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ABSTRACT: Brain tumors are neoplastic diseases caused by the praitieraf abnormal cells in brain tissues, and
their appearance may lead to a series of complex symptoms.\Hoyveeirrent methods struggle to capture deeper brain
tumor image feature information due to the variations in braimtor morphology, size, and complex background,
resulting in low detection accuracy, high rate of misdiagnasid underdiagnosis, and challenges in meeting clinical
needs. erefore, this paper proposes the CMS-YOLO network aed for multi-category brain tumor detection,
which is based on the You Only Look Once version Oy (YOLOvOysittaty is model innovatively integrates

the Convolutional Medical UNet extended block (CMUNeXt Bipt¢o design a brand-new CSP Bottleneck with 6
convolutions (Cof) structure, which signiscantly enhancesdbdity to extract features of the lesion area. Meanwhile, to
address the challenge of complex backgrounds in brain tumeradietn, a Multi-Scale Attention Aggregation (MSAA)
module is introduced. e module integrates features of lesioasdiSerent scales, enabling the model to eSectively
capture multi-scale contextual information and enhance d@taecaccuracy in complex scenarios. Finally, during the
model training process, the Shape-loU loss function is engadg replace the Complete-loU (CloU) loss function for
optimizing bounding box regression. is ensures that the pretéd bounding boxes generated by the model closely
match the actual tumor contours, thereby further enhancing thediéon precision. e experimental results show that
the improved method achieves A¥.—y% precision, A¢.ay¥%A8cay%mAP y score, and PA.ay¥hAP y-A on the

MRI for Brain Tumor with Bounding Boxes dataset. Compared to ti©vOys model, this represents improvements
of 0.y%, 0.0%, O.y%, and O.0%, respectively. e method esaudohiatic detection and localization of three distinct
categories of brain tumorsbglioma, meningioma, and pituitammor, which can accurately detect and identify brain
tumors, assist doctors in early diagnosis, and promote tiveld@ment of early treatment.
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O Introduction

Brain tumors are diseases with a high mortality rate that ttgvas a result of cell-specisc lesions in
brain tissue (). According to the latest statistics, the number of deaths cdbgédrain tumors has increased
by ¢cyy% in the past three decades. In 0y00, 0¥—,cyy deatigd@ngly new incidents of malignant brain
tumors occurred worldwided]. In the same year, the number of brain tumor deaths in China vég&yy,
while the number of incident cases was —b, yy. e mortalitygsamong males and females were ¥.¢c— and
large morbidity and mortality data rezect the diversity acmmplexity of brain tumor types. Common brain
tumors include meningioma, pituitary tumors, and nerve sheatmors. According to the factors of tissue

origin, cell morphology, and biological characteristicsaibrtumors can be classieed as either benign or
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malignant. Most benign brain tumors are smallin size and gstowly. When they are in key functional areas,
they can compress surrounding tissues such as blood vesselsrard atan early stage. Additionally, some
of these tumors exhibitinvasive characteristics. Malighamiors not only compress the surrounding tissues
but may also spread through the cerebrospinal zuid and other wagsect the function of other bodily
components, inducing a series of complications and endangénmgives of patients{. Consequently, the
prompt discovery and accurate positioning of the lesion regitay a vital role in the subsequent diagnosis
and treatment of brain tumors. Among the traditional brain temdetection methods, Magnetic Resonance
Imaging (MRI) can help identify the presence, location, ane sizbrain tumors due to its high resolution
and soY tissue sensitivity, which allows for the detailedaligation of subtle changes in brain structuré [
However, MRIimages struggle to accurately distinguish brain tuth@tresemble surrounding brain tissue.
Additionally, its diagnostic accuracy relies on medical eipe and physicians' experience, and the time-
intensive analysis process can easily result in misdiagnosigseed detection.

