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Abstract
Glomerular crescent lesions are critical indicators of severe kidney injury and are closely associated with disease progres-
sion. However, their automated identification remains challenging due to limited annotated data, class imbalance, and 
subtle morphological variations. This study proposes a comprehensive deep learning (DL) framework for segmentation 
and classification of glomerular crescent lesions in histopathology images, with emphasis on robustness under limited 
data conditions. The ISICDM2024 Challenge dataset is used for evaluation. For segmentation, several baseline models 
are first evaluated, including DeepLabV3, U-Net, Transformer-based U-Net, and a feature pyramid network (FPN) with 
a ResNet-34 backbone. Similarly, for classification, multiple baseline models are evaluated, including EfficientNetV2-
B0, ResNet-50, DenseNet-121, hybrid CNNs, CTransPath, and RetCCL. Motivated by the strong performance of FPN 
with ResNet-34 and DenseNet-121, two customized models are developed, namely CrescentSegNet for segmentation and 
CrescentDenseNet for classification. Comprehensive ablation studies are conducted, and interpretability and reliability are 
assessed using Grad-CAM, saliency mapping, uncertainty estimation, calibration analysis, and t-SNE. Cross-dataset evalu-
ation on SICAPv2 and BreaKHis 400 × confirms strong generalization and robustness. The proposed framework achieves 
competitive performance while maintaining efficiency and interpretability.
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1  Introduction

Glomerular crescent lesions form when epithelial cells and 
macrophages proliferate in Bowman's capsule and appear 
as cellular, fibrocellular, or fibrous crescents. While cellu-
lar and fibrocellular lesions may regress, fibrous crescents 
indicate chronic and irreversible damage [1]. Accurate 

recognition of these lesions is crucial for guiding treatment 
and prognosis. However, their subtle morphology makes 
manual detection challenging and prone to observer vari-
ability [2–5]. Although histopathology remains the diagnos-
tic gold standard, variations in staining quality, resolution, 
and background noise complicate automated analysis [6, 7]. 
Deep learning (DL) has shown potential in medical image 
segmentation and classification. However, models trained 
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on small, imbalanced datasets are prone to overfitting, 
often focusing on dominant background regions and under-
performing on rare findings such as crescents. Moreover, 
inconsistencies in laboratory protocols introduce further 
variability [6, 8, 9].

Researchers tackle small-data problems with several 
strategies. Data augmentation increases the size and diver-
sity of the training dataset by generating additional samples 
through transformations such as rotation, flipping, scaling, 
and geometric distortion [10]. Transfer learning fine-tunes 
networks pretrained on large corpora, such as ImageNet, 
providing a head start in feature extraction [11]. Regular-
ization methods such as dropout and batch normalization 
prevent overfitting [9]. Compact architectures, including 
MobileNet and EfficientNet, achieve an effective trade-off 
between model efficiency and accuracy by significantly 
reducing parameter counts and computational cost while 
maintaining high predictive performance [12–14]. Hybrid 
and attention models enable networks to focus on lesion 
regions and combine complementary features [15, 16]. 
Recent studies confirm the impact of these techniques. For 
example, CycleGAN generates synthetic tissue to expand 
limited datasets and supports a residual-inception U-Net 
with a post-processor intensity contour for better nuclei 
segmentation [17]. In addition, Bend-Net adds a boundary 
decoder and bending loss to refine overlapped nuclei [18], 
while a lean U-Net with Lovasz-Softmax loss segments 
colorectal slides and feeds a random forest biopsy classifier 
[19]. Other solutions include a weakly supervised CDWS-
MIL with area constraints [20], a Bayesian VGG-U-Net that 
flags uncertain prostate regions [21], a hybrid-attention Han-
Net for dense nuclei [22], and multi-model ensembles that 
won the ACDC LungHP challenge despite using data from 
only 200 annotated slides [23]. Lightweight designs also 
shine: MobileNetV2 with CBAM and a dual fusion decoder 
is superior to DeepLabV3 + on the small CAMELYON16 
dataset [24], Mu-Net trims U-Net yet keeps accuracy on 
brain organoids [25], a simple convolutional neural network 
(CNN) ensemble handles tissue subtyping on tiny whole-
slide sets [26], and PATrans uses pixel-adaptive attention for 
cervical nuclei [27].

Small-sample classification improves via customized 
learning schedules and feature reuse. Gradual unfreezing 
with cosine annealing, differential rates, and cycle-length 
adaptation cuts dermatology training time and lifts accuracy 
[28]. Segmentation-based feature learning improves down-
stream classification performance, even with weakly labeled 
data [29]. Cosine-similarity loss outperforms cross-entropy 
on few-shot tasks [30]. Selecting data based on effect size 
and accuracy enables simple models to generalize effec-
tively [31]. Naïve Bayes and AdaBoost tend to remain more 
stable than decision trees when training data is limited, as 

they are less prone to overfitting under small-sample con-
ditions [32]. Ensemble models combining MobileNetV2, 
VGG16, and EfficientNet demonstrate improved perfor-
mance for breast cancer classification on the Databiox data-
set, which comprises histopathological images of invasive 
ductal carcinoma (IDC) [33]. Vision Transformers (ViTs) 
are trained on the tiny PH2 skin-lesion set via transfer learn-
ing from ISIC 2020 and staged fine-tuning with augmenta-
tion [34, 35].

Recent advances in computational pathology have 
introduced powerful AI frameworks such as CHIEF [36], 
HiCervix [37], and SAC-Net [38], which use large-scale 
datasets, weakly supervised learning, or hierarchical feature 
aggregation to address slide-level diagnostic and prognos-
tic tasks. While these approaches have demonstrated strong 
performance across diverse pathological applications, they 
are generally designed under the assumption of abundant 
training data, large multi-institutional cohorts, and coarse-
grained clinical labels. In contrast, glomerular crescent 
lesion analysis operates in a fundamentally different set-
ting, as the available datasets are small, class-imbalanced, 
and highly lesion-specific. Moreover, the subtle morpho-
logical differences between crescent subtypes require fine-
grained spatial and cellular-level reasoning for accurate 
discrimination.

Consequently, directly adopting large-scale or weakly 
supervised pathology frameworks may lead to overfitting 
or suboptimal generalization in this context. To address 
this challenge, our work adopts a lightweight, task-specific 
DL strategy explicitly customized to small histopathology 
datasets. Instead of relying on generic foundation models, 
we emphasize architectural parsimony, systematic abla-
tion-driven design, and the explicit incorporation of inter-
pretability and calibration analyses. This methodological 
framework is intended to support stable learning under data-
limited conditions and to complement existing pathology AI 
approaches that primarily focus on large-scale or slide-level 
inference.

This study is motivated by the need for accurate, inter-
pretable, and clinically reliable DL tools for renal pathol-
ogy, as emphasized by the ISICDM2024 Challenge [39]. 
In particular, the challenge underscores the importance 
of automated segmentation and classification methods 
that support safer, more consistent assessment of crescent 
lesions in kidney biopsy images. To address this need, we 
focus on lightweight, task-specific models that emphasize 
interpretability and robustness under data-limited condi-
tions. Building on this foundation, the present study aims 
to automate the segmentation and classification of glo-
merular crescent lesions in histopathology images. For 
segmentation, we evaluate representative architectures 
including DeepLabV3 with a ResNet-101 backbone, 
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2  Dataset

The primary focus of this research is on the ISICDM2024 
Challenge dataset. To assess the robustness and cross-
domain generalization of the proposed models, we also 
used the two public datasets SICAPv2 for segmentation and 
BreaKHis 400 × for classification.

2.1  ISICDM2024 challenge

This study employed a curated the task 8 dataset designed 
for the segmentation and classification of renal glomerular 
crescent lesions in histopathological images. The dataset 
was released as part of the ISICDM2024 Challenge [39] 
and contains two primary subsets: a segmentation dataset 
and a classification dataset. Each subset contains 588 high-
resolution images (1360 × 1360 pixels), facilitating both 

U-Net, a Transformer-based U-Net (MiT-B0 encoder), 
and a customized ResNet-34 encoder with a feature pyra-
mid network (FPN) based model named CrescentSegNet. 
To further examine generalization, CrescentSegNet is 
additionally evaluated on the SICAPv2 prostate cancer 
histopathology dataset. For classification, we compare 
baseline models such as CTransPath, RetCCL, Efficient-
NetV2-B0, ResNet-50, a hybrid CNN model, and a cus-
tomized DenseNet-121-based model (CrescentDenseNet). 
To assess robustness beyond renal pathology, the pro-
posed CrescentDenseNet model is further evaluated on 
the BreaKHis 400 × breast histopathology dataset. Across 
both tasks, standard data augmentation and regularization 
strategies are applied, and model performance is evaluated 
based on accuracy, robustness, and reliability. The com-
plete workflow of the study is illustrated in Fig. 1.

