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ABSTRACT: Brain tumors are neoplastic diseases caused by the proliferation of abnormal cells in brain tissues, and

their appearancemay lead to a series of complex symptoms. However, currentmethods struggle to capture deeper brain

tumor image feature information due to the variations in brain tumor morphology, size, and complex background,

resulting in low detection accuracy, high rate of misdiagnosis and underdiagnosis, and challenges in meeting clinical

needs. �erefore, this paper proposes the CMS-YOLO network model for multi-category brain tumor detection,

which is based on the You Only Look Once version 10 (YOLOv10s) algorithm. �is model innovatively integrates

the Convolutional Medical UNet extended block (CMUNeXt Block) to design a brand-new CSP Bottleneck with 2

convolutions (C2f) structure, which signi�cantly enhances the ability to extract features of the lesion area.Meanwhile, to

address the challenge of complex backgrounds in brain tumor detection, a Multi-Scale Attention Aggregation (MSAA)

module is introduced. �e module integrates features of lesions at di�erent scales, enabling the model to e�ectively

capture multi-scale contextual information and enhance detection accuracy in complex scenarios. Finally, during the

model training process, the Shape-IoU loss function is employed to replace the Complete-IoU (CIoU) loss function for

optimizing bounding box regression. �is ensures that the predicted bounding boxes generated by the model closely

match the actual tumor contours, thereby further enhancing the detection precision.�e experimental results show that

the improved method achieves 94.80% precision, 93.60% recall, 96.20% mAP50 score, and 79.60% mAP50-95 on the

MRI for Brain Tumor with Bounding Boxes dataset. Compared to the YOLOv10s model, this represents improvements

of 1.0%, 1.1%, 1.0%, and 1.1%, respectively.�emethod can achieve automatic detection and localization of three distinct

categories of brain tumors—glioma, meningioma, and pituitary tumor, which can accurately detect and identify brain

tumors, assist doctors in early diagnosis, and promote the development of early treatment.

KEYWORDS: Brain tumor; deep learning; automatic detection; YOLOv10s; CMUNeXt Block; MSAA; Shape-IoU

1 Introduction

Brain tumors are diseases with a high mortality rate that develop as a result of cell-speci�c lesions in

brain tissue [1]. According to the latest statistics, the number of deaths caused by brain tumors has increased

by 300% in the past three decades. In 2022, 248,300 deaths and 321,500 new incidents of malignant brain

tumors occurred worldwide [2]. In the same year, the number of brain tumor deaths in China was 56,600,

while the number of incident cases was 87,500. �e mortality rates among males and females were 4.38 and

3.63 per 100,000, respectively, while the incidence rates were 5.88 and 6.53 per 100,000, respectively [3]. �e

large morbidity andmortality data re�ect the diversity and complexity of brain tumor types. Common brain

tumors include meningioma, pituitary tumors, and nerve sheath tumors. According to the factors of tissue

origin, cell morphology, and biological characteristics, brain tumors can be classi�ed as either benign or

Copyright © 2025�e Authors. Published by Tech Science Press.
�is 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.2025.065670
https://www.techscience.com/doi/10.32604/cmc.2025.065670
mailto:xwang9@gzu.edu.cn


1288 Comput Mater Contin. 2025;85(1)

malignant.Most benign brain tumors are small in size and grow slowly.When they are in key functional areas,

they can compress surrounding tissues such as blood vessels and nerves at an early stage. Additionally, some

of these tumors exhibit invasive characteristics.Malignant tumors not only compress the surrounding tissues

but may also spread through the cerebrospinal �uid and other ways to a�ect the function of other bodily

components, inducing a series of complications and endangering the lives of patients [4]. Consequently, the

prompt discovery and accurate positioning of the lesion region play a vital role in the subsequent diagnosis

and treatment of brain tumors. Among the traditional brain tumor detection methods, Magnetic Resonance

Imaging (MRI) can help identify the presence, location, and size of brain tumors due to its high resolution

and so� tissue sensitivity, which allows for the detailed visualization of subtle changes in brain structure [5].

However,MRI images struggle to accurately distinguish brain tumors that resemble surrounding brain tissue.

Additionally, its diagnostic accuracy relies on medical expertise and physicians’ experience, and the time-

intensive analysis process can easily result in misdiagnosis or missed detection.

Arti�cial intelligence (AI) methods are demonstrating signi�cant potential in the medical �eld and are

profoundly changing the traditional medical model. For example, the “Chest CT Intelligent 4D Imaging

System” developed by Zhejiang Provincial People’s Hospital has led the way in realizing the practical

application of AI technology in medical imaging in China. It has signi�cantly improved the e�ciency and

accuracy of lung nodule detection [6]. In terms of medical system construction and intelligent diagnosis,

the AI hospital established by Tsinghua University will initially set up an AI hospital system. In the future, it

will construct an ecological closed loop of “AI +Medicine + Education + Research”. In addition, the internal

testing system of “Bauhinia AI Doctor” developed by the team has been o�cially launched. �ere are 42

AI doctors from various departments in the system, covering over 300 types of diseases. It helps doctors

reduce their workload and improve work e�ciency, thereby contributing to the improvement of diagnosis

and treatment quality and the reduction of the misdiagnosis rate [7]. �e application of these AI systems

also integrates the latest medical research, clinical guidelines, and individual patient data to provide doctors

with evidence-basedmedical support to assist complex treatment decisions [8]. Consequently, the utilization

of sophisticated AI methods to facilitate the rapid and precise detection of brain tumors is of signi�cant

research value.

