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ABSTRACT: In image analysis, high-precision semantic segmentation predominantly relies on supervised learning.
Despite significant advancements driven by deep learning techniques, challenges such as class imbalance and dynamic
performance evaluation persist. Traditional weighting methods, often based on pre-statistical class counting, tend to
overemphasize certain classes while neglecting others, particularly rare sample categories. Approaches like focal loss and
other rare-sample segmentation techniques introduce multiple hyperparameters that require manual tuning, leading to
increased experimental costs due to their instability. This paper proposes a novel CAWASeg framework to address these
limitations. Our approach leverages Grad-CAM technology to generate class activation maps, identifying key feature
regions that the model focuses on during decision-making. We introduce a Comprehensive Segmentation Performance
Score (CSPS) to dynamically evaluate model performance by converting these activation maps into pseudo mask and
comparing them with Ground Truth. Additionally, we design two adaptive weights for each class: a Basic Weight (BW)
and a Ratio Weight (RW), which the model adjusts during training based on real-time feedback. Extensive experiments
on the COCO-Stuff, CityScapes, and ADE20k datasets demonstrate that our CAWASeg framework significantly
improves segmentation performance for rare sample categories while enhancing overall segmentation accuracy. The
proposed method offers a robust and efficient solution for addressing class imbalance in semantic segmentation tasks.

KEYWORDS: Semantic segmentation; class activation graph; adaptive weight adjustment; pseudo mask

1 Introduction
Semantic segmentation is a fundamental task in contemporary computer vision. By combining deep

learning, semantic segmentation has made great progress [1]. Semantic segmentation aims to provide a class
label for each pixel of the input image and then distinguish different classes in the image at the pixel level [2].
Semantic segmentation is increasingly widely used in various fields; for example, it can help doctors in clinical
diagnosis, treatment planning, and disease monitoring in medicine [3]. Although the application of semantic
segmentation has contributed to various fields, in segmentation tasks such as small-area targets and large-
area backgrounds, the model often ignores small-area targets, resulting in low segmentation accuracy [4].
This phenomenon is called class imbalance. The background occupies most of the pixels of the image. In
contrast, the small-area object occupies only a tiny part of the pixels, resulting in the model being biased to
learn the background with a large number of pixels and ignore the small-area object with a small number of
pixels in the training process [5].

Copyright © 2025 The Authors. Published by Tech Science Press.
This work is licensed under a Creative Commons Attribution 4.0 International License, which permits
unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.

https://www.techscience.com/journal/CMC
https://www.techscience.com/
http://dx.doi.org/10.32604/cmc.2025.072942
https://www.techscience.com/doi/10.32604/cmc.2025.072942
mailto:lihao707@ynu.edu.cn


2 Comput Mater Contin. 2026;86(3):43

Recent years have witnessed tremendous progress in semantic segmentation driven by transformer-
based architectures and learned attention mechanisms. Prominent examples include SegFormer [6],
Mask2Former [7], MSSM-MFP [8], and the Segment Anything Model (SAM) [9]. MSSM-MFP is a medical
semantic segmentation model based on multiscale fusion perception, SegFormer introduces multi-scale fea-
tures and lightweight transformers, significantly advancing segmentation accuracy across datasets. However,
these models generally employ standard cross-entropy or Dice-based loss functions, with class weights either
uniform or precomputed from dataset statistics. As a result, their performance on rare categories remains
limited, since they lack built-in mechanisms to dynamically adjust weights during training in response to
real-time segmentation feedback.

Mask2Former integrates multi-task mask prediction and attention modules, and shows strong gen-
eralization across different segmentation tasks. While it improves feature fusion, Mask2Former still relies
on static class balancing or basic class-reweighting schemes, without adaptively leveraging per-class per-
formance indicators. Thus, rare or hard-to-segment classes may be underrepresented during optimization,
especially as datasets scale.

Classic approaches such as class-balanced loss [10] and focal loss [5] address class imbalance by
emphasizing underrepresented classes via statically reweighted losses or introducing additional focusing
parameters. Nevertheless, such methods usually require manual hyperparameter tuning, rely on fixed
label distributions, and may cause training instability or suboptimal generalization when true per-class
performance evolves over time.

Furthermore, recent foundation models like SAM [9] enable powerful zero-shot segmentation capa-
bilities via prompt engineering and large-scale pre-training. However, these models still struggle with small
or rare objects in specialized datasets, as their learning objectives are not specifically tailored for per-class
imbalance, nor do they adapt weightings during transfer or fine-tuning scenarios.

In this work, we explore and improve the setting of class weights during training and propose an adaptive
weight adjustment for semantic segmentation driven by a class activation graph called CAWASeg.

In contrast to the above methods, our CAWASeg framework introduces a fully adaptive, model-internal
mechanism for addressing class imbalance. Instead of relying on static weights or external label distributions,
CAWASeg utilizes GradCAM-based class activation maps to extract real model attention regions per class
at each training iteration. It further proposes a Comprehensive Segmentation Performance Score (CSPS),
which fuses both IoU and pixel accuracy from pseudo masks to serve as a real-time and accurate reflection of
each class’s segmentation quality. Based on these, we design an Adaptive Weight Adjustment (AWA) module,
which recalibrates loss weights online according to actual per-class performance—requiring no manual
hyperparameter tuning or dataset-dependent heuristics. As a result, our method explicitly and automatically
implements feedback-driven dynamic weighting throughout training, enabling strong robustness to dataset
changes and improved rare-category segmentation.