Artiscial intelligence (Al) methods are demonstrating sigoant potential in the medical «eld and are
profoundly changing the traditional medical model. For exade; the 2Chest CT Intelligent ¥D Imaging
System® developed by Zhejiang Provincial People's Hospitalldh the way in realizing the practical
application of Al technology in medical imaging in Chinahlas signiecantly improved the e>ciency and
accuracy of lung nodule detectiog][ In terms of medical system construction and intelligent diagis,
the Al hospital established by Tsinghua University wiltigaily set up an Al hospital system. In the future, it
will construct an ecological closed loop of 2AMedicine Education Research® In addition, the internal
testing system of 2Bauhinia Al Doctor® developed by the teas heen oscially launched. ere are ¥0
Al doctors from various departments in the system, covering @y types of diseases. It helps doctors
reduce their workload and improve work e>ciency, thereby cobuting to the improvement of diagnosis
and treatment quality and the reduction of the misdiagnoste fa]. e application of these Al systems
also integrates the latest medical research, clinical gnafeland individual patient data to provide doctors
with evidence-based medical support to assist complex trettdecisions{J: Consequently, the utilization
of sophisticated Al methods to facilitate the rapid and preaietection of brain tumors is of signiecant
research value.

Over recent years, Deep Learning (DL) techniques have madéthreughs in the ¢eld of medical
image processing, particularly in lesion region segmemtidth, O, disease classiscatiol[Of; and disease
detection P+£0]. ese technologies allow the automatic extraction of fesies and information from image
data, thereby assisting physicians in clinical diagnosis.nigt only alleviates the work burden of physicians
but also substantially enhances the accuracy and esciency oficaédmage analysisf DL methods
can automatically extract features related to brain tumorsbglyzing brain MRI images. erefore, key
information such as the shape and size of the brain tumor isiobth A DL network architecture can be
constructed using the extracted features, which allows theiggédentiecation of brain tumors in unknown
MRIimages and the further classiscation of the type of brain turfiol e implementation of brain tumor
diagnosis tasks based on DL methods can be divided into sagtiun, classiecation, and detection. In
previous studies, Tian et aD}proposed a fully automatic multi-tasking brain tumor segmtation network
based on multi-modal feature reorganization and scale crgsaitention mechanism. is framework not
only takes into full consideration the complementary and glabinformation between modalities but also
automatically learns the attention weights of each mogdétacquire more targeted lesion features, thus
improving the accuracy of brain tumor segmentation. Ghazowsral. [OJutilized a three-dimensional
enhanced local self-attention (¢D ELSA) transformer blozlehhance the local feature extraction. ey
proposed a three-dimensional (¢D) brain tumor image segragoh network based on an ELSA Swin
transformer for the erst time, which achieved a Dice score abP% and an average Hausdor$ distance of
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—.AA mm. Nevertheless, the stacking of multiple modules reajodse the model's interpretability and
cause it to fail to meet the actual scenarios. Li et@l] inserted multilevel residual blocks between the
encoder and decoder of the U-Net network and incorporated thenetel attention mechanism. As a result,
they put forward a multi-scale deep residual convolutionaural network, which is designed to enhance
the precision of brain tumor segmentation. e problem of braitumor segmentation in three-dimensional
Magnetic Resonance Imaging (¢D MRI) images was solved. Howteenumber of samples that could
be used for brain tumor segmentation was small at that timel #ire model generalization ability was
not verieed.

In order to solve the problems of insu>cient feature extracti@bility of traditional models and
weak model generalization ability due to the variability betdataset, Wu et al.o[p combined the
federated learning framework, improved residual netwarkg convolutional attention module to propose
the FL-CBAM-DIPC-ResNet model for brain tumor classiecatidy implementing a lightweight network
MobileNetVo for feature extraction, a single model dedidatethe brain tumors' hierarchical classiecation
was suggested by Sankar etai][ is was aimed at overcoming the problem of classifying variegrades
of brain tumors due to their diSerences in size, shape, and ositt achieved classiscation accuracies
of AA—b% in binary classiecation and AA.c—% in muliilassiscation, respectively. Nassar et al [
introduced an eSective method for classifying brain tumorsdzhsn a hybrid mechanism of majority voting.
e method precisely identiees three categories of brain tun®by applying a majority voting operation to
the outputs of eve pre-trained models. However, the brain mmdata samples used for training are small
in number, and a sample imbalance problem exists. Moreoverntbdel structure and decision-making
process are relatively complex, making it di>cult to intuitilyeexplain how the model makes decisions, which
is not conducive to the doctors' understanding of the basis ohtieglel's judgment.