Over recent years, Deep Learning (DL) techniques have made breakthroughs in the �eld of medical

image processing, particularly in lesion region segmentation [9,10], disease classi�cation [11,12], and disease

detection [13–15].�ese technologies allow the automatic extraction of features and information from image

data, thereby assisting physicians in clinical diagnosis.�is not only alleviates the work burden of physicians

but also substantially enhances the accuracy and e�ciency of medical image analysis [16]. DL methods

can automatically extract features related to brain tumors by analyzing brain MRI images. �erefore, key

information such as the shape and size of the brain tumor is obtained. A DL network architecture can be

constructed using the extracted features, which allows the precise identi�cation of brain tumors in unknown

MRI images and the further classi�cation of the type of brain tumor [17].�e implementation of brain tumor

diagnosis tasks based on DL methods can be divided into segmentation, classi�cation, and detection. In

previous studies, Tian et al. [18] proposed a fully automaticmulti-tasking brain tumor segmentation network

based on multi-modal feature reorganization and scale crossing attention mechanism. �is framework not

only takes into full consideration the complementary and shared information between modalities but also

automatically learns the attention weights of each modality to acquire more targeted lesion features, thus

improving the accuracy of brain tumor segmentation. Ghazouani et al. [19] utilized a three-dimensional

enhanced local self-attention (3D ELSA) transformer block to enhance the local feature extraction. �ey

proposed a three-dimensional (3D) brain tumor image segmentation network based on an ELSA Swin

transformer for the �rst time, which achieved a Dice score of 89.77% and an average Hausdor� distance of
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8.99 mm. Nevertheless, the stacking of multiple modules may deteriorate the model’s interpretability and

cause it to fail to meet the actual scenarios. Li et al. [20] inserted multilevel residual blocks between the

encoder and decoder of the U-Net network and incorporated the channel attention mechanism. As a result,

they put forward a multi-scale deep residual convolutional neural network, which is designed to enhance

the precision of brain tumor segmentation.�e problem of brain tumor segmentation in three-dimensional

Magnetic Resonance Imaging (3D MRI) images was solved. However, the number of samples that could

be used for brain tumor segmentation was small at that time, and the model generalization ability was

not veri�ed.

In order to solve the problems of insu�cient feature extraction ability of traditional models and

weak model generalization ability due to the variability of the dataset, Wu et al. [21] combined the

federated learning framework, improved residual network, and convolutional attention module to propose

the FL-CBAM-DIPC-ResNet model for brain tumor classi�cation. By implementing a lightweight network

MobileNetV2 for feature extraction, a single model dedicated to the brain tumors’ hierarchical classi�cation

was suggested by Sankar et al. [22]. �is was aimed at overcoming the problem of classifying various grades

of brain tumors due to their di�erences in size, shape, and position. It achieved classi�cation accuracies

of 99.87% in binary classi�cation and 99.38% in multi-class classi�cation, respectively. Nassar et al. [23]

introduced an e�ectivemethod for classifying brain tumors based on a hybridmechanism ofmajority voting.

�e method precisely identi�es three categories of brain tumors by applying a majority voting operation to

the outputs of �ve pre-trained models. However, the brain tumor data samples used for training are small

in number, and a sample imbalance problem exists. Moreover, the model structure and decision-making

process are relatively complex,making it di�cult to intuitively explain how themodelmakes decisions, which

is not conducive to the doctors’ understanding of the basis of the model’s judgment.

Utilizing DL techniques for the segmentation and classi�cation of brain MRI images enables the rapid

identi�cation of brain lesions within the images.�is aids doctors in formulatingmore precise diagnoses and

improves diagnostic e�ciency and correctness for medical practitioners. Nevertheless, neither of these two

tasks is capable of precisely identifying the location of brain tumors. On the contrary, the detection task is

capable of not only identifying the presence of a brain tumor in the image but also accurately pinpointing its

location, thereby enabling the classi�cation and localization of brain tumors. In a related study of brain tumor

detection using traditional Convolutional Neural Network (CNN) and Transfer Learning (TL) methods,

Ge et al. [24] proposed a novel unsupervised learning dual-branching framework, Double-SimCLR, which

can simultaneously process MRI and computed tomography (CT) images to achieve multimodal feature

fusion and solve the low diagnostic accuracy associated with single modality images. �e method obtained

92.46% accuracy and 93.06%F1-score. Hossain et al. [25] considered the detection and classi�cation ofmulti-

category brain tumors and proposed the use of TL model integration to obtain the integrated model IVX16,

and used the Local Interpretable Modeling Algorithm (LIME) to verify the e�ectiveness of the proposed

model. �e experimental results show that the classi�cation accuracy of the integrated model is 96.94%,

indicating that the method can e�ectively avoid the over�tting problem. However, developing integrated

models with TL methods usually requires training multiple base models, which can substantially increase

training time.Gürsoy et al. [26] proposed a fusion deep learningmodel Brain-GCN-Net by combiningGraph

Neural Networks (GNN) with CNN. It can capture global and local information, andmore comprehensively

analyze the intricate features within brain tumor images, achieving a classi�cation accuracy of 93.68%.

However, this method has poor performance in detecting small tumors and brain tumors that are similar to

the surrounding tissue.

In addition to CNNs and TL methods, object detection algorithms, through end-to-end training, can

directly localize and classify brain tumors, providing a new approach to the brain tumor detection task.
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Kang et al. [27] proposed a Reparametrized Convolutional YOLO architecture, RCS-YOLO, which extracts

richer features and signi�cantly improves the preciseness and rapidity of themodel in detecting brain tumors.

�is is achieved by designing a Reparametrized convolutional shu�e (RCS) module and a practical one-

shot aggregation module (RCS-OSA). As a result, the detection time is signi�cantly reduced. Nevertheless,

it does not work well when dealing with complex background images. Chen et al. [28] proposed the YOLO-

NeuroBoost model for brain tumor detection, which combines the YOLOv8 network with the dynamic

convolutional KernelWarehouse, Convolutional Block Attention Module (CBAM) technique. Moreover,

instead of the Complete-IoU (CIoU) loss, it applies the Inner-Generalized IoU (Inner-GIoU) loss function

to calculate the bounding box loss. However, the detection e�ect is inferior for intricate backgrounds, such

as those with high noise and low contrast. Costa Nascimento et al. [29] proposed a novel generative AI

approach based on the concept of synthetic computing cells combined with YOLO detection, which can

detect, segment, and classify brain tumors.�e experimental results demonstrated that this method achieves

an accuracy ofmore than 95% in region detection, segmentation, and classi�cation of brain tumors.However,

the method is ine�ective in the complex case where the brain tumor is located at the edge of the image.