First, as shown in Fig. 1, we make our first attempt to utilize GradCAM [11] to assist in generating weights
for each class. Specifically, at the end of each model iteration, we input the validation set into the model,
extract the feature map of the last layer of the model, namely the class activation map, through GradCAM,
and convert it into pseudo mask. Based on the similarity between the pseudo mask and the Ground Truth, we
calculate each category’s comprehensive Segmentation Performance Score (CSPS) in this round of iteration.
Furthermore, we introduce the time series input and input the CSPS of the current iteration and the CSPS
of the previous iteration into the Adaptive Weight Adjustment (AWA) module to obtain the weights of each
class in the next round of training to adaptively adjust the weights of each class to solve the problem of
class imbalance.
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Figure 1: CAWASeg framework schematic diagram. The heat map generated by GradCAM is activated and converted
into a pseudo mask form. θt is the iterative model, and den the AWA module generates weights for each category of the
next iteration based on the CSPS of this iteration and the CSPS of the previous iteration to guide the training process

The contributions of this paper are as follows:
We propose a novel semantic segmentation framework for adaptively adjusting the weights of each class,

called the CAWASeg framework. This framework is the first attempt to use the class activation map to assist
in generating the weights of each class.

In the weight generation process, we propose the Comprehensive Segmentation Performance Score
(CSPS), a comprehensive segmentation performance metric based on IoU and pixel accuracy, to evaluate the
model and adjust the weights of both to adapt to different segmentation tasks.

To implement the function of adaptive weight adjustment, we designed the Adaptive Weight Adjustment
(AWA) module, which determines the weight of each category according to its performance and performance
growth and generates the weight of each category in the next iteration through the CSPS of the current
iteration and the CSPS of the previous iteration.

We leverage real-time, per-class segmentation feedback (via the CSPS metric) to adaptively up-weight
challenging or underrepresented categories, enabling learning focus to shift dynamically during training,
without hand-crafted priors or fixed rules.

Instead of relying simply on class frequency or probability-driven adjustment, we directly incorporate
Grad-CAM derived spatial cues to provide intermediate pseudo-mask supervision, boosting recognition of
rare classes and improving mask quality for hard-to-annotate regions.

This closed-loop feedback between observed segmentation quality and class-specific weighting differ-
entiates our approach from prior methods, which typically use static or probability-based weighting without
integrating explicit, dynamic class-wise performance.

Conduct many experiments on COCO-Stuff [12], CityScapes [13], and ADE20k [14] datasets to prove
the effect of our CAWASeg framework.
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2 Related Work
Semantic segmentation has always been an essential and challenging task in the field of image anal-

ysis [15]. Given the extremely high requirement for accuracy and the emphasis on annotation results in
some fields, supervised learning methods [16,17] have been widely used in these tasks, especially with the
support of large-scale labeled data. However, when facing rare sample categories, the model’s performance is
often affected [18], resulting in lower segmentation accuracy for rare categories. Therefore, researchers have
proposed various methods [5,19,20] to improve the segmentation performance of rare categories.

To deal with the challenge of rare class sizes, researchers have introduced class-based weighting
mechanisms [10,21]. Although these methods can improve the segmentation performance of rare sample
categories by pre-counting the number of categories [10], they often focus too much on rare categories and
ignore the accuracy of other categories. This bias leads to uneven performance [22,23], affecting the model’s
effect on the overall task [24,25].

To solve this problem, Focal Loss [5] is proposed as a new loss function to solve the class imbalance
problem. This method significantly improves the model’s performance on rare sample categories by assigning
higher weights to samples that are difficult to classify [18]. However, Focal Loss has some drawbacks,
including the adjustment of hyperparameters depending on experience, and its instability requires repeated
experiments to achieve the best results, which increases the experimental cost [22,26]. In addition, the
traditional method of generating the weight of each class based on the number of categories in the data set in
advance improves the segmentation ability of the model for rare sample categories [27,28]. Still, at the same
time, the overall segmentation performance decreases due to excessive attention to rare sample categories.

Class Activation Mapping (CAM) [11,29] is a powerful visualization technique widely used in convo-
lutional neural networks (CNNS) in deep learning. Its core goal is to identify and explain which regions of
an image or time series data are critical to the model’s decision-making process. A deeper understanding
of the architecture of a convolutional neural network reveals that in the last convolutional layer [30] of the
network, each filter focuses on detecting different features in the data, such as edges, textures, shapes, etc.
The activation of these filters reflects the feature response of other regions in the image, thus providing strong
support for the classification decision [11]. The working principle of CAM is relatively simple and effective.
We can combine the feature map with weights for specific classes once we have the feature map. The class
activation map is finally obtained by multiplying the activated feature map with the corresponding weight
of the class and then through the global average pooling process. This process allows us to efficiently infer
in reverse which image regions contribute the most to the classification results. The high-activation areas
represent the central feature regions the model focuses on when making inferences, which we can view as
the focus of the network’s attention.

The implication of this visualization method led us to think: if we can quantify the importance of regions
based on the class activation maps generated by the model, can we use this information, combined with
the similarity of the Ground Truth, to evaluate the segmentation performance of the semantic segmentation
model? The model aims to achieve accurate category division at the strict pixel level in the semantic
segmentation task. The model’s performance on fine-grained segmentation can be indirectly inferred by
comparing the similarity between the generated class activation map and the Ground Truth.

Based on the above background, this paper proposes an adaptive weight adjustment mechanism based
on CAM to adjust the loss weight of each category dynamically and strive to improve the recognition
accuracy of rare categories while maintaining the overall performance. Compared with traditional methods,
the proposed method is more flexible and is expected to improve the application effect of high-precision
semantic segmentation in the medical field. Experiments on COCO-Stuff, CityScapes, and ADE20k datasets
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show that the proposed method significantly improves the performance in the segmentation task of rare
categories while not negatively affecting the overall segmentation effect.

3 Method

3.1 Transformation of Class Activation Maps into Pseudo Mask
Class Activation Mapping (CAM) is a visualization technique mainly used in convolutional neural

networks in deep learning to identify and explain which regions in images or time series data are most
critical for the model’s decision process. In the last convolutional layer of the network, each filter may
focus on detecting different features in the data. With the activations of these filters and the weights of
the corresponding categories, we can infer the regions that contribute the most to the classification results
in reverse.