Fig.  1  Overview of the proposed workflow for glomerular crescent 
analysis. a Data acquisition and preparation, including staining, scan-
ning, annotation, and dataset partitioning. b Model development and 
evaluation using CrescentSegNet for segmentation and Crescent-
DenseNet for classification, with Grad-CAM visualization and quan-

titative metrics. c Domain generalization evaluation on SICAPv2 and 
BreaKHis using the same training, validation, and testing protocol 
as ISICDM. d Clinical and research applications, including severity 
assessment and decision support. Created in BioRender. ​h​t​t​p​s​:​/​/​B​i​o​R​
e​n​d​e​r​.​c​o​m​/​5​s​j​k​q​z​l​​​​​​​​
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chronic, irreversible damage. Accurate identification of 
these lesion types is crucial for determining prognosis and 
planning treatment. The fibrous class has fewer samples than 
the cellular and fibrocellular classes. The dataset was con-
structed to address the current paucity of publicly available 
annotated glomerular crescent pathology images. It serves 
as a benchmark for the development of DL models designed 
to support clinical decision-making in nephropathology.

2.2  SICAPv2

Table 2 provides an overview of the SICAPv2 prostate 
cancer histopathology dataset used in this study for binary 
semantic segmentation of cancerous tissue regions. Addi-
tional details of the dataset are provided in the Supplemen-
tary Information (SI). The dataset comprises H&E-stained 
prostate biopsy image patches with corresponding pixel-
wise binary masks. As the original Kaggle-hosted version 
provided a highly imbalanced split, the data were reorga-
nized prior to model training by consolidating all image–
mask pairs and repartitioning them into training, validation, 
and test sets using an 80%/10%/10% split, with strict pres-
ervation of image–mask correspondence and no overlap 
between subsets. This restructuring enables robust evalua-
tion, generalization analysis, and independent testing. The 
dataset was accessed via a Kaggle-hosted mirror [40] for 
reproducibility and ease of use, while the original form is 
available from Mendeley data [41]. The VS Code console 
output of the automated data splitting procedure for the 
SICAPv2 dataset is shown in Figure S22 of SI.

2.3  BreaKHis 400 × 

Table 3 summarizes the composition, data splits, and anno-
tation characteristics of the BreaKHis 400 × breast cancer 
histopathology dataset [42] used for binary classification. 
A comprehensive description of the dataset, including its 
source, class distribution, and intended use, is provided in 
SI.

fine-grained structural analysis and automated diagnostic 
modeling, as shown in Table 1.

2.1.1  Composition and Splits

The dataset is partitioned into training, validation, and test 
sets containing 417, 51, and 120 images, respectively, with 
no overlap between splits to prevent data leakage and ensure 
unbiased model evaluation. Expert pathologists precisely 
annotated the images to provide ground-truth masks and 
class labels, ensuring the clinical accuracy and reliability of 
downstream machine-learning tasks. For the classification 
subset, the training set contained 171 cellular, 191 fibrocel-
lular, and 55 fibrous images; the validation set included 19 
cellular, 21 fibrocellular, and 11 fibrous samples; and the 
test set comprised 58 cellular, 53 fibrocellular, and 9 fibrous 
images. No additional metadata regarding patient identity, 
staining batches, or scanning devices were released by the 
challenge organizers.

2.1.2  Image Characteristics

The dataset includes images stained using three standard 
histopathological techniques: periodic acid-schiff (PAS), 
Masson’s trichrome (Masson), and periodic acid-silver 
methenamine (PASM). This staining diversity enhances the 
dataset's generalizability and supports the development of 
models robust to color and contrast variations.

2.1.3  Challenges and Relevance

Crescent lesions exhibit significant variability in morphol-
ogy, size, and texture. Moreover, the subtle inter-class dif-
ferences and blurred boundaries between lesion types pose 
significant challenges for automated analysis. Cellular and 
fibrocellular crescents are typically reversible and indicate 
treatable disease states, whereas fibrous crescents represent 

Table  1  Overview of ISICDM2024 Histopathology task 8 dataset 
compositions, split, and annotation types for binary segmentation and 
multi-class classification tasks
Task Count of images Annotation 

typeTotal Train Validate Test
Segmentation 588 417 51 120 Crescent 

region masks
Classification 588 417 51 120 Labels: cellu-

lar, fibrocellu-
lar, and fibrous

Table  2  Overview of the SICAPv2 prostate cancer histopathology 
dataset used for binary semantic segmentation
Task Count of images Annotation 

typeTotal Train Validate Test
Segmentation 18,783 15,026 1878 1879 Pixel-wise 

binary masks 
(cancer vs. 
background)

Table 3  Overview of the BreaKHis 400 × breast cancer histopathology dataset used for binary classification
Task Count of images Annotation type Magnification

Total Train Validate Test
Classification 1693 1,184 339 170 Labels: Benign and Malignant 400 × 
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with a ResNet-34 encoder as the backbone, CrescentSeg-
Net introduces a custom-made multi-scale feature fusion 
and optimization strategy designed to address the unique 
morphological variability, irregular boundaries, and scale 
heterogeneity of crescentic lesions. By explicitly using 
pyramid-level feature aggregation and a lesion-aware train-
ing objective, the model enhances localization accuracy and 
boundary delineation compared to a vanilla FPN configura-
tion. Figure 2 presents the complete architectural flow of the 
proposed CrescentSegNet framework.

3.1.2  Input and Encoder (ResNet-34 Backbone)

The model receives a 3-channel histopathology image of 
size 256 × 256 as input. It is first processed by a 7 × 7 convo-
lutional layer and a max pooling operation, which reduces 
the spatial dimensions and helps extract low-level visual 
features. The encoder follows the ResNet-34 architecture, 
comprising four residual stages (blocks), each responsible 
for progressively capturing deeper contextual features while 
reducing spatial resolution. The output of each encoder 
stage can be mathematically expressed as

Cl = fl (I) , l = 1, 2, 3, 4� (1)

where Cl denotes the feature map from the l-th residual 
stage, and I  is the input image. These outputs serve as the 
basis for the subsequent top-down feature fusion.

3.1.3  Customized FPN Decoder and CrescentSegNet 
Development

While FPNs were initially introduced for generic object 
detection tasks, CrescentSegNet re-engineers the FPN 
decoder for binary medical image segmentation, custom-
ized explicitly to glomerular crescent localization. Unlike 
a vanilla FPN implementation, the proposed framework 
emphasizes dense spatial reconstruction and lesion-focused 
feature aggregation, rather than region-level detection. First, 

3  Methods and Techniques

This study utilized a small dataset to enhance DL models 
for segmenting and classifying renal glomerular crescent 
lesions in histopathological images. The segmentation and 
classification approaches are discussed below.

3.1  Proposed Model for Crescent Lesions 
Segmentation

We explored several models for task segmentation, 
including DeepLabV3 with a ResNet-101 backbone, a 
Transformer-based U-Net (MiT-B0 encoder), U-Net, and 
FPN-ResNet-34. We applied key solutions, including data 
augmentation, transfer learning, architectural changes, and 
regularization techniques, to enhance model performance 
on small datasets. We also focused on lightweight architec-
tures and model customization, including adjustments to 
output layers and the use of pre-trained weights. Early stop-
ping and learning rate schedulers were employed to enhance 
convergence and prevent overfitting.

Customizations are applied to FPN with a ResNet-34 
backbone to adapt it to the small dataset, and the modified 
model is named CrescentSegNet. Based on its best per-
formance, CrescentSegNet was selected as the proposed 
model. This section describes the proposed model, while 
the Supplementary Information (SI) provides details on the 
architectures, customizations, fine-tuning strategies, hyper-
parameters, and settings of the baseline models mentioned 
above. In SI, Tables S1-S3 summarize the hyperparameters 
and settings for DeepLabV3, U-Net with MiT-B0, and 
U-Net, respectively.

3.1.1  Model Architecture, Customization, and Fine-tuning

The proposed segmentation framework, termed Cres-
centSegNet, is a task-specific architecture developed for 
the binary segmentation of glomerular crescent lesions 
in renal histopathology images. While it adopts an FPN 

Fig. 2  The architecture of the CrescentSegNet model for glomerular crescent lesion segmentation. The network integrates multi-scale features 
from the encoder through a top-down FPN decoder and produces a binary segmentation mask via the segmentation head
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Here Y and Ŷ  denote the ground-truth and predicted 
masks, respectively, and ϵ is a smoothing constant.        