Utilizing DL techniques for the segmentation and classiratof brain MRI images enables the rapid
identiecation of brain lesions within the images. is aids dators in formulating more precise diagnoses and
improves diagnostic e>ciency and correctness for medicalgitaoners. Nevertheless, neither of these two
tasks is capable of precisely identifying the location ofrbtamors. On the contrary, the detection task is
capable of not only identifying the presence of a brain tumathi@aimage but also accurately pinpointing its
location, thereby enabling the classiecation and locdioraof brain tumors. In arelated study of brain tumor
detection using traditional Convolutional Neural NetworClIN) and Transfer Learning (TL) methods,
Ge et al. p] proposed a novel unsupervised learning dual-branchingieavork, Double-SImCLR, which
can simultaneously process MRI and computed tomography (CTpasao achieve multimodal feature
fusion and solve the low diagnostic accuracy associated wittesinodality images. e method obtained
A0.¥a% accuracy and A¢.ya% FO-score. Hossain dtainsidered the detection and classiecation of multi-
category brain tumors and proposed the use of TL model intégndo obtain the integrated model IVXOA3,
and used the Local Interpretable Modeling Algorithm (LIME) terify the eSectiveness of the proposed
model. e experimental results show that the classiecati@ccuracy of the integrated model is A4.A¥%,
indicating that the method can eSectively avoid the oventt problem. However, developing integrated
models with TL methods usually requires training multipleseanodels, which can substantially increase
training time. G<rsoy et al. p&] proposed a fusion deep learning model Brain-GCN-Net by corimg Graph
Neural Networks (GNN) with CNN. It can capture global and logdgbrmation, and more comprehensively
analyze the intricate features within brain tumor images, ewinig a classiscation accuracy of A¢.8—%.
However, this method has poor performance in detecting stoatlors and brain tumors that are similar to
the surrounding tissue.

In addition to CNNs and TL methods, object detection algbnits, through end-to-end training, can
directly localize and classify brain tumors, providing a napproach to the brain tumor detection task.
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Kang et al. pH proposed a Reparametrized Convolutional YOLO architestiRCS-YOLO, which extracts
richer features and signiscantly improves the precisenedsapidity of the model in detecting brain tumors.

is is achieved by designing a Reparametrized convolutidnaleg (RCS) module and a practical one-
shot aggregation module (RCS-OSA). As a result, the detetitianis signiecantly reduced. Nevertheless,
it does not work well when dealing with complex background iesdChen et aloHproposed the YOLO-
NeuroBoost model for brain tumor detection, which combines ¥@LOv— network with the dynamic
convolutional KernelWarehouse, Convolutional Block Atien Module (CBAM) technique. Moreover,
instead of the Complete-loU (CloU) loss, it applies the Ini&eneralized loU (Inner-GloU) loss function
to calculate the bounding box loss. However, the detectiacess inferior for intricate backgrounds, such
as those with high noise and low contrast. Costa Nascimentd. §0/4 proposed a novel generative Al
approach based on the concept of synthetic computing cells cardbivith YOLO detection, which can
detect, segment, and classify brain tumorse experimental results demonstrated that this method adse
an accuracy of more than A % in region detection, segmentgaéiod classiecation of brain tumors. However,
the method is ineSective in the complex case where the brainotuisi located at the edge of the image.
Muksimova et al. §y] proposed an entirely novel brain tumor detection method,igfhintegrates the
enhanced spatial attention (ESA) layer into the YOLOv m mioehelp enhance the model's ability to
distinguish brain tumors. Experimental results show that thethod obtains Ad% precision and —b.—% recall,
respectively, highlighting the transformative potentifldeep learning in the medical +eld. However, the
dataset used for the model is relatively homogeneous anchtidel's generalization ability is poor.