The class activation map inspired us: Can we judge the segmentation performance of a semantic
segmentation model based on the similarity between the regions that contribute most to the classification
result and the Ground Truth inferred by backward inference? Motivated by this revelation, we introduce the
Grad-CAM technique [31] at the end stage of each model iteration, whereby the class activation map of the
input image is generated. As shown in Fig. 1: First, the trained model calculates the class activation map for
each input image. These plots show only the most important regions for a particular class and relatively small
activation values with other unrelated regions. Immediately following, to transform this class of activation
maps into a tractable form, we set an appropriate pixel threshold [32]. With this thresholding, the class
activation map will be converted into a mask-like form, the pseudo mask.

Motivated by prior weakly supervised segmentation work [33], we convert the continuous CAM
heatmap into a binary pseudo mask for training supervision using a fixed threshold strategy:

PseudoMask(c)i j =
⎧⎪⎪⎨⎪⎪⎩

1 if CAM(c)i j > τ
0 otherwise

(1)

where CAM(c)i j is the activation value for class c at pixel (i , j), and τ is the threshold parameter.
Following [33], we set τ = 0.5 throughout our experiments. This value is widely adopted in weakly

supervised segmentation literature as it effectively filters out background noise while retaining sufficient
foreground coverage for reliable training supervision. Ahn and Kwak [33] also demonstrated that this
simple threshold yields accurate pseudo segmentation results with minimal manual tuning, thus serving as
a principled and reproducible choice.

This pseudo mask not only retains the region information that the model considers critical but also
enables the evaluation of the segmentation performance of the model by calculating the similarity between it
and the Ground Truth. We can compare pseudo mask with Ground Truth and apply evaluation criteria such
as Intersection over Union (IoU) [34], PA coefficient [35], etc., to ensure that the generated pseudo mask
accurately reflect the model’s understanding of a particular class. At the same time, this evaluation method
also provides a basis for the subsequent dynamic weight adjustment. The amount of attention required for
each category during training can be quantified by the similarity with the pseudo mask to adjust its weight
in the loss function.

In summary, using the fusion of class activation maps and pseudo mask not only enhances our
understanding of the segmentation performance of the model but also provides practical information to
support the dynamic training strategy of the model. This innovative process makes the category weight
adjustment in semantic segmentation more flexible and accurate, which significantly improves the learning
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ability of the model for different categories of features and the overall segmentation performance [36]. The
specific weight generation will be left in Sections 3.2 and 3.3.

3.2 Compute the Comprehensive Segmentation Performance Score-CSPS
To comprehensively evaluate the comprehensive performance of the model and adapt to the needs of dif-

ferent semantic segmentation tasks, we propose a new evaluation metric called comprehensive Segmentation
Performance Score (CSPS) [37].

The CSPS integrates Intersection over Union (IoU) and Pixel Accuracy to leverage their complementary
strengths: IoU quantifies the coincidence between predicted and ground-truth regions, thus highlighting
the geometric quality of segmentation, while Pixel Accuracy accounts for the overall correctness of pixel
classification, which is crucial for evaluating both majority and minority classes. This combination ensures
the score is sensitive to both fine object boundaries and overall area coverage, the motivation behind this
design is to avoid biases of single indicators and foster better optimization for rare classes.

The CSPS module receives model predictions (pseudo masks) and ground truth masks as input at each
training epoch. For every semantic category, it computes Intersection over Union (IoU) and Pixel Accuracy
(PA), combines them controlled by δ, and outputs a CSPS score reflecting both coverage and discriminative
quality for each class. This forms the foundation of the adaptive weight calculation pipeline.

The comprehensive Segmentation Performance Index (CSPS) is calculated as follows.

CSPS = δIoU(mr , m f ) + (1 − δ)PA(mr , m f ), (2)

in this formulation, mr and m f denote the Ground Truth and the pseudo mask generated by the model
and δ ∈ [0, 1] is a hyperparameter that controls their relative weighting. The core of this design is that it
can comprehensively consider the similarity evaluation of Ground Truth and pseudo mask in semantic
segmentation tasks. Specifically, IoU (Intersection over Union) [38] and PA (Pixel accuracy) [39] are two key
evaluation metrics, which reflect the region overlap and the matching degree of each pixel, respectively, the
component metrics are computed as:

IoUi =
TPi

TPi + FPi + FNi
, (3)

PAi =
TPi

TPi + FNi
, (4)

where TPi is the count of true positive pixels, FPi is false positives, and FNi is false negatives for class i,
when comparing between the pseudo mask and the Ground Truth.

By adjusting δ, we can emphasize overlap (IoU) or pixel-level precision (PA) according to task needs.
Combining the two performance evaluation methods, IoU and PA, the CSPS metric provides a

comprehensive and flexible way to evaluate models’ performance on different semantic segmentation tasks.
Its adjustability enables the index to adapt to the requirements of specific tasks, promotes the improvement
of the model in fine-grained segmentation, and provides strong support for practical applications.

3.3 Adaptive Weight Adjustment Module—AWA
We propose a new method called AWA to realize the function of adaptive weight adjustment. As shown

in Fig. 2, the key idea of this study is to dynamically adjust the category weights for the semantic segmentation
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model by calculating the CSPS of each category, improving the model’s learning ability and performance of
each category.

Figure 2: Schematic diagram of AWA module. Generate Base Weight (BW) based on the pixel ratio (RoP) and
Comprehensive Segmentation Performance Score ratio (RCSPS) of each category, and generate Ratio Weight (RW)
based on the CSPS of the previous iteration and the CSPS of the current iteration. BW and RW jointly determine the
weight of the category in the next iteration

During training, the AWA module monitors performance metrics for each semantic class, such as
Intersection over Union (IoU) and Pixel Accuracy (PA), computed from the model’s predictions and ground
truth at every epoch. These metrics are passed into the CSPS calculation, which linearly combines IoU and
PA, weighted by a hyperparameter δ, to produce a comprehensive score reflecting each class’s segmentation
quality. This score, along with base and ratio weights derived from historical and current segmentation
results, is input into the weight computation pipeline, generating a raw weight for each class.

To ensure stability and prevent overcompensation, the raw weights are clipped to a specified upper
bound and normalized across all classes. The final normalized weights are then integrated directly into the
training loss function, dynamically scaling the loss contribution from each class in subsequent backpropa-
gation steps. Minor classes with lower segmentation performance are assigned larger weights, encouraging
the model to allocate more learning capacity toward these challenging categories, while well-performing or
frequent classes maintain smaller weights, preventing overfitting to majority data.