3.1.6  Optimization and Regularization

To improve convergence, a cosine annealing scheduler is 
used to adjust the learning rate dynamically:

ηt = ηmin + 1
2

(ηmax − ηmin)
(

1 + cos
(

Tcur

Ti
π

))
� (9)

Here ηt represents the learning rate at iteration t, ηmax, ηmin 
are the maximum and minimum learning rates, Tcur is the 
current iteration, and Ti is the total iterations per restart. 
A dropout rate of 0.2 is applied in the decoder to mitigate 
overfitting, which is especially important for small datasets.

3.1.7  Training, Validation, and Testing

The model was trained using the Adam optimizer, with both 
the learning rate and the weight decay of 1 × 10⁻4 to control 
overfitting. The model was trained for 500 epochs with a 
batch size of 8. Early stopping was applied with a patience 
of 20 epochs based on validation loss to prevent overfitting. 
This process halts training if the validation loss does not 
improve for a specified number of epochs. During training, 
the model's performance was assessed using four standard 
metrics, including Dice coefficient, Jaccard index, recall, 
and precision, which were monitored for both the training 
and validation datasets to ensure model generalizability. 
Table 4 presents the hyperparameters and settings for the 
CrescentSegNet model.

The trained CrescentSegNet was evaluated on unseen 
glomerular segmentation images. The preprocessed test 
samples were passed through the model to generate pre-
dicted masks, which were then binarized using a threshold 
of 0.5. Performance was evaluated using Dice coefficient, 
Jaccard index, recall, and precision metrics, and results 
were saved for each sample.

For the segmentation task, model performance was 
assessed using the four standard metrics indicated above. 
Higher values for these metrics indicate improved segmen-
tation accuracy. The mathematical definition of each metric 
is shown below:

Dice = 2 × |A ∩ B|
|A| + |B| � (10)

Jaccard = |A ∩ B|
|A ∪ B| � (11)

1 × 1 lateral convolutions are applied to the encoder outputs 
to unify channel dimensions. A top-down pathway is then 
constructed, where higher-level semantic features are pro-
gressively upsampled and fused with lower-level spatial 
features through element-wise addition:

P l = Upsample(P l+1) + Conv1×1(Cl)� (2)

The top layer of the pyramid is initialized as

P 4 = Conv1×1 (C4)� (3)

To further refine the feature maps and smooth the fused 
outputs, each pyramid level is passed through a 3 × 3 
convolution:

P̂ l = Conv3×3 (P l)� (4)

 The refined multi-scale features P̂ l are either summed or 
concatenated before being forwarded to the segmentation 
head.

3.1.4  Segmentation Head and Output

The fused multi-scale feature map is processed by the seg-
mentation head, which consists of a convolutional layer fol-
lowed by a sigmoid activation to produce the final binary 
segmentation mask:

Ŷ = σ
(

Conv(P̂ )
)
� (5)

where P̂  is the aggregated feature map and Ŷ  is the pre-
dicted binary mask highlighting the crescent lesion regions.

3.1.5  Loss Function

To ensure effective training and handle class imbalance, a 
hybrid loss function combining binary cross-entropy (BCE) 
and Dice loss is employed:

Ltotal = λLBCE + (1 − λ)LDice, λ = 0.5� (6)

Here LBCE denotes the BCE loss, which is computed as

LBCE = −[Y log(Ŷ ) + (1 − Y ) log(1 − Ŷ )]� (7)

Moreover, the Dice loss is computed as

LDice = 1 − 2|Y ∩ Ŷ | + ϵ

|Y | + |Ŷ | + ϵ
� (8)
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the best performance among these models and is there-
fore considered the proposed model. We further custom-
ized DenseNet-121 for our task of enhancing classification 
accuracy on a small histopathology dataset and named it 
the CrescentDenseNet model. Furthermore, we conducted 
five ablation studies on CrescentDenseNet to optimize its 
performance further. This section focuses on the final (fifth) 
ablation of CrescentDenseNet; the details of the initial four 
ablations for CrescentDenseNet and the baseline models are 
in SI. The hyperparameters and training settings of all base-
line models are provided in the SI. Table S4 summarizes the 
configurations for EfficientNetV2-B0, ResNet-50, and the 
hybrid CNN model. Tables S5 and S6 present the settings 
for CTransPath and RetCCL, respectively. Table S7 reports 
the configuration used for DenseNet-121. In addition, Table 
S8 details the hyperparameters employed in ablation studies 
1–4 for the CrescentDenseNet model.

3.2.1  Model Architecture, Customization, and Fine-tuning

The CrescentDenseNet architecture was customized and 
optimized for classifying glomerular crescent lesions into 
three histological categories: cellular, fibrocellular, and 
fibrous. CrescentDenseNet, a densely connected CNN, pro-
motes efficient feature reuse and mitigates vanishing gra-
dient issues, making it particularly suitable for small-scale 
medical imaging datasets. The model processes 3-channel 
histopathology images resized to 224 × 224. These inputs 
pass through an initial 7 × 7 convolutional layer with a stride 
of 2, followed by a 3 × 3 max pooling layer to capture low-
level features and reduce spatial resolution. The core of the 
CrescentDenseNet model consists of four dense blocks with 
6, 12, 24, and 16 convolutional layers, respectively. Transi-
tion layers between these blocks perform 1 × 1 convolutions 
and 2 × 2 average pooling to reduce feature map dimensions 
and computational complexity.

A key innovation of the CrescentDenseNet model is its 
dense connectivity, in which each layer receives input from 
all preceding layers. This facilitates enhanced feature propa-
gation and learning efficiency, particularly in scenarios with 
limited data. Mathematically, the input to the l-th layer is 
defined as

xl = Hl ([x0, x1, ..., xl−1])� (14)

Here xl is the output of the l-th layer, Hl(·) is a composite 
function of Batch Normalization (BN), ReLU activation, 
and convolution, and [x0, x1, . . . , xl−1] represents the con-
catenation of feature maps from all previous layers.

To adapt the model for crescent lesion classification, sev-
eral customizations were implemented. The original clas-
sifier layer was replaced with a fully connected (FC) layer 

Precision = nTP

nTP + nFP
� (12)

Recall = nTP

nTP + nFN
� (13)

In Eqs. (10)–(13), let A denote the set of ground-truth cres-
cent pixels and B the set of pixels predicted as crescent by 
the model. Then |A ∩ B| corresponds to the number of true 
positives nTP,  |A| = nTP + nFN, |B| = nTP + nFP, and 
|A ∪ B| = nTP + nFP + nFN. Here, nTP, nFP, nFN, and 
nTN denote the numbers of true positives, false positives, 
false negatives, and true negatives, respectively.

3.2  Proposed Model for Crescent Lesion 
Classification

Initially, we employed some baseline models such as Effi-
cientNetV2-B0, ResNet-50, DenseNet-121, a hybrid CNN 
(EfficientNetV2-B0 + ResNet-50), CTransPath, and RetCCL 
(ResNet-50). Each model was fine-tuned to optimize per-
formance on the task, with modifications to its architec-
ture and training settings. DenseNet-121 demonstrated 

Table 4  Hyperparameters and settings of the CrescentSegNet model
Parameter Setting Parameter Setting
Encoder ResNet-34 Input size 256 × 256
Decoder FPN Horizontal 

flip
0.5

Epochs 500 Vertical flip 0.5
Batch size 8 Rotation  ± 30°
Learning rate 1 × 10⁻4 Normaliza-

tion (mean, 
std)

(0.485, 
0.456, 
0.406), 
(0.229, 
0.224, 
0.225)

Optimizer Adam Tensor 
conversion

Yes

Learning rate 
scheduler

CosineAnnealing BCE loss 
weight

0.5

Tmax (scheduler) 10 Dice loss 
weight

0.5

Loss func-
tion (binary 
cross-entropy)

BCEWithLogitsLoss Weight decay 1 × 10⁻4

Loss function 
(Dice)

BCE and Dice Data 
augmentation

Flip, 
rotation, 
elastic 
deforma-
tion

Input channels 3 Evaluation 
metrics

Dice, 
Jaccard, 
preci-
sion, 
recall

Output classes 1 Patience 20

1 3



Interdisciplinary Sciences: Computational Life Sciences

Figure  3 illustrates the architecture of the Crescent-
DenseNet model, and Table 5 summarizes the key hyperpa-
rameters and final training settings.

3.2.2  Training, Validation, and Testing

The CrescentDenseNet model was trained for 200 epochs, 
with performance monitored on the training and validation 
sets using standard evaluation metrics. During training, the 
model achieving the lowest validation loss was saved to 
ensure optimal generalization. All training statistics, includ-
ing loss values and performance metrics, were recorded and 
stored in structured CSV files for further analysis.