Muksimova et al. [30] proposed an entirely novel brain tumor detection method, which integrates the

enhanced spatial attention (ESA) layer into the YOLOv5m model to help enhance the model’s ability to

distinguish brain tumors. Experimental results show that themethod obtains 92% precision and 87.8% recall,

respectively, highlighting the transformative potential of deep learning in the medical �eld. However, the

dataset used for the model is relatively homogeneous and the model’s generalization ability is poor.

Currently, most brain tumor detection methods, whether traditional CNN methods, TL methods, or

target detection algorithm applications, have their limitations. In particular, detecting brain tumors with

varying shapes and sizes faces challenges, including high false positive and false negative rates, and poor

real-time performance. Additionally, some brain tumors are similar to the characteristics of the surrounding

tissues or other lesions, which leads to increased di�culty in detection. YOLOv10 [31] retains the advantages

of the previous YouOnly LookOnce (YOLO)model, suggested the training strategy withoutNon-Maximum

Suppression (NMS), and improved the drivenmodule.�is improvement signi�cantly enhanced themodel’s

comprehensive capacity in terms of e�ectiveness and performance, overcoming the limitations of detection

speed and accuracy in identifying brain tumors.�erefore, this paper proposes a YOLOv10s-based improved

model, CMS-YOLO, for the detection of brain tumors. �e model can more e�ectively extract features of

brain tumors in the presence of complex backgrounds, thanks to the improvements in feature extraction

and fusion. Furthermore, the proposed approach not only enhances the detection speed and precision but

also enables real-time detection of various brain tumor types.�e model helps doctors identify brain tumors

quickly and accurately, thereby improving diagnostic accuracy and e�ciency.

�e main contributions of this paper are as follows:

• Introducing Convolutional Medical UNet extended block (CMUNeXt Block) in the backbone of the

YOLOv10smodel innovatively proposes the C2f_CMUNeXtBmodule to enhance themodel’s extraction

of global context information.

• Add the Multi-scale Attention Aggregation (MSAA) module to the neck to enable the model to achieve

multi-scale fusion of brain tumor features, thereby enhancing the model’s capability to handle intricate

backgrounds and reduce background interference.

• By replacing the conventional bounding box loss with the Shape-IoU loss function, the model is enabled

to prioritize the size and shape of the bounding box, thereby enhancing the accuracy of bounding box

regression and the detection of small tumors.

�e paper is organized as follows: Section 2 clari�es the dataset and evaluation metrics utilized in

this research, and details the data processing methods. Section 3 describes the framework of the proposed
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methodology. Section 4 elaborates on the parameter settings for model training, describes the training

process of the proposed model, and presents a comparison with state-of-the-art algorithms. Section 5

provides a detailed overview of the research conclusions, and the limitations of this study, and examines

possible directions for future investigation.

2 Materials and Methods

In this section, we will describe the dataset used in this study, the data processing methods employed,

and the various evaluation metrics used to assess the model’s performance.

2.1 Data Sources

�e “MRI for Brain Tumor with Bounding Boxes” dataset was acquired from Kaggle to validate the

performance and e�ectiveness of the model. �e dataset acquisition link is as follows: https://www.kaggle.

com/datasets/ahmedsorour1/mri-for-brain-tumor-with-bounding-boxes (accessed on 20 June 2025). �e

dataset comprises 5249 axial, coronal, and sagittal brain MRI images with detailed annotations of tumor

types, locations, and sizes, which are o�en used for the automated detection and classi�cation of brain

tumors for research. Comprising three types of brain tumor images: glioma (1289 images),meningioma (1589

images), and pituitary tumor (1560 images), along with normal brain images (809 images). Additionally,

these images were partitioned into a training set including 4737 images and a validation set containing 512

images. Fig. 1 displays the sample diagram of the dataset.

Figure 1: Sample plot of the dataset

2.2 Data Processing

In this study, the dataset was processed using data screening, data normalization, and data division to

enhance the quality and diversity of samples and improve the model’s capability to handle unknown data.

(1) Data screening:�e dataset is screened to ensure its quality and annotation completeness.

https://www.kaggle.com/datasets/ahmedsorour1/mri-for-brain-tumor-with-bounding-boxes
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(2) Normalization:�ere are great di�erences among features in the dataset, which can impact the model

training. �erefore, before training the model, it is crucial to normalize the data to adjust the feature

values of various dimensions to similar ranges. �is process ensures the model’s stability during

gradient updating in training and improves the model’s performance. �e Min-Max normalization

method is adopted, and its expression is shown in Eq. (1):

xnorm = x − xmin

xmax − xmin

(1)

In this context, xnorm represents the normalized data, x indicates the initial data, xmax and xmin indicate

the maximum and minimum values in the dataset, respectively.

(3) Data division: Although the initial dataset was split into a training set and a validation set, the number

of samples in the validation set is too small to demonstrate how the model performs with unknown

data.�ere is also a risk of insu�cient generalization ability and over�tting.�erefore, considering the

model’s training needs, the dataset is divided into an 8:2 ratio. Speci�cally, 80% of the data is designated

for the training set, while 20% is allocated for the validation set.

Following the data processing described above, two images without annotations were excluded, and the

�nal training set consists of 4137 images, while the validation set contains 1110 images. Table 1 shows the

distribution of the brain tumor dataset.

Table 1: �e distribution of the brain tumor dataset

Class Training set Validation set Total

Glioma 1019 270 1289

Meningioma 1267 322 1589

No tumor 634 175 809

Pituitary tumor 1217 343 1560

2.3 Evaluation Metrics

Utilizing metrics such as a confusion matrix, precision, recall, F1 − score and mean average precision

(mAP) for assessing the e�ectiveness of the suggested brain tumor detection approach.

�e confusion matrix, also known as the classi�cation matrix, serves to assess the model’s classi�cation

capabilities, clarify the relationship between the actual labels and the predicted outcomes, and help under-

stand the model’s performance across various categories. For multi-categorization problems, each cell in the

confusion matrix represents the number of samples that are actually in one category but are predicted to

be in another. A�er normalizing the confusion matrix, each cell represents the proportion of samples that

are actually of one class but predicted to be of another class. In this way, the classi�cation accuracy can be

obtained intuitively to evaluate the model’s performance.