This data flow forms a closed feedback loop: model predictions affect evaluation metrics, which
update weights; the new weights modify the loss landscape and influence how gradients are computed,
directly guiding the model to adapt representations and decision boundaries that improve performance
on underrepresented classes. As training progresses, this process automatically balances focus across all
categories, improving overall segmentation accuracy while mitigating class imbalance.

In the concrete implementation, we design two important weight calculation methods: Base Weight and
Ratio Weight.

Base weights (BW) calculation: The base weights Base_weighti are intended to reflect the segmentation
performance of a class in the current iteration relative to other classes. To avoid excessive weight disparity,
we apply a logarithmic formulation:

Base_weighti = log
⎛
⎝

1 +
∑C

j=1 CSPS j

CSPSi+ ε

⎞
⎠
⋅ log
⎛
⎝

1 +
∑C

j=1 Count j

Counti+ ε

⎞
⎠

, (5)
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where C represents the category space in the segmentation task, covering all the categories involved in
the segmentation, ε is a small constant (e.g., 10−6) to prevent division by zero, and Count j represents the
number of pixels in each category in the Ground Truth, reflecting the frequency of the sample. This index
helps to analyze the scarcity of categories further, and CSPS j represents the comprehensive segmentation
performance index of category j, which can quantify the performance of this category in the previous round
of iteration. The base weights are designed to compare the current performance of each category to the
average performance across all categories. A high base weight indicates that the class performed well in the
current iteration and should be given more attention and resources in the following training process.

Ratio_weighti is used to measure the change in the performance of a class in the current iteration
relative to the previous iteration. Ratio weight tracks the change in CSPS value for class i:

Ratio_weighti =
CSPS(t)

i

CSPS(t−1)
i + ε

, (6)

here, t and t − 1 denote the current and previous iteration, respectively. This setting allows the model to
dynamically adjust the weights based on the change in performance between prior and subsequent iterations.
The design of this ratio helps us capture the progress of the model’s learning of a particular category. If
the performance of a class increases (i.e., Ratio_weighti is greater than 1), then in the following training
round, the weight of the class should be increased appropriately. Conversely, if it is reduced, the weight of
that category will be reduced, ensuring that the model continues to improve in different iterations.

Final weights calculation: Finally, the weights wi of each class in the next iteration are obtained by the
product of the base weight and the ratio weight:

wraw
i = Base_weighti × Ratio_weighti , (7)

constrain the range to avoid instability:

wcl i p
i =min (max(wraw

i , wmin), wmax) , (8)

where wmin and wmax are set empirically (e.g., wmin = 0.1, wmax = 20). Finally, normalize so the average
weight is 1:

wi =
wcl i p

i
1
C ∑

C
k=1 wcl i p

k

. (9)

This weight calculation method integrates two measures and provides a more comprehensive and
dynamic category weight evaluation for the model. The base weight reveals the relative performance between
categories at the macro level, while the ratio weight captures the changing trend of category performance at
the micro level.

The proposal and implementation of the AWA mechanism add flexibility and adaptability to the model’s
training process so that it can not only dynamically deal with complex semantic segmentation tasks but also
fully exploit the importance of each category in training. The basis of this innovative method is to strengthen
the model’s ability to learn and understand various types of features so as to promote the further progress of
semantic segmentation technology.
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3.4 Weighted Loss Function
The final segmentation loss is:

Loss =
C
∑
i=1

wi ⋅ Li , (10)

where Li is the loss for class i.
Our dynamic adaptive weight mechanism integrates class performance (via CSPS), class frequency,

and performance trends, while suppressing extreme weights through log, clipping, and normalization.
This approach enables stable yet discriminative training that targets class imbalance, and greatly improves
segmentation results for underrepresented or difficult classes.

Comparison with Similar Mechanisms. Conventional class balancing strategies, such as static inverse
frequency weighting or median frequency, rely on dataset-level statistics that often fail to adapt to category-
specific learning fluctuations. Some recent methods use single performance metrics (IoU, F1, etc.) for
dynamic weighting; however, these approaches can be overly sensitive to outliers or lack representa-
tional depth.

In contrast, our CSPS-based AWA module dynamically integrates two complementary metrics (IoU
and PA) extracted per-class during every epoch, forming a more holistic and current reflection of class-level
learning difficulty. This mechanism enables real-time adjustment of loss scaling, automatically increasing
focus on poorly performing or underrepresented classes when needed, without manual tuning or heuristic
thresholds. Our experiments demonstrate that this results in more stable training, improved minor-class
segmentation accuracy, and overall better handling of class imbalance.

4 Experiments

4.1 Experiments on Semantic Segmentation
We conduct comprehensive experiments on three widely used semantic segmentation benchmarks:

Cityscapes, COCO-Stuff, and ADE20k . All implementation details, including hardware configuration,
training schedules, and hyperparameter settings, are included in Appendix A.1

Cityscapes [13] is a large-scale dataset focused on semantic segmentation of urban street scenes, con-
taining 5000 finely annotated images, with 19 semantic classes evaluated for benchmark reporting. As shown
in Table 1, incorporating CAWASeg into various backbone models yields consistent mIoU improvements on
the validation set, demonstrating the effectiveness of our method.

COCO-Stuff [12] augments the original COCO dataset by adding pixel-level annotations for 172 classes,
resulting in a total of 10,000 images with rich scene diversity and high annotation complexity. As summarized
in Table 1, our CAWASeg achieves consistent mIoU gains across multiple representative segmentation
architectures, attesting to its generalizability and compatibility.