For evaluation, the trained model was tested on an inde-
pendent test set using the same preprocessing and normal-
ization procedures applied during training. Performance 
was assessed using confusion matrices to analyze class-wise 
behavior and prediction reliability. Classification perfor-
mance was quantified using four metrics: accuracy, preci-
sion, recall, and F1-score. These metrics were consistently 
applied across the training, validation, and test phases to 

with the same number of output classes. A dropout layer 
with a rate of 0.4 was inserted before the classifier to pre-
vent overfitting. To address the class imbalance, weights 
were calculated based on the class frequency and incorpo-
rated into a weighted cross-entropy (CE) loss function:

LCE = −
C∑

c=1
wcyc log(ŷc)� (15)

Here C is the number of classes, yc is the ground truth label, 
ŷc is the predicted probability for class c, and wc is the 
weight assigned to class c.

The model was trained using the Adam optimizer with 
both the learning rate and the weight decay of 1 × 10–4 to 
enhance convergence and reduce overfitting. In some 
experimental variants, early layers of the DenseNet-121 
backbone were frozen during training to preserve pretrained 
features and prevent degradation of general representa-
tions. A comprehensive data augmentation strategy was 
also applied, including random horizontal flipping, 20° 
rotations, resized cropping, and color jittering (brightness, 
contrast, saturation, hue) to improve robustness and gener-
alization. A global average pooling (GAP) layer compresses 
the spatial dimensions of the final feature maps before feed-
ing them into the classifier. The final FC layer outputs three 
class probabilities, and the class with the highest score is 
selected as the predicted crescent lesion type. To assess the 
contribution of each modification, an ablation study was 
conducted to examine the effects of dropout regularization, 
class weighting, layer freezing, and data augmentation. The 
results demonstrated that CrescentDenseNet achieved con-
sistently high and balanced classification performance on 
the small, imbalanced dataset, confirming the effectiveness 
of the applied enhancements.

Table  5  Hyperparameters and settings of CrescentDenseNet in the 
final ablation
Parameter Value
Image size 224 × 224
Batch size 16
Learning rate 1 × 10⁻4

Optimizer Adam
Weight decay (L2 Reg.) 1 × 10⁻4

Epochs 200
Dropout rate 0.4
Class weights Yes
Data augmentation Random resized crop, random hori-

zontal flip, random rotation, color jitter 
(brightness, contrast, saturation, hue)

Loss function CrossEntropyLoss (with class weights)
Evaluation metrics Accuracy, precision, recall, F1-score

Fig.  3  The architecture of the CrescentDenseNet model was used 
for classifying glomerular crescent lesions. The network processes 
224 × 224 input histopathology images through densely connected 

convolutional layers, followed by global average pooling and a fully 
connected layer to classify lesions into cellular, fibrocellular, or fibrous 
types
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coding to visualize class separability. Performance metrics 
such as Dice coefficient, Jaccard index, recall, and preci-
sion were further analyzed through radar plots, distribution 
histograms, and sample-wise comparisons to evaluate con-
sistency across the dataset.

For the classification task, CrescentDenseNet was evalu-
ated through fivefold cross-validation using class-balanced 
loss to mitigate data imbalance. Data augmentation tech-
niques, including flipping, rotation, brightness adjustment, 
and cropping, were employed to enhance model generaliza-
tion. Interpretability was achieved using Grad-CAM and 
saliency maps, allowing visualization of class-discrimina-
tive regions. Prediction confidence was calibrated through 
reliability plots, and latent feature distribution was exam-
ined using t-SNE to visualize inter-class separation in the 
embedding space.

4  Results and Discussions

This section presents the results for the proposed models 
with the best performance on segmentation and classifica-
tion tasks.

4.1  Segmentation Results

Table 6 presents the results of the ablation study conducted 
on the ISICDM2024 dataset, comparing the performance of 
different DL architectures and their variants for glomerular 
crescent segmentation. The table reports average training 
and validation metrics, including loss, Dice coefficient, Jac-
card index, recall, and precision. The results demonstrate 
progressive performance improvements across ablation 
stages, with the proposed CrescentSegNet achieving the 
highest overall accuracy and segmentation quality among 
all evaluated models. Additional details on these approaches 
are provided in SI. The performance evaluation plots for the 
baseline segmentation models are provided in SI, including 
DeepLabV3 (Figure S1), Transformer-based U-Net (MiT-
B0 encoder) (Figures S2–S4), and U-Net (Figures S5–S7).

ensure fair and comparable evaluation. Precision and recall 
are defined in Eqs. (12) and (13), while the formulas for 
accuracy and F1-score are provided below.

Accuracy = nTP + nTN

nTP + nTN + nFP + nFN
� (16)

F1-score = 2 × Precision × Recall
Precision + Recall � (17)

Here, nTP denotes the number of samples correctly clas-
sified as a specific crescent type, nFP denotes the number 
of samples incorrectly labeled as that crescent type, nFN 
denotes the number of samples that truly belong to a given 
crescent class but were misclassified as another type, and 
nTN denotes the number of samples correctly identified as 
not belonging to that class.

3.3  Model Interpretability and Evaluation 
Techniques

To evaluate interpretability, reliability, and generalization, 
we employed a comprehensive set of post-hoc analysis 
techniques for both segmentation and classification models. 
These techniques collectively provided a detailed under-
standing of each model's decision-making behavior, pre-
dictive confidence, and complete robustness in the crescent 
lesion analysis.

For the segmentation task, the CrescentSegNet model 
was evaluated using pixel-level explainability methods, 
including Grad-CAM, Score-CAM, Integrated Gradients, 
and LIME, which highlighted the spatial regions most 
strongly influencing lesion localization. To quantify pre-
dictive uncertainty, Monte Carlo Dropout was applied to 
generate entropy- and variance-based uncertainty maps. 
Model calibration was examined using reliability diagrams 
and confidence histograms to assess the alignment between 
predicted probabilities and actual segmentation accuracy. 
Furthermore, t-SNE was used to project high-dimensional 
encoder features into a 2D space, with Dice-based color 

Table 6  Ablation study comparing the performance of different DL models for glomerular crescent segmentation on the ISICDM2024 dataset. The 
table reports average training and validation losses and segmentation performance metrics, including Dice coefficient, Jaccard index (J), recall (R), 
and precision (P), for the baseline, ablation variants, and the proposed CrescentSegNet model
Models and ablations (Ab) Training metrics (avg) Validation metrics (avg)

Loss Dice J R P Loss Dice J R P
DeepLabV3 [39] 0.03 0.98 0.95 0.98 0.98 0.15 0.81 0.70 0.84 0.82
Transformer-based U-Net [43] Ab1 0.14 0.80 0.69 0.78 0.83 0.16 0.70 0.57 0.71 0.74
Transformer-based U-Net [43] Ab2 0.13 0.81 0.71 0.80 0.85 0.15 0.73 0.60 0.74 0.76
Transformer-based U-Net [43] Ab3 0.05 0.93 0.88 0.92 0.94 0.17 0.78 0.66 0.80 0.79
U-Net [44] Ab1 0.40 – – – – 0.79 0.34 0.23 0.49 0.43
U-Net [44] Ab2 0.07 0.89 0.84 0.87 0.94 0.68 0.70 0.58 0.71 0.79
U-Net [44] Ab3 0.09 0.91 0.85 0.91 0.92 0.17 0.80 0.70 0.82 0.85
CrescentSegNet Proposed 0.60 0.92 0.86 0.93 0.92 0.20 0.84 0.74 0.88 0.83
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Figure  6 summarizes the uncertainty and reliability 
analysis of the CrescentSegNet model on the ISICDM2024 
dataset. The distribution of mean entropy values reflects pre-
diction confidence across samples, while the Dice–entropy 
relationship shows a clear association between lower uncer-
tainty and higher segmentation accuracy. The boxplot anal-
ysis further confirms improved Dice scores with increasing 
confidence levels. The t-SNE visualization illustrates mean-
ingful feature separation aligned with segmentation quality. 
The reliability curve and probability histogram demonstrate 
well-calibrated predictions, indicating stable and consistent 
model behavior across the test set.

Figure  7 shows the distribution of segmentation per-
formance metrics on the test set on the ISICDM2024 data 
using the CrescentSegNet model. Each subplot shows the 
dispersion and central tendency of Dice, Jaccard, recall, and 
precision scores across test samples, with red dashed lines 
indicating the mean values. These plots highlight strong 
overall performance, with high recall and Dice scores, and 
moderate variability in precision and Jaccard scores, driven 
by occasional outliers.

Figure  4 illustrates the training and validation perfor-
mance of the CrescentSegNet model on the ISICDM2024 
dataset. The loss decreases steadily, while Dice coefficient, 
Jaccard index, recall, and precision consistently increase on 
both the training and validation sets, indicating robust opti-
mization behavior and good generalization performance.

