineations that exceed what is consistently visible in the raw tissue, making perfect agreement unattainable
even for a strong model. Thus, the differences observed in Figure 9 reflect fundamental dataset and annotation
constraints, not failures of CancerSeg-XA.

5. Conclusion

Cancer remains a critical global health challenge, necessitating the development of advanced computational tools
to support early diagnosis and effective treatment planning. This study presents CancerSeg-XA, an enhanced
deep learning model based on the DeepLabV3+ framework, which is designed for the semantic segmentation
of cancer histopathological images. By integrating an attention layer and replacing the ResNet50 backbone with
the Xception backbone, CancerSeg-XA achieved significant improvements in segmentation performance while
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maintaining model efficiency. Evaluated on three diverse datasets (BCSS, PanNuke, and PUMA), CancerSeg-XA
consistently outperformed the baseline DeepLabV3+. Specifically, it achieved accuracy improvements of 4.78%,
4.31%, and 3.22% on BCSS, PanNuke, and PUMA, respectively. Moreover, CancerSeg-XA demonstrated superior
performance in terms of recall, F1-score, and frequency-weighted intersection over union (FwIoU), underscoring
its robustness across various tissue types and imaging sources. The use of the Xception backbone not only enhanced
the accuracy but also reduced the model complexity, resulting in a smaller size and fewer layers than the baseline.
This efficiency is crucial for practical deployment in clinical practice. The consistent performance across multiple
datasets highlights the ability of CancerSeg-XA to generalize effectively, making it a promising candidate for
integration into digital pathology workflows. These findings demonstrate the potential of advanced architectures
and attention mechanisms to transform histopathological image segmentation, paving the way for more accurate,
efficient, and stable models that can support clinical decision-making and advance cancer care.
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