ADE20k [14] is a challenging scene parsing dataset that covers a wide range of indoor and outdoor envi-
ronments, with 150 semantic categories and images at varying resolutions. Table 1 reports our results, showing
that inserting CAWASeg into both transformer-based and convolution-based architectures consistently
enhances segmentation accuracy, highlighting its versatility and effectiveness.
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Table 1: Quantitative comparison results across three datasets

Cityscapes val set (mIoU %) COCO-Stuff test set (mIoU %) ADE20k val set (mIoU %)

Method Backbone SS/MF mIoU Method Backbone mIoU Method Backbone mIoU
DeepLabV 3+ [40] ResNet101 SS 80.9 DeepLabV 3+ [40] ResNet101 45.7

OCRNet [41] HRNetV2W48 SS 80.4 OCRNet [41] HRNetV2W48 37.9 OCRNet [41] HRNetV2W48 43.4
UPerNet [42] SwinBase SS 80.7 UPerNet [42] SwinBase 43.5 UPerNet [42] SwinBase 48.2
SegFormer [6] MiTB5 SS 82.2 SegFormer [6] MiTB5 44.3
TFRNet [43] ViT-L MF 82.9
CAWASeg 83.8
CARD [44] ConvNeXt-L SS 82.8 CARD [44] ConvNeXt-L 50.2 SegFormer [6] MiTB5 50.1
CAWASeg 83.6 CAWASeg 51.3 CAWASeg 50.9
HFGD [45] ConvNeXt-L SS 83.2 HFGD [45] ConvNeXt-L 49.0 Mask2Former [7] Swin-S 50.8
CAWASeg 84.1 CAWASeg 49.9 CAWASeg 51.6

ALGM [46] ViT-L MF 79.5 ALGM [46] ViT-L 47.4 StructToken-PWE [48] ViT-B 50.9
CAWASeg 80.6 CAWASeg 48.6 CAWASeg 51.8

VPNext [47] ViT-L SS 83.0 VPNeXt [47] ViT-L 53.0 TFRNet [43] TFRNet-L 51.0
CAWASeg 83.9 CAWASeg 53.7 CAWASeg 51.7

Table 2 presents the experimental evaluation of various semantic segmentation models on the
Cityscapes test set, including Dilation10, PSPNet+, Gated-SCNN, HANet++, DPC, iFLYTEK-CV, and our
proposed CAWASeg method. Performance is assessed using the mIoU (mean Intersection over Union)
metric, which compares segmentation accuracy across 19 semantic categories while computing the overall
mIoU to evaluate comprehensive performance. The results demonstrate that CAWASeg maintains competi-
tive overall mIoU, and, crucially, significantly improves the segmentation of rare and challenging categories.
Specifically, our method achieves leading performance on long-tailed classes, including wall (69.5 ± 0.11),
fence (69.4 ± 0.15), pole (74.5 ± 0.09), rider (76.7 ± 0.13), and motorcycle (75.3 ± 0.12). The reported values
for these rare categories correspond to the mean and standard deviation over three independent runs.
These findings validate the method’s effectiveness in balancing global segmentation accuracy and boosting
performance on small or underrepresented objects.

Table 2: Per-class accuracies (mIoU) based on Cityscapes test dataset

Method Road Sidewalk Building Wall Fence Pole Traffic
light

Traffic
sign Vegetation Terrain

Dilation10 [49] 97.6 79.2 89.9 37.3 47.6 53.2 58.6 65.2 91.8 69.4
PSPNet+ [50] 98.7 86.9 93.5 58.4 63.7 67.7 76.1 80.5 93.6 72.2

Gated-SCNN [51] 98.7 87.4 94.2 61.9 64.6 72.9 79.6 82.5 94.3 74.3
HANet++ [52] 98.8 88.0 94.2 66.6 64.8 72.0 78.2 81.4 94.2 74.5
DeepLabV 3 [2] 98.6 86.2 93.5 55.2 63.2 70.0 77.1 81.3 93.8 72.3

DeepLabV 3+ [40] 98.7 87.0 93.9 59.5 63.7 71.4 78.2 82.2 94.0 73.0
DPC [53] 98.7 87.1 93.8 57.7 63.5 71.0 78.0 82.1 94.0 73.3

iFLYTEK-CV [54] 98.8 88.4 94.4 68.9 68.9 73.0 79.7 83.3 94.3 74.3
CAWASeg (ours) 96.8 88.6 93.1 69.5 69.4 74.5 80.2 83.1 92.7 74.2

Method Sky Person Rider Car Truck Bus Train Motorcycle Bicycle mIoU

Dilation10 [49] 93.7 78.9 55.0 93.3 45.5 53.4 47.7 52.2 66.0 67.1
PSPNet+ [50] 95.3 86.6 71.9 96.2 77.7 91.5 83.6 70.8 77.5 81.2

Gated-SCNN [51] 96.2 88.3 74.2 96.0 77.2 90.1 87.7 72.6 79.4 82.8
HANet++ [52] 96.1 88.1 75.6 96.5 80.3 93.2 86.6 72.5 78.7 83.2
DeepLabV 3 [2] 95.9 87.6 73.4 96.3 75.1 90.4 85.1 72.1 78.3 81.3

DeepLabV 3+ [40] 95.8 88.0 73.0 96.4 78.0 90.9 83.9 73.8 78.9 82.1

(Continued)
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Table 2 (continued)

Method Road Sidewalk Building Wall Fence Pole Traffic
light

Traffic
sign Vegetation Terrain

DPC [53] 95.4 88.2 74.5 96.5 81.2 93.3 89.0 74.1 79.0 82.7
iFLYTEK-CV [54] 96.0 88.8 76.3 96.6 84.0 94.3 91.7 74.7 79.3 84.4
CAWASeg (ours) 93.5 84.3 76.7 93.6 83.6 91.2 89.1 75.3 80.1 83.6

Overall, the performance improvement of the CAWASeg module on different datasets fully demon-
strates its adaptability and effectiveness. Whether it is the complex street scenes of CityScapes, the multi-scale
targets of COCO-Stuff, or the detail-rich scenes of ADE20k , the CAWASeg module significantly improves
the semantic segmentation performance of the model by dynamically adjusting category weights, verifying
its powerful ability to handle class imbalance problems.