4.1.1  Comprehensive Evaluation of Test Segmentation 
Results

Figure 5 presents the average segmentation performance of 
the CrescentSegNet model on the test set of the ISICDM2024 
dataset. Panel a shows a balanced radar shape, indicating 
consistent performance across all four metrics. Panel b con-
firms this result with high scores: Dice (0.864) and recall 
(0.913) indicate a strong overlap and sensitivity, while Jac-
card (0.775) and precision (0.844) demonstrate solid speci-
ficity and reduced false positives. The results show that the 
model performs robustly, achieving reliable and accurate 
segmentation of glomerular structures.

Fig. 4  Segmentation task training and validation results for the CrescentSegNet model on the ISICDM2024 dataset. a Loss, b Dice coefficient, c 
Jaccard index, d recall, and e precision
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scores are slightly lower and more dispersed, reflecting 
stricter overlap criteria and occasional over-segmentation. 
Outliers, shown in red, highlight rare failure cases worth 
investigating. This comprehensive view confirms robust 
segmentation across most cases while pinpointing samples 
that need further analysis or refinement.

Figure 8 illustrates both the absolute (scatter plots) and 
relative (ranked line plots) performance of the model across 
individual test images on the ISICDM2024 dataset. The 
Dice and recall scores show high consistency with means 
above 0.86 and 0.91, respectively, indicating strong overall 
segmentation quality and sensitivity. Jaccard and precision 

Fig.  6  Comprehensive evaluation of test-phase predictions by the 
CrescentSegNet model on the ISICDM2024 dataset. a Mean entropy 
distribution. b Dice vs. mean entropy. c Dice scores by entropy quan-

tile. d t-SNE plot of encoder features color-coded by Dice score. e 
Reliability curve. f Histogram of predicted probabilities

 

Fig. 5  Summary of CrescentSegNet segmentation performance in the test set of the ISICDM2024 dataset. a Radar plot illustrating average Dice, 
Jaccard, recall, and precision values. b Bar chart displaying the same metrics as (a) numerically for direct comparison
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glomerular crescent segmentation, while Figure S10 illus-
trates sample-wise performance across test images.

4.2  Classification Results

Table 7 presents the validation performance of multiple 
baseline DL models for glomerular crescent classification. 
Additional descriptions of these models are provided in 
SI. Among them, DenseNet-121 demonstrated the highest 
overall effectiveness, achieving the best F1-score (0.42) 
and accuracy (0.57), making it the most suitable baseline 
for this task. EfficientNetV2-B0 offered moderate recall 
but underperformed on precision and F1-score, while 
ResNet-50 achieved higher precision but lacked overall bal-
ance. The hybrid CNN model yielded the poorest results 
across all metrics. Additional qualitative results of the 
baseline models are provided in SI. Figure S11 presents the 

Figure 9 presents six examples of explainability results 
from the test set of 120 images of the ISICDM2024 dataset. 
Column 1 displays the raw histopathological images, and 
Column 2 shows their corresponding ground truth masks. 
Column 3 contains predicted segmentation masks generated 
by the CrescentSegNet model. Column 4 provides an over-
lay comparison, where red highlights the ground truth and 
white shows the predicted regions. Columns 5–9 visualize 
explainability outputs from different XAI methods such as 
Grad-CAM, LIME, Score-CAM, integrated gradients, and 
uncertainty estimation, revealing model attention, feature 
importance, and prediction confidence for each case. Addi-
tional qualitative results on the ISICDM2024 test set are 
provided in SI. These include visual comparisons between 
predicted segmentation masks and ground-truth annotations 
in Figure S8. Figure S9 presents the corresponding mean 
prediction maps and entropy-based uncertainty maps for 

Fig.  7  Distribution of segmentation performance metrics on the 
ISICDM2024 test set using the CrescentSegNet model. Boxplots sum-
marize the sample-wise distribution of Dice coefficient (a), Jaccard 
index (b), recall (c), and precision (d) across all test images. The red 

dashed line in each panel indicates the mean value of the correspond-
ing metric, while boxes represent the interquartile range and whiskers 
denote variability across samples
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a modified classifier head, with standard input resizing 
to 224 × 224 and simple data augmentation (horizon-
tal flip and color jitter). Training was performed using 
the Adam optimizer with a learning rate of 1 × 10⁻4, 
a weight decay of 1 × 10⁻4, batch size of 16, and 200 
epochs. Class weighting was enabled to address class 
imbalance, while no dropout, learning-rate scheduler, or 
layer freezing was applied. This ablation serves as the 
baseline fine-tuned configuration.

	● Ablation 2: Strong regularization through random 
resized cropping, horizontal flipping, random rota-
tion, and color jitter, combined with freezing of early 
DenseNet layers. Input images were resized to 256 × 256 
and trained with batch size of 16 using the Adam opti-
mizer. A reduced learning rate of 5 × 10⁻5 and a weight 
decay of 5 × 10⁻5 were used, with training conducted for 
150 epochs. A dropout rate of 0.5 was introduced at the 
classifier head, and a ReduceLROnPlateau learning rate 
scheduler was applied. Class weighting was enabled 
throughout training.

	● Ablation 3: Moderate data augmentation, including 
random resized cropping, horizontal flipping, random 
rotation, and color jitter, with input images resized to 
256 × 256. The model was trained using the Adam op-
timizer with a learning rate of 1 × 10⁻4, a weight decay 

results of EfficientNetV2-B0, Figure S12 shows the results 
of ResNet-50, and Figure S13 illustrates the performance of 
the hybrid CNN model. Figure S14 displays the training and 
validation curves of CTransPath, Figure S15 shows the cor-
responding curves for RetCCL, and Figure S16 presents the 
classification results of the DenseNet-121 model. Table S9 
presents class-wise performance metrics for the Efficient-
NetV2-B0, ResNet-50, hybrid CNN, and DenseNet-121 
models.

Table 8 summarizes the ablation study results for the 
CrescentDenseNet model on the ISICDM2024 dataset. The 
table reports average training and validation performance 
across different ablation configurations using loss, accuracy, 
precision, recall, and F1-score. The results show consistent 
performance improvements across successive ablations, 
with the final configuration achieving the highest accu-
racy and F1-score. The findings demonstrate the effective-
ness of the proposed design choices in improving model 
performance.

Complete details of the ablations used for the Crescent-
DenseNet model are included in the SI and are summarized 
as follows:

	● Ablation 1: Customizations applied to vanilla 
DenseNet-121, including architectural adjustments and 

Fig. 8  Per-image and ranked dis-
tribution analysis of segmentation 
performance metrics for Cres-
centSegNet on the ISICDM2024 
test set. Panels a and b show the 
per-image Dice scores and the cor-
responding ranked Dice distribu-
tion, respectively. Panels c and 
d present the per-image Jaccard 
scores and ranked Jaccard distribu-
tion. Panels e and f illustrate the 
per-image recall scores and ranked 
recall distribution, while panels g 
and h depict the per-image preci-
sion scores and ranked precision 
distribution

 

1 3



Interdisciplinary Sciences: Computational Life Sciences

of 1 × 10⁻4, batch size of 16, and 150 epochs. A drop-
out rate of 0.4 was applied in the classifier head, while 
no learning-rate scheduler or layer freezing was used. 
Class weighting remained enabled, allowing evaluation 
of moderate regularization without aggressive optimiza-
tion constraints.

	● Ablation 4: Minimal augmentation consisting of hori-
zontal flipping and color jitter, with standard resizing to 
224 × 224. Training was performed using the Adam op-
timizer with a learning rate of 1 × 10⁻4, a weight decay 

Table 7  Performance of baseline DL models in terms of average preci-
sion, recall, F1-score (F1), and accuracy (Acc) on the validation set 
for glomerular crescent classification using the ISICDM2024 dataset
Model Precision Recall F1 Acc
EfficientNetV2-B0 [14] 0.28 0.43 0.34 0.45
ResNet-50 [8] 0.47 0.36 0.25 0.43
DenseNet-121 [45] 0.40 0.47 0.42 0.57
Hybrid CNN 0.07 0.33 0.11 0.22
CTransPath [46] 0.46 0.46 0.42 0.46
RetCCL (ResNet-50) [47] 0.63 0.58 0.58 0.61

Table 8  Training and validation results of the ablation study for the CrescentDenseNet model on the ISICDM2024 dataset. The table reports 
average performance metrics, including loss, accuracy (Acc), precision (P), recall (R), and F1-score (F1), for each ablation configuration across 
training and validation phases
Ablation Training metrics (avg) Validation metrics (avg)