Precision (P) denotes the ratio of true positive samples to all the samples predicted positive by the

model. It aims to evaluate themodel’s ability to identify brain tumors accurately.�e higher the precision, the

lower the false positive rate. Recall (R) refers to the portion of true positive samples that themodel accurately

recognizes among the overall amount of actual positive samples. It is used tomeasure the comprehensiveness

of themodel in detecting brain tumors.�e higher the recall, the lower the false negative rate.�e F1 − score
indicates the harmonic average of precision and recall, which takes both P and R into comprehensive



Comput Mater Contin. 2025;85(1) 1293

consideration and is used to balance the relationship between them.�e calculation formulas of these three

indicators are shown in Eqs. (2)–(4):

P = TP

TP + FP (2)

R = TP

TP + FN (3)

F1-score = 2 × (P × R)
P + R (4)

In the above formula, TP (True Positive) denotes the number of samples that are correctly predicted

as positive and are positive; FP (False Positive) is used to re�ect the false detection situation of the model,

which denotes the number of samples that are forecasted as positive but in fact negative. FN (False Negative)

re�ects the miss-detection situation of the model, which represents the total amount of samples that are

predicted to be negative but are truly positive.

�e precision-recall (P-R) curve is plotted with recall on the horizontal axis and precision on the vertical

axis, providing a graphical evaluation of model performance across varying threshold settings. Average

Precision (AP) is de�ned as the area under the P-R curve, where higher values of AP indicate better average

precision of the model.�e calculation of AP is shown in Eq. (5):

AP = ∫
1

0
P (R) dR (5)

�e mean Average Precision (mAP) is obtained by taking the average of the AP values throughout

all categories, as illustrated in Eq. (6). �is metric assesses the algorithm’s average performance within all

categories. mAP50 is de�ned as the mAP value when the Intersection over Union (IoU) threshold has been

set at 0.5. mAP50-95 represents the mAP when the IoU threshold ranges from [0.5, 0.95].

mAP =
N

∑
i=1

APi

N
(6)

where, N refers to the number of categories.

3 Methodology

In this section, we will analyze the overall structure of the model and the various methods employed

within it.

3.1 Overall Model Structure

Figs. 2 and 3 illustrate the simpli�ed structural diagram of this study and the basic framework of

the model proposed in this paper. Moreover, Fig. 3 further illustrates the detailed diagrams of each part

presented in Fig. 2. Fig. 4 presents the internal structure of each module in the model.�is model is further

improved using the YOLOv10s algorithm, comprising three primary parts: the Backbone, Neck, and Head.

�ese di�erent parts are responsible for feature extraction, feature fusion, and target classi�cation and

localization, respectively.

�e CMUNeXt Block is introduced in the CSP Bottleneck with 2 Convolutions (C2f) at the Backbone

stage, and the C2f_CMUNeXtB module is creatively suggested. �e CMUNeXt Block adopts large kernel
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separable convolution to extract global information, addressing the network’s challenge of capturing global

information by fully extracting andmixing the long-range spatial location information in brain tumor images

with the fewest possible parameters.

Figure 2: Simpli�ed diagram of the research methodology

Figure 3: �e overall architecture of the CMS-YOLO model
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Figure 4: �e internal structure diagram of each module

In the Neck stage, theMSAAmodule is introduced before the predictive feature layer to conduct re�ned

processing on the features obtained through concatenation. �is helps address the de�ciencies in feature

extraction and fusion, reduces background interference, and enhances the algorithm’s capacity to process

intricate backgrounds.

During theHead stage, the Shape-IoU loss function is employed, enabling themodel to learn the target’s

shape characteristics more accurately by focusing on the bounding box’s size and shape.�is process enables

the model to focus on the core region of the brain tumor, thereby not only improving its anti-interference

ability but also enhancing its capacity to detect brain tumors in intricate scenarios and its robustness.

3.2 C2f_CMUNeXtB Module

In CMUNeXt Block [32], the conventional convolution is replaced with Depthwise Convolution (DW

Conv) and Pointwise Convolution (PW Conv).�e CMUNeXt Block �rst adopts the DWConv with a large

kernel to extract the global information of each channel. A�er that, two PW convolutions are employed

to realize that the number of channels initially increases and subsequently decreases, thereby establishing

an inverted bottleneck structure. �is structure enables the comprehensive combination of spatial and

channel information, realizing the e�cient extraction of global context information. �e overall process is

represented as Eqs. (7)–(9):
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f1 = BN (δ (DWConv (a))) + a (7)

f2 = BN (δ (PWConv ( f1))) (8)

Y = BN (δ (PWConv ( f2))) (9)

where a is the output of the previous layer, Y is the output feature map of CMUNeXt Block, δ is the GELU

activation function layer, and BN represents the Batch Normalization layer. DWConv is the DW convolu-

tion, and PWConv is the PW convolution. Fig. 5 illustrates the structure of the C2f_CMUNeXtB module.

Figure 5: �e diagrammatic illustration of the C2f_CMUNeXtB module and its related components. (a) illustrates the
structure of the CMUNeXt Block. (b) displays the overall layout of the Bottleneck_CMUNeXtB module. (c) exhibits
the structural diagram of the C2f_CMUNeXtB module

As an essential part of the YOLOv10s network, the C2f module enables the network to handle complex

brain tumor MRI image features by extracting and transforming features through operations of feature

transformation and fusion.�e C2f_CMUNeXtB module is proposed by introducing the CMUNeXt Block

to improve the Bottleneck structure, which reduces the number of network parameters and the computation

while enhancing themodel’s capacity to extract the global context information frombrain tumorMRI images

and enriches the expression of features.

3.3 MSAAModule

�eMSAAmodule is recognized for its capacity to fuse features at varying scales and for its exceptional

capability to handle complex backgrounds [33]. On the other hand, the YOLOv10s model is inadequate at

extracting �ne details from complex scenes, resulting in a decrease in detection performance. Given this, the

MSAA module is added to compensate for the insu�cient feature extraction and information fusion inside

cross-layer spliced features.