Qualitative Results. Figs. 3 and 4 demonstrate our Qualitative Results. We used representative data
from CityScapes and qualitatively compared the DeepLabV 3+ model with the model introduced with
CAWASeg. In the model introduced with CAWASeg, more details are segmented, and the boundaries are
relatively more precise and closer to Ground Truth. More visual results can be found in Fig. A1.

Figure 3: Visualize the results. From left to right are the original image and some rare categories. From top to bottom
are DeepLabV 3+, introducing CAWASeg, Ground Truth

Figure 4: Visualize the results. From left to right are the original images, DeepLabV 3+, CAWASeg, Ground Truth

4.2 Ablation Experiment
We conduct a series of systematic ablation experiments to evaluate the proposed dynamic weight adjust-

ment mechanism’s effectiveness comprehensively. The experiments are designed to analyze the contributions
of each component in our framework, including the dynamic weight adjustment mechanism, pseudo mask,
CSPS metrics, and the AWA module.
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Baseline. As baselines, we select four mainstream semantic segmentation models-DeepLabV 3+, OCR-
Net, UPerNet, and SegFormer. These models are trained with standard architectures and static weights,
providing a reference for evaluating the impact of our proposed method.

Ablation Configurations. The ablation experiments are conducted with the following configurations:

• Baseline: The original model without any dynamic weight adjustment mechanism.
• Dynamic Weight Adjustment: The model incorporates the dynamic weight adjustment mechanism but

excludes pseudo mask, CSPS metrics, and the AWA module.
• Pseudo mask Introduction: The model combines pseudo mask for dynamic weight calculation but does

not apply CSPS metrics or the AWA module.
• CSPS Metrics: The model applies CSPS metrics for dynamic weight adjustment but does not use the

AWA module.
• Complete Model: The entire framework, incorporating the dynamic weight adjustment mechanism,

pseudo mask, CSPS metrics, and the AWA module.

Dataset Preparation. To ensure fairness and comparability of the experiments, all experiments are
conducted on the CityScapes, COCO-Stuff, and ADE20k datasets. All datasets undergo standardized prepro-
cessing, including resizing to uniform dimensions, normalization, and data augmentation techniques such
as random cropping, flipping, and color transformation. These steps are taken to improve the robustness and
generalization ability of the models.

Quantitative Results. This experiment systematically evaluated the impact of each module on the
performance of the DeepLabV 3+ model on the CityScapes, COCO-Stuff, and ADE20k datasets by gradually
introducing Dynamic Adjusting weights, Pseudo mask, CSPS, and AWA modules. The experimental results
are shown in Table 3, and the specific analysis is as follows:

• The introduction of dynamic weight adjustment: After only introducing the module, the model’s
performance on three datasets was improved to 81.6, 34.4, and 46.1, respectively, which indicates that
dynamic weight adjustment can effectively optimize the training process of the model, especially on the
CityScapes dataset, with a performance improvement of 0.7.

• Introduction of pseudo mask: Based on dynamic weight adjustment, further introducing the pseudo
mask module improved the model performance to 81.9, 34.7, and 46.5. Introducing pseudo mask
enhances the model’s focus on key regions, especially on the ADE20k dataset, resulting in a performance
improvement of 0.4.

• Introduction of CSPS: Based on dynamic weight adjustment and pseudo masking, the introduction of
the CSPS module further improved the model performance to 82.0, 34.9, and 46.8. The CSPS module
further optimizes the model’s performance by comprehensively evaluating its region overlap and pixel-
matching degree.

• Introduction of AWA: Finally, based on dynamic weight adjustment, pseudo mask, and CSPS, the
introduction of the AWA module significantly improved the model performance to 83.2, 35.8, and 47.5.
The AWA module substantially enhances the model’s ability to handle class imbalance problems by
adapting class weights, especially on the CityScapes dataset, with a performance improvement of 1.2.

• Performance improvement trend: On the CityScapes dataset, the introduction of various modules has
a relatively balanced contribution to performance improvement, with the AWA module contributing
the most (1.2). The contributions of dynamic weight adjustment and AWA module on the COCO-Stuff
dataset are significant, increasing by 0.5 and 0.9, respectively. On the ADE20k dataset, the contributions
of the pseudo mask and AWA modules were significant, increasing by 0.4 and 0.7, respectively.
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Table 3: Experimental results of ablation (§4.2) on ADE20k val, CityScapes val, and COCO-Stuff test with mean IoU

Dynamically
adjusting weights Pseudomask CSPS (σ = 0.9) AWA City scapes COCO-Stuff ADE20k

80.9 33.9 45.7
✓ 81.6 34.4 46.1
✓ ✓ 81.9 34.7 46.5
✓ ✓ ✓ 82.0 34.9 46.8
✓ ✓ ✓ ✓ 83.2 35.8 47.5

We conduct a systematic sensitivity analysis of the hyperparameter δ in CSPS on the CityScapes dataset,
evaluating both majority and minority class segmentation performance. As δ increases, the contribution
of IoU in the CSPS composite score becomes more pronounced, while Pixel Accuracy correspondingly
diminishes. We empirically evaluate segmentation mean IoU for five minority categories (wall, fence, pole,
rider, motorcycle), as well as majority (road, car, person) and overall performance, under varying δ values
from 0 to 1.

As illustrated in Fig. 5, we observe that minority class performance improves with increasing δ until
a peak near δ = 0.9, after which excessive emphasis on IoU may slightly reduce overall stability. Majority
class and overall scores exhibit similar but less pronounced trends. Thus, we select δ = 0.9 for subsequent
experiments, balancing robust performance across all class types.

Figure 5: Sensitivity of segmentation performance to δ in CSPS on CityScapes. Results for minority classes, majority
classes, and overall mIoU are shown. Moderate δ values (e.g., 0.9) balance minority and majority class performance,
while extremes favor one at the expense of the other
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This analysis satisfies the need for theoretical and empirical justification of our hyperparameter choice,
clarifies the interplay between IoU and Pixel Accuracy, and demonstrates that our approach provides tunable
optimization for diverse segmentation challenges.