Loss Acc P R F1 Loss Acc P R F1
1 0.07 0.99 1 0.99 0.99 1.85 0.62 0.64 0.62 0.59
2 1.16 0.37 0 0.37 0.38 1.10 0.37 0.36 0.37 0.35
3 0.35 0.85 1 0.85 0.86 2.01 0.63 0.65 0.63 0.61
4 0.07 0.99 1 0.99 0.99 0.25 0.92 0.92 0.92 0.92
5 0.32 0.87 1 0.87 0.87 0.45 0.86 0.87 0.86 0.86

Fig. 9  CrescentSegNet segmentation and explainability results for six 
representative test images of the ISICDM2024 dataset. The first two 
columns show the raw images and ground truth masks, respectively; 
third column shows the predicted masks; and fourth column provides a 

comparison overlay with ground truth in red and predictions in white. 
The last five columns display XAI outputs from Grad-CAM, LIME, 
Score-CAM, integrated gradients, and uncertainty estimation analyses
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of the CrescentDenseNet model using Ablation 5 on the 
ISICDM2024 dataset. Panel a shows a steady decrease in 
training and validation losses, indicating effective learn-
ing. Panels b to e demonstrate strong and consistent per-
formance across accuracy, precision, recall, and F1-score, 
with training metrics slightly higher than validation metrics, 
suggesting good generalization with minimal overfitting. 
However, compared to other ablation studies, overfitting 
has been significantly reduced in the final ablation. Panel 
f, a confusion matrix, confirms that most samples across all 
three crescent classes (cellular, fibrocellular, and fibrous) 
were correctly classified, with the cellular class showing the 
highest accuracy.

4.2.1  Comprehensive Evaluation of Test Classification 
Results

The fifth ablation of the CrescentDenseNet model was 
selected as the final proposed configuration. In this section, 
we analyze the test results obtained using this final model 
to assess its classification performance. Figure 11 presents 

of 1 × 10⁻4, batch size of 16, and 200 epochs. A dropout 
rate of 0.4 was applied to the classifier head, while no 
learning rate scheduler or layer freezing was used. Class 
weighting was enabled. This ablation assesses the effect 
of lighter augmentation and longer training duration.

	● Ablation 5: This final ablation incorporates strong data 
augmentation, including random resized cropping, ran-
dom rotations, and color jittering (brightness, contrast, 
saturation, and hue), together with dropout regulariza-
tion (0.4), class-weighted cross-entropy loss, and L2 
weight decay to mitigate overfitting and class imbal-
ance. The model was trained using the Adam optimizer 
with a learning rate of 1 × 10⁻4, batch size of 16, and 
200 epochs of training. This configuration represents the 
fully optimized CrescentDenseNet and is adopted as the 
final proposed model.

The training and validation performance curves of the 
CrescentDenseNet model on the ISICDM2024 dataset for 
initial four ablation studies provided in SI (Figures S17–
S21). Figure  10 illustrates the classification performance 

Fig. 10  CrescentDenseNet model Ablation 5 (final) classification results on the ISICDM2024 dataset. The red curves represent the training phase, 
and the blue curves represent the validation phase. a Losses. b Accuracy. c Precision. d Recall. e F1-score. f Confusion matrix (validation)
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decision-making process for crescent classification. The 
first column presents the original test images with ground-
truth cellular, fibrocellular, and fibrous class labels. The 
second column displays Grad-CAM results, with red-high-
lighted regions indicating the areas most strongly influenc-
ing the model during classification. These heatmaps align 
well with crescent structures, suggesting that the model 
focused on relevant pathological features. The third column 
shows saliency maps that highlight pixel-level sensitivity 
to the model's predictions. The activation patterns in both 
XAI methods consistently highlight biologically meaning-
ful areas, supporting the interpretability and reliability of 
the model's classification behavior.

4.3  Cross-Domain Generalization on Independent 
Histopathology Datasets

Beyond the ISICDM2024 glomerular crescent dataset, we 
further evaluated the proposed CrescentSegNet and Cres-
centDenseNet models on independent public histopathol-
ogy datasets involving different pathological patterns. This 
analysis aims to assess the cross-domain generalization and 
transferability of the proposed architectures under domain 
shift rather than disease-specific validation.

4.3.1  CrescentSegNet on SICAPv2 Segmentation Dataset

To assess the robustness and cross-domain generalization 
of CrescentSegNet, the model was further evaluated on 
the SICAPv2 prostate cancer histopathology segmentation 
dataset. Table 9 shows that CrescentSegNet achieves con-
sistently high segmentation performance on the SICAPv2 
dataset, with closely aligned Dice coefficient, Jaccard 
index, precision, and recall scores across all phases. The 
lower validation loss compared to training loss indicates 

the test-set classification results of the CrescentDenseNet 
model on the ISICDM2024 dataset. Panel a shows that the 
model achieved the highest accuracy when identifying cel-
lular crescents but was more likely to misclassify fibrocel-
lular and fibrous lesions. Panel b displays the area under 
the receiver operating characteristic (AUC) curves, with the 
cellular class showing the best discriminative performance 
(AUC = 0.86), followed by fibrocellular (AUC = 0.77) and 
fibrous (AUC = 0.70), indicating that the model more confi-
dently and accurately predicted cellular lesions.

Figure  12 illustrates the classification performance of 
the CrescentDenseNet model on the ISICDM2024 dataset. 
Panel a summarizes the overall performance, showing bal-
anced accuracy, precision, recall, and F1-score across the 
test set. Panel b presents class-wise results, showing strong 
performance for the cellular class and moderate perfor-
mance for the fibrocellular class. In contrast, the fibrous 
class exhibits lower performance, primarily due to the mini-
mal number of available samples (only nine images), which 
limits the model's ability to learn robust, discriminative fea-
tures. This data imbalance reduces classification reliability 
for this class.

Figure  13 presents the feature distribution and cali-
bration behavior of the CrescentDenseNet model on the 
ISICDM2024 test set. Panel a shows the t-SNE visualiza-
tion of learned feature embeddings, where samples from 
different classes form partially separable clusters, indicat-
ing effective feature discrimination while reflecting some 
overlap due to class similarity. Panel b illustrates the reli-
ability diagram, demonstrating a close alignment between 
predicted probabilities and observed accuracies. This indi-
cates good calibration of the model, with predictions closely 
matching true confidence levels across probability bins.

Figure 14 illustrates how Grad-CAM and saliency maps 
provide visual insight into the CrescentDenseNet model's 

Fig. 11  Classification performance of the proposed CrescentDenseNet model on the test set on the ISICDM2024 dataset. a Confusion matrix. 
b AUC curves for each class
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between cancerous and background tissue samples, with 
limited overlap at class boundaries. This distribution indi-
cates that the model captures discriminative representations 
while preserving intrinsic histopathological variability. 
Panel b shows the reliability (calibration) diagram, where 
the predicted confidence closely aligns with the diagonal 
reference line, demonstrating strong agreement between 
confidence estimates and observed accuracy. The low 
expected calibration error (ECE = 0.0065) further confirms 

stable optimization and good generalization, supporting the 
robustness of the proposed model for prostate cancer histo-
pathology segmentation. The training and validation curves 
of CrescentSegNet on the SICAPv2 segmentation dataset 
are presented in Figure S23 of SI.

Figure 15 provides complementary qualitative evidence 
of the robustness of CrescentSegNet on the SICAPv2 test 
set. Panel a presents a t-SNE projection of the learned deep 
feature embeddings, revealing a clear global separation 

Fig. 13  Feature representation and confidence calibration of CrescentDenseNet on the ISICDM2024 test set. a t-SNE visualization illustrating the 
learned feature distributions across classes. b Reliability diagram assessing the calibration of predicted class probabilities during the testing phase

 

Fig. 12  Performance metrics for CrescentDenseNet classification during the testing phase on the ISICDM2024 dataset. a Overall model perfor-
mance. b Class-specific performance metrics
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4.3.2  CrescentDenseNet on BreaKHis 400 × Classification 
Dataset

To assess the robustness and cross-domain generalization 
of CrescentDenseNet, the model was further evaluated on 
the BreaKHis 400 × histopathology dataset, which is sub-
stantially larger than the ISICDM2024 kidney glomerular 
crescent dataset. In contrast to the small-scale ISICDM2024 
dataset, where several heavy baseline models suffered from 
overfitting, CrescentDenseNet demonstrated stable, consis-
tent performance on this larger, more diverse dataset. As 
shown in Table 10, the model achieved 85% accuracy on 
the independent test set, with balanced precision, recall, and 
F1-score, indicating reliable class discrimination. Similarly, 
the lower validation loss relative to the training loss indi-
cates stable learning and confirms the absence of overfitting, 
highlighting the strong generalization capability of Cres-
centDenseNet beyond the original disease domain. Training 
and validation curves of CrescentDenseNet on the BreaK-
His 400 × are shown in Figure S24 of SI.