Currently, most brain tumor detection methods, whether trtgmhal CNN methods, TL methods, or
target detection algorithm applications, have their lintibas. In particular, detecting brain tumors with
varying shapes and sizes faces challenges, including higghdasitive and false negative rates, and poor
real-time performance. Additionally, some brain tumors areiar to the characteristics of the surrounding
tissues or other lesions, which leads to increased discultdétection. YOLOvOY (Jretains the advantages
of the previous You Only Look Once (YOLO) model, suggested theitrgistrategy without Non-Maximum
Suppression (NMS), and improved the driven moduleis improvement signiecantly enhanced the model's
comprehensive capacity in terms of eSectiveness and perfuzeyavercoming the limitations of detection
speed and accuracy in identifying brain tumorserefore, this paper proposes a YOLOvOys-based improved
model, CMS-YOLO, for the detection of brain tumors.e model can more eSectively extract features of
brain tumors in the presence of complex backgrounds, thanks ¢oirtiprovements in feature extraction
and fusion. Furthermore, the proposed approach not only eries the detection speed and precision but
also enables real-time detection of various brain tumor types model helps doctors identify brain tumors
quickly and accurately, thereby improving diagnostic accuracieaciency.

e main contributions of this paper are as follows:

Introducing Convolutional Medical UNet extended block (CMWXt Block) in the backbone of the
YOLOvOys model innovatively proposes the Cof_CMUNeXtB eddenhance the model's extraction
of global context information.

Add the Multi-scale Attention Aggregation (MSAA) module tbe neck to enable the model to achieve
multi-scale fusion of brain tumor features, thereby enhandhmgmodel's capability to handle intricate
backgrounds and reduce background interference.

By replacing the conventional bounding box loss with the Shighéloss function, the model is enabled
to prioritize the size and shape of the bounding box, theratilyamcing the accuracy of bounding box
regression and the detection of small tumors.

e paper is organized as followss clariees the dataset and evaluation metrics utilized in
this research, and details the data processing methigdsion cdescribes the framework of the proposed
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methodology.Section ¥elaborates on the parameter settings for model trainingcidiess the training
process of the proposed model, and presents a comparison wath-af-the-art algorithmsSection
provides a detailed overview of the research conclusiorsttam limitations of this study, and examines
possible directions for future investigation.

0 Materials and Methods

In this section, we will describe the dataset used in this stimydata processing methods employed,
and the various evaluation metrics used to assess the mpddtgmance.

0.0 Data Sources

e aMRI for Brain Tumor with Bounding Boxes® dataset was acquiredhfiéaggle to validate the
performance and eSectiveness of the modek dataset acquisition link is as followstps://www.kaggle.
com/datasets/ahmedsorourO/mri-for-brain-tumor-with-boungiboxes(accessed on 0y June 0y0 ).e
dataset comprises O¥A axial, coronal, and sagittal brain MRb#s with detailed annotations of tumor
types, locations, and sizes, which are oYen used for the aéohdetection and classiecation of brain
tumors for research. Comprising three types of brain tumor iesgylioma (O6—A images), meningioma (O —A
images), and pituitary tumor (O ay images), along with norim@in images (—yA images). Additionally,
these images were partitioned into a training set includibgl¥ images and a validation set containing 00
imagesFig. (displays the sample diagram of the dataset.

Glioma Meningioma No tumor Pituitary tumor

D

Figure O:Sample plot of the dataset

0.0 Data Processing

In this study, the dataset was processed using data screemitzgnormalization, and data division to
enhance the quality and diversity of samples and improve tbhdels capability to handle unknown data.

(O) Data screening: e dataset is screened to ensure its quality and annotation @ien#ss.
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(0) Normalization: ere are great diSerences among features in the dataset, wdridmpact the model
training. erefore, before training the model, it is crucial to normalike tata to adjust the feature
values of various dimensions to similar rangesis process ensures the model's stability during
gradient updating in training and improves the model's pgrhance. e Min-Max normalization
method is adopted, and its expression is show#a in

X Xmi A

Xnorm — 7 O)

Xmax Xmin
In this context xnorm represents the normalized dataindicates the initial datagm ax andXmin indicate
the maximum and minimum values in the dataset, respectively.

(¢) Datadivision: Although the initial dataset was splitard training set and a validation set, the number
of samples in the validation set is too small to demonstrate khe model performs with unknown
data. ereisalso arisk of insu>cient generalization ability and osteng.  erefore, considering the
model's training needs, the dataset is divided into an -tioo 8peciscally, —y% of the data is designated
for the training set, while 0y% is allocated for the validatset.