MSAA aims to enhance the model’s capability to identify and comprehend image details by combining

various scale features. Fig. 6 presents the structure of the MSAA module. It consists of two branches:

spatial and channel. In the spatial re�nement path, the number of channels is �rst reduced through a 1 × 1
convolution kernel, and then the results of three convolutions with di�erent sizes are summed up. Finally,

a series of spatial feature aggregation operations are carried out.�rough the above operations, multi-scale
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information fusion is achieved in the spatial dimension.�e extraction and fusion process of features in the

spatial path can be expressed as Eqs. (10) and (11):

Y 1 = f 3 ( f (x1)) ⊕ f 5 ( f (x1)) ⊕ f 7 ( f (x1)) (10)

Y 2 = f (Y 1 ⊗ σ ( f 7 (Pmax (Y 1)))) (11)

where ⊕ and ⊗ stand for denotes pixel-by-pixel summation and multiplication, respectively. Y 1 is the

multi-scale fusion output, Y 2 is the spatial dimension fusion output, and x1 is the input feature, f denotes

1 × 1 convolution operation, f 3, f 5 and f 7 denotes convolution layers with kernel dimensions of 3 × 3,

5 × 5 and 7 × 7, respectively, Pmax is the maximum pooling, and σ is the Sigmoid activation function. During

this process, leveraging spatial re�nement path to perform a weighted integration of spatial features in the

feature map.

Figure 6: �e structural chart of the MSAA module

On the channel aggregation path, the feature map dimensionality is �rst reduced using average pooling.

Subsequently, the channel attentionmaps are generated using convolution and Recti�ed Linear Unit (ReLU)

activation functions, thereby enhancing the features of the designated channels. �e aggregation on the

channel path is shown in Eq. (12):

Y 3 = f (ε ( f (Pavg (x1)))) (12)

where Y 3 is the channel dimension fusion output feature map, Pavg is the average pooling, and ε is the ReLU

activation function. A�er multipath processing, the output feature maps of the channel aggregation paths

and the output feature maps of the spatial re�nement branches are fused by multiplication, and the overall

calculation of the MSAA module is shown in Eq. (13):

Y = x ⊕ (Y 2 ⊗ Y 3) (13)

By utilizing the MSAA module to fuse features at di�erent scales, the feature characterization ability is

enhanced, and the background interference inMRI images is reduced.�us, themodel’s capacity to recognize

tumors of various sizes is signi�cantly enhanced, as is its performance in detecting brain tumors.
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3.4 Shape-IoU Loss Function

�e target detection loss consists of classi�cation loss (lcls) and bounding box regression loss (lreg). lcls
is used to evaluate the di�erence between the predicted and actual categories. Meanwhile, lreg is utilized to

measure the positional discrepancy between the predicted and Ground Truth (GT) boxes. In YOLOv10s,

the lcls is computed using the binary cross-entropy loss (BCELoss) function, which helps address a situation

of class imbalance in the dataset. �e lreg is calculated using the Complete-IoU (CIoU) loss. However, the

lreg based on IoU usually only focuses on the geometric correlation between the GT box and the anchor

box.�is approach calculates the loss by considering the relative positions and forms of the bounding boxes

while neglecting the impact of intrinsic attributes that characterize the bounding boxes themselves. �is

results in an inability to adaptively adjust to di�erent detectors and detection tasks in practical applications

and also leads to poor model generalization ability. �is paper considers replacing the CIoU method with

Shape-IoU [34] for calculating the lreg. Fig. 7 illustrates the description of Shape-IoU. �e formula for the

computation of the Shape-IoU loss function follows Eqs. (14)–(19):

IoU = ∣B ∩ B
g t ∣

∣B ∪ Bg t ∣
(14)

ww = 2 × (w g t)s

(w g t)s + (hg t)s
(15)

hh = 2 × (hg t)s

(w g t)s + (hg t)s
(16)

Dshape = hh × (xc − x
g t
c )

2

c2
+ww × (yc − y

g t
c )

2

c2
(17)

Ωshape = ∑
t=w ,h

(1 − e−w t)θ , θ = 4 (18)

LShape-IoU = 1 − IoU + Dshape + 0.5 ×Ωshape (19)

where Bg t and B denote the GT box and the prediction box, respectively. s is the scale factor, which is related

to the proportion of targets in the dataset. w g t and w are the widths of the GT box and the Anchor box,

respectively, hg t and h are the heights of the GT box and the Anchor box, respectively, (x g t
c , y

g t
c ) and (xc , yc)

are the center coordinates of the GT box and the Anchor box, respectively.�e value of ww and hh, which

represent the horizontal and vertical weight coe�cients, respectively, are contingent upon the geometry of

the GT box.�e value of θ determines the importance of the shape cost, and the value of this parameter is

in the range of 2 to 6.

w

h

wgt

hgt

GT Anchor

(xcgt,ycgt)

bgt

bgt

(xc,yc)

Figure 7: �e diagram of the GT Box and Anchor Box in Shape-IoU
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Shape-IoU raises the precision of regression with bounding boxes by concentrating on their size and

shape during the loss calculation. �is method signi�cantly increases the accuracy and e�cacy of tumor

detection in MRI images by reducing background interference.

4 Experiments and Results Analysis

Following a description of the dataset used and the related techniques, this section focuses on analyzing

the experimental results. Speci�cally, we will elaborate on the details of the experimental setup and analyze

the experimental results obtained from the model training. In addition, ablation experiments are conducted

to analyze the role of each component in the model thoroughly, and the visualization methodology adopted

in this study is introduced to present the research results intuitively.