Figure 17 summarizes the test-set performance of Cres-
centDenseNet on the BreaKHis 400 × dataset. The class-
wise metrics shown in panel a indicate balanced precision, 
recall, and F1-score for both benign and malignant classes, 
demonstrating stable discrimination across classes despite 
class imbalance. The confusion matrix in panel b further 
confirms this behavior, with a high number of correctly 
classified samples and limited misclassification between 
classes.

Figure  18 illustrates feature-level representation and 
probabilistic calibration of CrescentDenseNet on the BreaK-
His 400 × test set. The t-SNE plot in panel a shows a clear 
tendency toward separation between benign and malignant 
samples, with partial overlap that reflects realistic histo-
pathological similarity rather than forced clustering. This 
indicates effective yet generalizable feature learning. The 
reliability diagram in panel b shows that predicted proba-
bilities closely follow the ideal calibration line, especially at 
higher confidence levels, with moderate ECE and maximum 
calibration error (MCE) values. These results confirm that 
CrescentDenseNet achieves both discriminative feature rep-
resentation and reliable confidence estimation on an exter-
nal histopathology dataset.

Figure  19 illustrates Grad-CAM-based visual explana-
tions of CrescentDenseNet predictions on the BreaKHis 
400 × test set. For benign samples, the model primarily 
attends to well-organized glandular and stromal structures, 
while for malignant samples, it focuses on regions with 
dense cellularity, nuclear atypia, and disorganized tis-
sue patterns. These attention maps align with known his-
topathological characteristics of benign and malignant 
breast tumors, indicating that CrescentDenseNet bases its 

that CrescentSegNet produces well-calibrated predictions 
with minimal overconfidence.

Figure 16 presents Grad-CAM attention maps obtained 
from the final convolutional layer of CrescentSegNet on 
SICAPv2 test images. The model predominantly attends to 
histologically relevant regions, such as areas with dense cel-
lular structures and glandular abnormalities, while suppress-
ing background tissue. The spatially localized responses 
indicate that segmentation decisions are driven by meaning-
ful morphological cues rather than spurious artifacts. Minor 
activations near patch boundaries reflect contextual depen-
dencies of patch-based analysis and do not indicate system-
atic bias, supporting the interpretability and reliability of the 
proposed model.

Table 9  Quantitative performance of CrescentSegNet on the SICAPv2 
prostate cancer histopathology segmentation dataset across training, 
validation, and testing phases, reported in terms of Dice coefficient, 
Jaccard index, recall, and precision
Phase Loss Dice Jacard Recall Precision
Training 0.38 0.90 0.87 0.93 0.93
Validation 0.32 0.89 0.86 0.92 0.92
Testing – 0.92 0.90 0.95 0.94

Fig. 14  Visualization of Grad-CAM and saliency maps showing key 
regions influencing CrescentDenseNet predictions for different cres-
cent classes
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DeepLabV3 (with ResNet-101) has the largest number of 
parameters and FLOPs, which results in slower inference. 
U-Net with MiT-B0 is computationally lighter but shows 
weaker segmentation performance on the small dataset. 
Some baseline models achieve lower inference time using 
pretrained encoders, which provide optimized feature repre-
sentations and faster convergence.

In contrast, CrescentSegNet is trained entirely from 
scratch, which slightly increases its inference time. 
Despite this, CrescentSegNet maintains a favorable bal-
ance between efficiency and accuracy, achieving competi-
tive performance with moderate computational cost. These 
results highlight that effective segmentation requires bal-
ancing model complexity, training strategy, and inference 
efficiency rather than relying solely on lightweight archi-
tectures. Representative terminal outputs from computa-
tional profiling of classification models are presented in 
Figure S25 of SI.

decisions on clinically meaningful regions rather than back-
ground artifacts.

4.4  Computational Complexity and Efficiency 
Analysis

Table 11 compares the computational complexity and infer-
ence efficiency of different segmentation models used for 
glomerular crescent lesion analysis. The evaluated archi-
tectures range from lightweight to high-capacity designs. 

Table  10  Performance of CrescentDenseNet on the BreaKHis 
400 × histopathology dataset across training, validation, and testing 
phases, evaluated using accuracy, precision, recall, and F1-score (F1)
Phase Loss Accuracy Precision Recall F1
Training 0.60 0.68 0.71 0.68 0.69
Validation 0.54 0.76 0.79 0.76 0.77
Testing – 0.85 0.86 0.85 0.85

Fig. 16  Qualitative visualization of CrescentSegNet explanations on the SICAPv2 test set. The first row shows the input histopathology images, 
the second row shows the corresponding ground-truth segmentation masks, and the third row shows the Grad-CAM attention maps

 

Fig. 15  Feature representation and confidence calibration of CrescentSegNet on the SICAPv2 data test set. a t-SNE visualization of learned feature 
embeddings. b Reliability (calibration) diagram showing the agreement between predicted confidence and observed accuracy
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CTransPath, and RetCCL. This reduced computational foot-
print highlights the proposed model's efficiency and suitabil-
ity for resource-constrained clinical environments. Although 
CrescentDenseNet exhibits slightly higher inference time 
compared with some pretrained models (e.g., ResNet-50 and 
CTransPath), this behavior is architecturally and methodologi-
cally justified. Unlike the competing approaches, Crescent-
DenseNet is trained from scratch and incorporates task-specific 
architectural modifications and ablation-driven refinements 
customized to crescentic glomerular classification.

The computational complexity and inference efficiency of 
the proposed CrescentDenseNet were compared with widely 
used baseline architectures (DenseNet-121, ResNet-50, Effi-
cientNetV2-B0) and pathology-specific encoders (CTrans-
Path and RetCCL) as summarized in Table  12. All models 
were evaluated under identical hardware conditions using an 
NVIDIA RTX 3090 GPU to ensure a fair comparison. Cres-
centDenseNet demonstrates a lightweight architectural design 
with only 6.957 million parameters and 3.78 GFLOPs, sub-
stantially lower than those of ResNet-50, EfficientNetV2-B0, 

Fig.  18  Feature representation and confidence calibration of Cres-
centDenseNet on the BreaKHis 400 × test set. a t-SNE visualization 
highlighting discriminative yet overlapping feature distributions for 

benign and malignant samples. b Reliability diagram demonstrating 
well-calibrated prediction confidence

 

Fig. 17  Test-set performance of CrescentDenseNet on the BreaKHis 400 × dataset. a Class-wise precision, recall, and F1-score for benign and 
malignant classes. b The corresponding confusion matrix illustrating correct and misclassified samples
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CrescentDenseNet prioritizes feature specialization and dis-
criminative learning for pathology, introducing additional 
computational overhead but resulting in improved task-
specific representation learning. The representative terminal 
outputs from computational profiling of segmentation mod-
els are shown in Fig. S26 of SI.

5  Comparison with State-of-the-art (SOTA) 
Methods

Tables 13 and 14 compare our proposed models with rep-
resentative SOTA methods on small medical imaging data-
sets. Table 13 reports segmentation performance, showing 
that CrescentSegNet achieves competitive results on the 
ISICDM2024 dataset for Dice coefficient, Jaccard index, 
precision, and recall. Table 14 reports classification per-
formance, where CrescentDenseNet attains competitive 
accuracy and robust precision, recall, and F1-score on the 
ISICDM2024 dataset compared with some prior small-
dataset classification approaches. Both comparisons support 
the effectiveness of the proposed lightweight models under 
limited-data conditions.

6  Discussion of Experimental Findings

From the experiments and ablation studies conducted on 
baseline and proposed models across different datasets and 
data scales, we derive the following key findings:

(1)	 Effect of Data Scarcity, Class Imbalance, and Visual 
Ambiguity: Model performance is strongly affected by 
limited sample availability and poor visual quality in 
the ISICDM2024 dataset. The fibrous crescent class 
contains only a few test images and exhibits low cel-
lularity and weak visual contrast, making it difficult 
to distinguish from other classes. This scarcity and 

In contrast, models such as ResNet-50, RetCCL, and 
CTransPath benefit from large-scale pretraining and 
highly optimized weight initialization, which typically 
leads to faster convergence and more efficient inference 
pipelines. Furthermore, the inference speed of pretrained 
models is often influenced by highly optimized backbone 
implementations and feature reuse learned during large-
scale pretraining, rather than purely by parameter count. 