4.3 Dynamic Behavior and Benefits of AWA in Class-Imbalanced Segmentatio
Experimental Setup. To rigorously evaluate the effectiveness and adaptability of the Adaptive Weight

Adjustment (AWA) module, we randomly sample three epochs during the training of DeepLabV 3+ on the
Cityscapes dataset. Four representative classes are selected for analysis: two frequent (road and building) and
two minority classes (pole and traffic sign), covering both dominant and underrepresented categories. Key
intermediate values and final normalized weights are tracked to investigate how AWA automatically responds
to class imbalance throughout training.

Selected Classes. - Road (frequent class): Large pixel count, high baseline accuracy. - Building (frequent
class): Moderate pixel count, good accuracy. - Pole (minority class): Low pixel count, challenging for
segmentation. - Traffic sign (minority class): Very low pixel count, challenging for segmentation.

Computation Details. All weights are computed using the method described in §3.3, with δ = 0.9 for
CSPS calculation, clipping the raw weight at a maximum value of 5, and normalizing weights across all classes
for each epoch.

Results. Table 4 exemplifies the dynamic evolution of class-wise weights over three randomly selected
epochs. As shown, minority classes (pole, traffic sign) consistently receive much higher normalized weights
than frequent classes, effectively compensating for their lower representation and segmentation difficulty.
This dynamic adjustment arises directly from performance metrics, without manual tuning, demonstrating
AWA’s strength in tackling class imbalance.

Table 4: Dynamic class weights produced by AWA module over three random epochs (Cityscapes). Higher normalized
weights reflect greater focus on underrepresented categories

Class Epoch CSPS Base
weight

Ratio
weight

Raw
weight Clipped Normalized weight

Road 3 0.846 1.22 1.04 1.27 1.27 0.37
Building 12 0.792 2.02 1.08 2.18 2.18 0.64

Pole 7 0.499 5.91 1.24 7.32 5.00 1.48
T.Sign 5 0.413 7.94 1.32 10.48 5.00 1.48

Road 9 0.869 1.09 1.03 1.12 1.12 0.36
Building 18 0.831 1.62 1.05 1.70 1.70 0.55

Pole 13 0.542 4.83 1.10 5.31 5.00 1.62
T.Sign 8 0.431 7.13 1.04 7.42 5.00 1.62

Road 15 0.891 1.02 1.01 1.03 1.03 0.33
Building 26 0.846 1.46 1.02 1.49 1.49 0.48

Pole 19 0.549 4.36 1.06 4.62 4.62 1.48
T.Sign 11 0.515 6.64 1.05 6.97 5.00 1.60

Analysis. From Table 4, it can be seen that across random epochs, the normalized weight for minority
classes (pole, traffic sign) remains stably high (around 1.5), whereas frequent classes (road, building) retain
much lower values (below 0.7 and usually even ≤0.5). This demonstrates that AWA successfully increases
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focus on rare or challenging categories by adaptively compensating them, supporting enhanced model
generalization and robustness in long-tailed segmentation. Further, this adjustment process is automatic and
performance-driven: as minority class segmentation improves, their weight increment slows down, showing
the adaptivity and stability of the module, while dominant classes decrease in weight as their accuracy
saturates. Thus, our method overcomes manual class balancing, improves segmentation recall on small
objects, and offers a strong solution for semantic segmentation under real-world class imbalance.

To thoroughly evaluate the benefits of our Adaptive Weight Adjustment (AWA) module for minority
(small) class segmentation, we select five challenging small classes from the Cityscapes dataset: wall, fence,
pole, rider, and motorcycle. We compare our full CAWASeg model (with dynamic AWA) to a baseline variant
with identical architecture but without AWA, focusing on per-epoch mIoU improvements for these highly
imbalanced classes.

Experimental Setting: Both models are trained from scratch for 50 epochs under the same optimizer,
batch size, augmentation, and learning rate schedule to ensure a fair comparison. The experiments are
repeated with three random seeds; for each epoch, mIoU is calculated for each target class on the Cityscapes
validation set, enabling detailed tracking of segmentation performance dynamics.

Selected Classes and Final Performance: The final mIoU for each class at epoch 50 is as follows: wall
(69.5 vs. 59.4), fence (69.4 vs. 63.7), pole (74.5 vs. 71.4), rider (76.7 vs. 73.0), and motorcycle (75.3 vs. 73.8) with
and without AWA, respectively.

Analysis: Fig. 6 illustrates the detailed mIoU progression for each class. Across all five small classes,
models equipped with AWA not only achieve higher ultimate mIoU but also exhibit faster and more stable
improvement throughout training. The difference is particularly marked on the most underrepresented
categories such as wall and fence, where AWA yields over 10% relative gain. These results demonstrate that
our module continuously enhances the learning focus on difficult and rare classes, which would otherwise
be under-optimized. The dynamic weighting thus mitigates class imbalance effects and substantially boosts
segmentation quality for minority classes, confirming the effectiveness and necessity of the AWA mechanism
in real-world semantic segmentation scenarios.

Figure 6: Per-epoch mIoU curves for five small classes on Cityscapes, comparing CAWASeg (with AWA) and baseline
(no AWA)
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5 Discussion
The results obtained from our CAWASeg framework demonstrate improvements in segmentation

performance across multiple datasets, specifically in the context of rare sample categories. This aligns with the
working hypothesis that dynamically adjusting class weights based on model performance can mitigate the
class imbalance problem that is prevalent in semantic segmentation tasks. Our findings not only corroborate
previous studies highlighting the challenges posed by class imbalance [4], but also extend the conversation
by proposing a new paradigm through the integration of Grad-CAM-derived insights into the weight
adjustment process.

The significant performance gains observed—especially in challenging classes such as small objects or
underrepresented categories—underscore the effectiveness of our approach in enhancing the learning of
minority classes. By dynamically adjusting weights based on a class’s performance in real-time, we alleviate
the tendency of models to focus disproportionately on majority classes, a limitation noted in numerous
studies investigating class imbalance solutions [18,55]. The improvements in mIoU on datasets such as
CityScapes, COCO-Stuff, and ADE20k indicate that our CAWASeg framework not only increases accuracy
but does so without compromising the model’s performance on more prevalent classes. This balance is
crucial for practical applications in fields like autonomous driving and medical imaging, where the cost of
misclassification can be particularly high.