4.1 Experimental Setting

�is study was conducted on a computing platform equipped with a Windows 11 operating system,

an Intel 14600k processor, and an RTX 4060 Ti 24 G ×1 graphics card. �e code used for the experiments

was in the Python programming language, using the PyTorch deep learning framework.�e model training

parameters are presented in Table 2, and the model is trained using the Stochastic Gradient Descent (SGD)

optimization algorithm with an output image size of 512 × 512.�e initial learning rate (lr0) during training

was 1 × 10−2, and the �nal learning rate (lrf) was 0.01 times the lr0. For model training, the Batch size was

set to 16, while the number for training iterations (Epochs) was 200. Model training is conducted on large-

scale dataset rows using pre-trained weight parameters to optimize the model’s performance.�ese settings

ensure that key features can be e�ectively extracted from the input images during model training while also

taking into account the high demand for computational resources during the training process.

Table 2: Model parameter settings

Parameters Value

lr0 1 × 10−2
lrf 0.01 × lr0

Image size 512 × 512
Batch size 16

Epochs 200

Optimizer SGD

4.2 Experimental Results

4.2.1 Compare with the Baseline Model

�e experiment was conducted using the previously mentioned parameter settings, with YOLOv10s as

the Baseline model. Fig. 8 displays the normalized confusion matrices of the Baseline model and the CMS-

YOLO model. �e detection results of the Baseline model and the CMS-YOLO model for various tumor

types are presented in Tables 3 and 4, respectively. Fig. 9 shows the F1 − score, mAP50 and mAP50-95 of

the baseline model and the CMS-YOLO model on various types of brain tumors. It can be observed that

the Baseline model achieves classi�cation accuracies of 89.0% for gliomas, 97.0% for meningiomas, 99.0%

for healthy MRI images, and 92.0% for pituitary tumors. In contrast, the CMS-YOLO model’s classi�cation

accuracy is 93.00%, 99.00%, 98.00%, and 93.00%, respectively. Compared with the Baseline model, the

detection accuracy of the CMS-YOLO model for tumor-free MRI images has decreased by 1%, which has a
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relatively small impact on the overall evaluation of the model. On the other hand, the detection accuracy for

glioma has increased by 4%, and the detection accuracies for both meningioma and pituitary tumors have

increased by 1%. �ese results indicate that the improvement of the network structure by the CMS-YOLO

model signi�cantly improves the ability to capture the subtle features of brain MRI images, o�ering superior

stability and reliability, and enabling more precise detection of brain tumors.

Figure 8: Normalized confusion matrix. (a) �e normalized confusion matrix of the Baseline model. (b) �e
normalized confusion matrix of the CMS-YOLO model

Table 3: �e detection results of the Baseline model

Class P (%) R (%) F1-Score (%) mAP50 (%) mAP50-95 (%)

Glioma 90.00 85.80 87.85 90.50 69.80

Meningioma 98.70 97.00 97.84 98.60 83.70

No tumor 97.70 98.90 98.30 99.30 88.60

Pituitary tumor 88.60 88.50 88.55 92.50 72.90

Table 4: �e detection results of the CMS-YOLO model

Class P (%) R (%) F1-Score (%) mAP50 (%) mAP50-95 (%)

Glioma 91.20 85.70 88.36 92.40 71.80

Meningioma 98.90 96.80 97.84 98.70 83.20

No tumor 99.40 95.40 98.37 99.30 86.80

Pituitary tumor 86.90 91.20 89.00 94.40 73.80
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Figure 9: �e comparison results of the Baseline model and CMS-YOLO for various brain tumor detection.
(a) �e comparison results of the F1-score between the Baseline Model and CMS-YOLO in di�erent brain tumors. (b)
�e comparison results of themAP50 between the Baseline Model and CMS-YOLO in di�erent brain tumors. (c) �e
comparison results of themAP50-95 between the Baseline Model and CMS-YOLO in di�erent brain tumors

Figs. 10 and 11 illustrate the training processes of the Baseline and the CMS-YOLO models, and Fig. 10

shows the loss changes of the two models. A�er 200 Epochs, the detection performance of both models is

steadily improving. On all three losses, the CMS-YOLO model has lower losses than the Baseline model,

indicating that the method’s performance has been signi�cantly improved. It can better �t the training data

and has an increased capacity for generation.
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Figure 10: �e loss variation of the YOLOv10s and the CMS-YOLO model. (a) �e bounding box loss of YOLOv10s
and the CMS-YOLO model on the training set. (b) �e classi�cation loss of YOLOv10s and the CMS-YOLO model
on the training set. (c) �e distribution focal loss of YOLOv10s and the CMS-YOLO model on the training set.
(d) �e bounding box loss of YOLOv10s and the CMS-YOLO model on the validation set. (e) �e classi�cation loss of
YOLOv10s and the CMS-YOLO model on the validation set. (f) �e distribution focal loss of YOLOv10s and the
CMS-YOLO model on the validation set
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Figure 11: �e performance metrics of the YOLOv10s and the CMS-YOLO model. (a) �e precision of the YOLOv10s
and the CMS-YOLO model. (b) �e recall of the YOLOv10s and the CMS-YOLO model. (c) �e mAP50 of the
YOLOv10s and the CMS-YOLO model. (d) �emAP50-95 of the YOLOv10s and the CMS-YOLO model

Fig. 11 shows the performance metrics of the model. As shown in the �gure, it can be seen that the

two models exhibit higher volatility during the initial stages of training, However, as the number of Epochs

increases, the model gradually tends to stabilize. Notably, the CMS-YOLO model demonstrates marginally

outperforms the Baseline model in terms of both convergence speed and overall performance, indicating a

discernible improvement.