Table 11  Comparison of computational complexity and inference effi-
ciency of different segmentation architectures for glomerular crescent 
lesion segmentation, including input resolution, number of parameters, 
FLOPs, and average inference time measured on an NVIDIA RTX 
3090 GPU
Model Image 

input 
size

Total 
param-
eters 
(× 106)

FLOPs 
(× 109)

Inference time 
(ms/image)

Device

U-Net 256 × 256 31.044 54.738 5.918 CUDA
U-Net with 
MiT-B0

256 × 256 5.549 2.926 19.583 CUDA

DeepLabV3 256 × 256 61.000 62.960 27.510 CUDA
CrescentSeg-
Net (Ours)

256 × 256 23.156 6.878 9.423 CUDA

Table  12  Comparison of computational complexity and inference 
efficiency of different DL architectures for glomerular crescent lesion 
classification measured on an NVIDIA RTX 3090 GPU
Model Image 

input 
size

Total 
param-
eters 
(× 106)

FLOPs 
(× 109)

Inference time 
(ms/image)

Device

DenseNet-121 256 × 256 6.957 3.783 23.144 CUDA
ResNet-50 256 × 256 23.514 5.397 8.747 CUDA
Efficient-
NetV2-B0

256 × 256 20.181 3.787 23.741 CUDA

CTransPath 224 × 224 27.519 4.371 16.113 CUDA
RetCCL 
(ResNet-50)

256 × 256 23.508 5.396 13.538 CUDA

Crescent-
DenseNet 
(Ours)

256 × 256 6.957 3.783 22.426 CUDA

Fig.  19  Grad-CAM-based visual explanations of CrescentDenseNet 
predictions on the BreaKHis 400 × test set. The first row shows benign 
samples, and the second row shows malignant samples. For each case, 

the left image is the original histopathology image and the right image 
is the corresponding Grad-CAM attention map, highlighting regions 
that contribute most to the model’s classification decision
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models, indicating that the observed limitations arise 
primarily from dataset characteristics and patho-
logical complexity rather than from model design or 
architecture.

(2)	 Generalizability of the Evaluation Framework: 
Although the proposed models are designed for glomer-
ular crescent analysis, the overall evaluation framework 
is broadly applicable to other histopathology tasks. As 
demonstrated in Sect. 4.3, the proposed model achieves 
strong performance on two additional independent 
datasets. Systematic ablation studies, interpretability 
analysis, calibration, and statistical evaluation provide 
a general assessment strategy independent of disease 
type. These evaluation components can be reused in 
future studies, provided suitable data and annotations 
are available.

(3)	 Effect of Dataset Size on Model Complexity: Small data-
sets severely limit the effectiveness of high-parameter 
models. In both classification and segmentation tasks, 
complex models tended to overfit the training data and 
showed poor generalization. In contrast, lightweight 
models learned more stable and transferable features 
under limited data conditions. These results indicate 
that model complexity should be carefully matched to 
dataset size to avoid overfitting in small medical imag-
ing datasets.

(4)	 Sensitivity to Hyperparameter Selection: Ablation 
studies show that model performance is sensitive to 
training hyperparameters, including batch size, learn-
ing rate, loss function, and input image size. Inappro-
priate hyperparameter choices led to unstable training 

morphological overlap introduce label ambiguity at the 
patch level, leading to unstable learning and unreliable 
performance metrics such as F1-score. Similar degra-
dation was observed across all baseline and proposed 

Table 13  Comparison of our proposed CrescentSegNet model with SOTA 
techniques for the segmentation task on a small dataset, evaluated using 
Dice coefficient, Jaccard index, precision, and recall
Model and 
reference

Dataset Dice Jaccard Precision Recall

Bend–Net [18] MoNuSegv1 0.83 0.63 – –
U–Net (Lovasz 
loss) [19]

Dtest_seg 0.72 – – –

U–Net (Lovasz 
loss) [19]

CRAG 0.76 – – –

U–Net (Lovasz 
loss) [19]

GLAS 0.80 – – –

Han–Net [22] MoNuSeg 
(Test 1)

0.80 0.61 – –

Han–Net [22] MoNuSeg 
(Test 2)

0.81 0.64 – –

Ensemble 
(DenseNet + U–
Net + Dilation 
Block) [23]

ACDC_
LungHP

0.83 – – –

Proposed 
lightweight 
CNN + CBAM 
[24]

CAM-
ELYON16 
(1200 slices)

0.74 0.77 – –

Mu–Net (pro-
posed) [25]

Bright–field 
BOs

0.88 – – 0.90

Our 
CrescentSegNet
(Training, 
validation)

ISICDM2024 
Challenge

0.92, 0.84 0.86, 0.74 0.91, 0.82 0.92, 0.85

Method Dataset Accuracy 
(%)

Precision 
(%)

Recall 
(%)

F1 
(%)

ResNet–34 + DLR + CLA [28] Derm images 83.40 – – –
ResNet–50 + DLR + CLA [28] Derm images 83.26 – – –
ResNet–101 + DLR + CLA [28] Derm images 83.19 – – –
ResNet–152 + DLR + CLA [28] Derm images 84.90 – – –
DenseNet–161 + DLR + CLA [28] Derm images 84.61 – – –
Cosine loss + cross–entropy [30] CUB 68.00 – – –
Cosine loss + cross–entropy [30] NAB 71.90 – – –
Cosine loss + cross–entropy [30] Cars 85.00 – – –
Cosine loss + cross–entropy [30] Flowers–102 70.60 – – –
Cosine loss + cross–entropy [30] MIT Indoor 52.70 – – –
Cosine loss + cross–entropy [30] CIFAR–100 76.40 – – –
Ensemble (EffNetB0 + VGG16 + Mobile-
NetV2) [33]

Databiox 81.00 – – –

ViT (fine–tuned all layers) [34] PH2 85.00 – – –
RegNetY–3.2G + MWNL–CLS [35] ISIC 2018 86.40 – 87.10 –
RegNetY–8.0G + MWNL–CLS [35] ISIC 2019 85.90 – 85.60 –
RegNetY–1.6G + MWNL [35] ISIC 2017 87.50 – – –
RegNetY–800M + MWNL [35] 7–PT 86.60 – – –
Our CrescentDenseNet
(Training and validation)

ISICDM2024 
Challenge

87.00, 
86.00

100,87 87, 86 87, 86

Table 14  Comparison of our 
proposed CrescentDenseNet 
model with the SOTA technique 
for the classification task on a 
small dataset, evaluated using 
accuracy, precision, recall, and 
F1-score (F1)
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model design and careful optimization play a more criti-
cal role in achieving reliable outcomes. The proposed 
framework, therefore, offers a practical, extensible 
solution for automated glomerular crescent analysis and 
has the potential to support future research in computa-
tional pathology.

Future work will focus on extending the proposed 
approach to multi-center and multi-stain datasets, incor-
porating weakly supervised and semi-supervised learning 
strategies, and further exploring multimodal integration to 
enhance robustness and clinical applicability.
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or reduced generalization. Careful tuning is therefore 
essential to achieve balanced and reliable performance 
on small datasets.

(5)	 Computational Limits in High-Resolution Train-
ing: High-resolution inputs, strong augmentation, and 
complex models significantly increase computational 
demand, requiring a careful balance between model 
design and practical training feasibility.

(6)	 Effect of Model Size and Pretraining: Models with a 
large number of parameters often exhibit slower infer-
ence speeds due to higher computational cost during the 
forward pass. In contrast, models initialized with pre-
trained weights typically converge faster during train-
ing than models trained from scratch.

(7)	 Importance of Interpretability and Prediction Confi-
dence: High-performance metrics, such as accuracy 
alone, are insufficient for medical image analysis. It 
is essential to understand whether a model detects 
clinically relevant lesions correctly or produces false 
positives and false negatives. Interpretability and con-
fidence calibration help verify that model decisions are 
reliable, explainable, and aligned with accurate patho-
logical findings.

7  Conclusion

In this study, we presented a comprehensive investiga-
tion of deep learning-based approaches for the segmen-
tation and classification of glomerular crescent lesions 
in histopathology images, with particular emphasis on 
performance under limited-data conditions. By system-
atically evaluating multiple baseline architectures and 
developing task-specific models, namely CrescentSeg-
Net for segmentation and CrescentDenseNet for clas-
sification, we demonstrated that carefully designed 
lightweight architectures can achieve robust and reliable 
performance despite data scarcity and class imbalance. 
Extensive experiments on the ISICDM2024 dataset, com-
plemented by cross-domain validation on the SICAPv2 
and BreaKHis 400 × datasets, highlight the generaliz-
ability of the proposed framework. The results show that 
appropriate architectural design, combined with targeted 
regularization, data augmentation, and calibration strat-
egies, can effectively moderate overfitting and enhance 
model stability. Furthermore, integrating interpretability 
and uncertainty analysis provides valuable insights into 
model behavior, supporting transparent and trustworthy 
decision-making in histopathological analysis.

Importantly, our findings indicate that high model 
complexity is not required for strong performance in 
small-scale medical imaging tasks. Instead, balanced 
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