Furthermore, the ablation studies highlight the contributions of individual components of the
CAWASeg framework. Each step—from the introduction of the pseudo mask to the implementation of
the Adaptive Weight Adjustment (AWA) module—demonstrated a tangible impact on performance. This
modular approach supports the hypothesis that a combination of techniques can be more effective than
isolated interventions. It suggests the potential for further exploration of hybrid methods that leverage the
strengths of various strategies for addressing class imbalance.

Looking ahead, several avenues for future research emerge from our findings. First, exploring the
integration of other visualization techniques beyond Grad-CAM could provide further insights into the
model’s decision-making process, potentially leading to more informed weight adjustments. Additionally,
extending the CAWASeg framework to handle multi-modal data or real-time segmentation tasks could
significantly enhance its applicability in dynamic environments. Recent advances in multimodal semantic
segmentation [56] typically leverage complementary information from multiple data sources, such as RGB,
depth, and thermal modalities, to enhance scene understanding and segmentation accuracy. For instance,
MFFENet and MMSMCNet integrate features from different sensor modalities using fusion networks, while
MTANet and EGFNet introduce cross-modal attention mechanisms. Although these approaches are highly
effective for datasets with multimodal inputs, our present work focuses on addressing class imbalance in
single-modality (RGB) semantic segmentation. This is complementary to multimodal strategies, and the
proposed CAWASeg optimization could in principle be extended to multimodal architectures in future work.

In summary, the CAWASeg framework represents a significant advancement in addressing the class
imbalance problem in semantic segmentation. By leveraging class activation maps for adaptive weight adjust-
ment, our approach not only improves overall segmentation accuracy but also enhances the model’s ability
to learn from rare classes. As we continue to refine these techniques and explore new research avenues, we
aim to contribute to the ongoing effort to create more equitable and effective semantic segmentation models.

6 Conclusion
In this paper, we propose a novel and efficient semantic segmentation framework, CAWASeg; CAWASeg

is the first attempt to utilize the class activation map to assist in generating the weights of each class to guide
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the training of the model. Specifically, we transform the heatmap generated by Grad-CAM into pseudo mask
form and evaluate the segmentation performance of each category by the similarity between the pseudo mask
and the Ground Truth. To adapt to different segmentation tasks, we propose Comprehensive Segmentation
Performance (CSPS), which evaluates the model based on IoU and pixel accuracy and adjusts both weights
to adapt to different segmentation tasks. In addition, an adaptive weight adjustment module is also designed
to assign weights to each category according to its relative performance and growth. Extensive experiments
demonstrate the performance of the CAWASeg framework.

In this work, we proposed the CAWASeg framework with an adaptive weight adjustment mechanism
to address class imbalance in semantic segmentation. Comprehensive experiments on several widely-used
public benchmarks, including Cityscapes, COCO-Stuff, and ADE20k , demonstrate the effectiveness of our
approach, especially in improving segmentation performance for minority classes.

While our evaluation focuses on well-established, static image datasets, we fully acknowledge the
significance and potential of dynamic, real-world applications—particularly in real-time video processing
and self-collected scenarios. As pointed out by reviewers, extending CAWASeg to handle dynamic and
online image sequences is a valuable direction. In future research, we plan to investigate the adaptation and
performance of our framework on real-time, self-collected video data, to further demonstrate its practical
applicability and robustness in real-world environments.
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Acknowledgement: Not applicable.

Funding Statement: This work was supported by the Funds for Central-Guided Local Science and Technology
Development (Grant No. 202407AC110005). Key Technologies for the Construction of a Whole-Process Intelligent
Service System for Neuroendocrine Neoplasm. Supported by 2023 Opening Research Fund of Yunnan Key Laboratory
of Digital Communications (YNJTKFB-20230686, YNKLDC-KFKT-202304).

Author Contributions: Hailong Wang: Methodology; Writing—original draft; Conceptualisation; Validation;
Writing—review and editing; Supervision; Visualization; Data curation. Hao Li (Corresponding Author): Concep-
tualization; Methodology; Investigation; Formal analysis; Resources; Supervision. Minglei Duan: Data curation;
Investigation; Formal analysis; Resources; Supervision. Lu Yao: Data curation; Investigation; Formal analysis; Resources;
Supervision. All authors reviewed the results and approved the final version of the manuscript.

Availability of Data and Materials: The datasets utilized in this work (Cityscapes, COCO-Stuff, ADE20k) are publicly
accessible and have widely been used in the research community. Please refer to the official dataset webpages for
download links and instructions.

Ethics Approval: Not applicable.

Conflicts of Interest: The authors declare no conflicts of interest to report regarding the present study.

Appendix A Supporting Information
In the appendix, we have listed the following items to better understand the contribution of this article:

• Appendix A.1: More detailed and specific training parameters.
• Appendix A.2: Other visualization results.
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Appendix A.1
For the CityScapes/COCO-Stuff/ADE20k dataset, we use the following parameters for training:

• Batch size: 8/16/16
• Initial learning rate: 0.01
• Optimizer: SGD with momentum (0.9) and weight decay (0.0001)
• Learning rate scheduler: CosineAnnealingLR

All experiments are conducted on a high-performance computing platform with the following
specifications:
• GPU: 1 × NVIDIA A800 (80 GB)
• CPU: 14 vCPU Intel(R) Xeon(R) Gold 6348 @ 2.60 GHz
• Memory: 100 GB
• Software: PyTorch 2.0.0, Python 3.8, CUDA 11.8

Appendix A.2 Other Visualization Results
As shown in Fig. A1, we further conducted a large amount of visualization, and it can be seen that after

introducing CAWASeg, the model can segment more image details. In addition, compared with before the
introduction, the edges segmented by the model are clearer.

Figure A1: More visual results. From left to right are the original images, DeepLabV 3+, CAWASeg, Ground Truth.
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