Fig. 12 displays the detection results of the CMS-YOLO model. Comparing the GT labels brain tumor

MRI images with the model’s predicted results, it is evident that the model’s predicted results match the real

labeling when it detects these three types of brain tumors, and no tumor MRI images, and the con�dence

is relatively high. �e result demonstrates that the CMS-YOLO model can accurately identify and classify

brain tumors, validating the e�ectiveness of the method.
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Figure 12: Model detection results. (a)�e diagram of the GT annotation. (b)�e results of the CMS-YOLOprediction

4.2.2 Comparative Analysis of Di�erent Algorithms

�is study conducts multiple sets of comparison tests on the dataset used to train the CMS-YOLO

model, verifying the e�cacy of the suggested model on the same dataset. �e outcomes are displayed

in Table 5. �e CMS-YOLO model achieves a precision of 94.80%, which is the second highest among

all algorithms, with a 1% improvement over the original model. Furthermore, the CMS-YOLO model

outperforms all other algorithms in the recall, F1 − score, and mAP50, achieving values of 93.60%, 94.20%,

and 96.20%, respectively, which are the highest among all algorithms. �e mAP50-95 of the CMS-YOLO

model is improved by 1% compared to the original model, indicating that the CMS-YOLO model performs

better overall. In contrast, YOLOv5 and YOLOv8 performed well, but their recall, mAP50 and mAP50-95

was lower than that of the CMS-YOLOmodel.�ismay be because the change in themodel structure enables

better feature extraction and feature fusion, thereby helping to capture the subtle features in the MRI images

more precisely. In addition, the data processing method enhances the dataset’s quality and avoids problems

such as gradient explosion during model training.

Table 5: Comparing the results of di�erent models

Model P (%) R (%) F1-Score (%) mAP50 (%) mAP50-95 (%)

VGG16 90.56 90.64 90.60 – –

ResNet50 88.26 88.29 88.26 – –

E�cientNet 88.38 88.40 88.38 – –

RT-DETR 93.60 86.00 89.64 81.20 73.00

YOLOv3s 92.80 73.20 81.84 80.80 76.40

YOLOv5s 95.00 90.90 92.90 95.40 78.80

YOLOv8s 94.40 92.00 93.18 95.70 79.50

YOLOv10s 93.80 92.50 93.15 95.20 78.70

(Continued)



1304 Comput Mater Contin. 2025;85(1)

Table 5 (continued)

Model P (%) R (%) F1-Score (%) mAP50 (%) mAP50-95 (%)

YOLOv11s 92.90 90.60 91.74 95.60 76.90

CMS-YOLO 94.80 93.60 94.20 96.20 79.60

�e performance results of several research techniques detecting brain tumors are shown in Table 6.

�e CMS-YOLO model proposed in this study attains the highest precision and F1 − score, and achieves

the second-highest recall, demonstrating the superiority of the CMS-YOLO model. �is achievement can

primarily be attributed to:

(1) �e optimized C2f module can capture more global context information. Moreover, with the addition

of the MSAA module, it can achieve di�erent scale feature fusion, which makes it possible to acquire

more detailed feature information.

(2) Modifying the loss function can improve the accuracy of bounding box regression, enhance the

model’s adaptability to small targets and complex backgrounds, and increase the model’s robustness to

shape changes.

Table 6: Comparison against the state-of-the-art techniques

Study Method P (%) R (%) F1-Score (%)

Ge et al. (2024) [24] Double-SimCLR 92.46 – 93.06

Hossain et al. (2024) [25] Inception v3 + VGG16 + Xception 78.00 79.00 76.00

Gürsoy et al. (2024) [26] GNN + CNN 93.67 93.68 93.68

Kang et al. (2023) [27] RCS-YOLO 93.60 94.50 94.01

Muksimova et al. (2025) [30] YOLOv5m 92.00 87.80 –

Almufareh et al. (2024) [35] YOLOv7 93.60 90.40 91.97

Proposed Method CMS-YOLO 94.80 93.60 94.20

4.3 Ablation Experiment

In order to verify the e�ectiveness and role of the introduced components, and the e�ect of di�erent

con�gurations on the performance of the CMS-YOLO, a series of ablation experiments were conducted on

the brain tumor dataset. �e results of the experiments are shown in Table 7. �e evaluation metrics used

include F1 − score, mAP50, and mAP50-95.

Table 7: Results of the ablation experiment

Methods C2f_

CMUNeXtB

MSAA Shape-

IoU

F1-Score

(%)

mAP50

(%)

mAP50-95

(%)

Baseline ✗ ✗ ✗ 93.15 95.20 78.70

YOLOv10s +
C2f_CMUNeXtB

✓ ✗ ✗ 93.18 95.70 78.60

YOLOv10s +MSAA ✗ ✓ ✗ 93.19 95.40 78.60

(Continued)
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Table 7 (continued)

Methods C2f_

CMUNeXtB

MSAA Shape-

IoU

F1-Score

(%)

mAP50

(%)

mAP50-95

(%)

YOLOv10s + Shape-IoU ✗ ✗ ✓ 92.80 95.90 78.90

YOLOv10s +
C2f_CMUNeXtB +MSAA

✓ ✓ ✗ 93.44 95.90 79.30

YOLOv10s +
C2f_CMUNeXtB +

Shape-IoU

✓ ✗ ✓ 93.69 96.00 79.10

YOLOv10s +MSAA +
Shape-IoU

✗ ✓ ✓ 93.80 95.90 79.30

CMS-YOLO ✓ ✓ ✓ 94.20 96.20 79.60

“✓” indicates that the componentwas introduced into themodel, and a “✗” indicates that the component

is excluded from the model. When C2f_CMUNeXtB, MSAA, and Shape-IoU are respectively introduced

into the baseline network, the model’s precision either slightly decreases or increases, but the improvement

of mAP50 is signi�cant, suggesting that these modules or methods play a positive role in improving the

model’s detection accuracy.When the C2f_CMUNeXtB andMSAAmodules are introduced simultaneously,

themodel’s performance is signi�cantly improved,with F1 − score,mAP50, andmAP50-95 of 93.44%, 95.9%

and 79.4%, respectively.�is demonstrated that these twomodules working together can capture the features

more fully and have a synergistic e�ect on the model’s performance. In addition, performance is further

improved by introducing MSAA and Shape-IoU simultaneously. Ultimately, the integration of these three

components into the model achieves the highest performance, highlighting the signi�cant contributions of

C2f_CMUNeXtB, MSAA, and Shape-IoU. Each of these elements positively in�uences the model’s detection

capabilities and their combined interaction results in optimal performance.

Table 8 presents the results of the evaluation metrics of the model with various parameter settings.

As can be seen from the table, the F1 − score, mAP50, and mAP50-95 of the model are enhanced as the

Batch size increases, and the model presents optimal performance when the Batch size is 16. However, in

general, the change of each metric is small when the Batch size changes. �is may be attributed to the fact

that the Batch size mainly a�ects whether the gradients can stably and accurately re�ect the direction and

magnitude of themodel parameter updates during training. However, under the data distribution andmodel

architecture employed in this experiment, this stability has a limited impact on the model performance,

indicating that the e�ect of Batch size on the model is weak. When the value of lr0 is 0.01, the performance

of each metric is excellent. �e �uctuation of the metrics is signi�cant under di�erent values of lr0, which

may be because the learning rate directly a�ects the convergence state of the model. When the lr0 is set too

large, it causes the model to skip the optimal solution and be prone to over�tting. Conversely, when it is

too small, it leads to slower convergence of the model. �is indicates that the model is more sensitive to

the lr0. With di�erent optimizers, there are noticeable di�erences in each metric. �e model achieves the

best performance across all metrics when using the SGD optimizer, indicating that the SGD optimizer can

update model parameters more e�ectively and �nd the optimal solution in this study. �is demonstrates

the model’s high sensitivity of optimizer selection. �ese results highlight the critical roles of Batch size,

lr0, and optimizer in optimizing metrics such as F1 − score, mAP50, and mAP50-95, and improving the

model’s overall performance.�erefore, in practical applications, appropriate parameters should be selected

according to the speci�c data distribution and task requirements.
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Table 8: Results of di�erent parameter settings

Metrics

F1-Score (%) mAP50 (%) mAP50-95 (%)

Batch size

8 92.14 95.00 78.10

16 92.89 95.20 78.60

32 92.14 94.80 78.00

lr0

0.1 92.09 94.80 77.50

0.01 94.10 94.80 78.60

0.001 92.63 92.30 77.60

Optimizer

Radam 91.09 94.30 75.50

NAdam 90.81 94.20 75.30

AdaGrad 92.69 94.30 75.90

Adam 91.90 94.50 76.90

SGD 93.15 95.20 78.70

4.4 Grad-CAM Visualization

Visualizationmethods provide insight into the internal workings of amodel, facilitating an understand-

ing of how the model makes predictions and enhancing model transparency and trust. Gradient-weighted

ClassActivationMapping [36] (Grad-CAM) is a commonmethod for explainingmodel decisions. It operates

by assigning weights to the featuremaps of a convolutional layer based on the gradient of the target class with

respect to the �nal output. �is enables Grad-CAM to generate a class activation map that highlights the

regions of the input image upon which the model focuses when making class-speci�c predictions, thereby

o�ering insight into the model’s decision-making process.

Fig. 13 shows the original images and the Grad-CAM visualization results of glioma, meningioma,

pituitary tumor, and no tumor.�emodel frames out the lesion area and highlights it in red when it identi�es

a tumor. �e algorithm identi�es the entire brain region as healthy when no lesion is seen in a tumor-free

picture. �is visualization method provides an intuitive representation of how the model focuses on image

regions and identi�es di�erent brain tumors. �is enhances physicians’ understanding of how the model

makes decisions. It serves as a valuable diagnostic aid, supporting more accurate clinical assessments.

Figure 13: Visualization results
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5 Conclusion

In this study, we propose the CMS-YOLO algorithm, which is speci�cally designed to identify brain

tumors in MRI images. �is method is capable of accurately localizing brain tumors and reducing the

occurrence of false positives and false negatives, which are caused by the complex background and the

diversity of brain tumors in morphology and size. Redesigning the C2f module to more e�ectively capture

global context information, which helps to extract deeper lesion region features. By incorporating theMSAA

module to aid in the fusion of multi-scale features in terms of both channel and spatial dimensions, the

algorithm enhances the model’s capability to handle complex backgrounds and improves the extraction of

features from small targets, thereby increasing the model’s detection accuracy.�e Shape-IoU loss function

takes into account the impact of the bounding box’s shape and scale on its regression when it is introduced,

addressing the missed detection rate caused by di�erences in the morphology and size of brain tumors.

�is enhancement signi�cantly improves the model’s precision and robustness in detecting and localizing

brain tumors. Experimental results demonstrate that the algorithm’s precision and recall reach 94.80% and

93.60%, respectively, and it attains a mAP50 of 96.20% and a mAP50-95 of 79.60%, �ese values surpass

those of other state-of-the-art methods, and the enhancement of these metrics highlights the e�ectiveness

and generalization ability of the proposed method for detecting brain tumors in MRI images.

In clinical decision-making, the interpretability of the model is particularly important. �is study

utilizes the Grad-CAM visualization method to explain the model’s decision-making process, facilitate the

researchers’ understanding of the model’s internal operation mechanism, and provide doctors with a basis

for informed decision-making. �ese results show that the proposed model not only achieves faster and

more accurate detection of brain tumors but also assists doctors in early diagnosis in practical scenarios,

thereby reducing diagnostic time.�is can help to speedup the treatment process and gain valuable treatment

time for patients in critical condition. Although CMS-YOLO shows better results in achieving fast and

accurate detection of brain tumors, there are still some limitations in this study. Regarding the dataset, various

categories have been considered comprehensively. However, the number of brain tumor categories it covers

is still few, making it challenging to cover the diversity of brain tumor features comprehensively.�is limits

the model’s ability to learn and recognize various types of complex brain tumor features to a certain extent.

As the YOLOv10 algorithm requires high computational resources in its structural design, it inevitably brings

about a more signi�cant consumption of computational resources when making further improvements to

the model. Meanwhile, in terms of research resources, the performance of the hardware devices is limited

and unable to support large-scale data-parallel computing.

In future studies, (1) further exploration of the model’s detection performance on more categories of

brain tumors is planned, especially brain tumors with complex features and blurred edges; (2) exploring

advanced lightweight fusionmodels.�is has an opportunity to decrease the number of network parameters

and enhance the capability to capture complex features. Additionally, introducing a broader range of

diverse datasets to improve the model’s generalization capacity and performance; (3) Conduct further

clinical validation of the model to test its reliability and generalizability in di�erent clinical settings, thereby

providing reliable support for clinical diagnosis and treatment.
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