Following the data processing described above, two imagheuwtiannotations were excluded, and the
enal training set consists of ¥O¢P images, while the validagt contains OO0y imagese Shows the
distribution of the brain tumor dataset.

Table O: e distribution of the brain tumor dataset

Class Training set Validation set Total
Glioma OyOA oby Oo—A
Meningioma Ooapb cO0 O —A
No tumor ac¥ Op —vyA
Pituitary tumor OodPp C¥C O ay

0.¢ Evaluation Metrics

Utilizing metrics such as a confusion matrix, precision, redad scoreand mean average precision
(mAP) for assessing the eSectiveness of the suggested brain twetentibn approach.

e confusion matrix, also known as the classiecation matrexyges to assess the model's classiecation
capabilities, clarify the relationship between the actabéls and the predicted outcomes, and help under-
stand the model's performance across various categoriemitrcategorization problems, each cell in the
confusion matrix represents the number of samples that areadlgtin one category but are predicted to
be in another. AYer normalizing the confusion matrix, each mgresents the proportion of samples that
are actually of one class but predicted to be of another claghis way, the classiecation accuracy can be
obtained intuitively to evaluate the model's performance.

Precision P) denotes the ratio of true positive samples to all the sampiedicted positive by the
model. It aims to evaluate the model's ability to identifairtumors accurately. e higher the precision, the
lower the false positive rate. Rec#) (efers to the portion of true positive samples that the maatmlurately
recognizes among the overall amount of actual positive samipie used to measure the comprehensiveness
of the model in detecting brain tumors. e higher the recall, the lower the false negative rateFO score
indicates the harmonic average of precision and recall, lwvka&es bothP and R into comprehensive
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consideration and is used to balance the relationship betwleem. e calculation formulas of these three
indicators are shown i *

TP

TP Fp ©)
TP
R —M
TP FN ©)
FO-score o P R (¥)
P R

In the above formulaT P (True Positive) denotes the number of samples that are coyrgeddicted
as positive and are positivEP (False Positive) is used to rezect the false detectiontgituaf the model,
which denotes the number of samples that are forecasted @&/pdmit in fact negative- N (False Negative)
rezects the miss-detection situation of the model, whichrespnts 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 theihontal axis and precision on the vertical
axis, providing a graphical evaluation of model performaaceoss varying threshold settings. Average
Precision AP) is deened as the area under the P-R curve, where higher valusB iridicate better average
precision of the model. e calculation oAP is shown in

O
AP s, P'RedR 0

e mean Average Precisiom@P) is obtained by taking the average of tA® values throughout
all categories, as illustrated in ) IS metric assesses the algorithm's average performancen\aith
categoriesnAP Yy is deened as than AP value when the Intersection over UniotoU) threshold has been
setaty. .mAPy-A represents thanAPwhen theloU threshold ranges from [y. , y.A ].

N
P AP;
mAP ©° a
N (@

where,N refers to the number of categories.

¢ Methodology

In this section, we will analyze the overall structure of the laghd the various methods employed
within it.

¢.O Overall Model Structure

and c illustrate the simplised structural diagram of this study anket basic framework of
the model proposed in this paper. Moreovéig. ¢further illustrates the detailed diagrams of each part
presented iri ) presents the internal structure of each module in the modek model is further
improved using the YOLOVOys algorithm, comprising three priyparts: the Backbone, Neck, and Head.
ese diSerent parts are responsible for feature extractieatufe fusion, and target classiecation and
localization, respectively.

e CMUNeXt Block is introduced in the CSP Bottleneck with 6 Countiohs (Cof) at the Backbone
stage, and the Cof CMUNeXtB module is creatively suggestedCMUNeXt Block adopts large kernel
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separable convolution to extract global information, adasiag the network's challenge of capturing global
information by fully extracting and mixing the long-range sigdlocation information in brain tumor images
with the fewest possible parameters.

Data processing Backbone Neck

Figure 0: Simplised diagram of the research methodology

Internal structure diagrams of Conv, SCDown, and
vi0Detect modules

Backbone Neck Head
|m T T T T T T T T 1 [r—————====-- |
| PSA C2fClB  —L» viODetect |
I Ly [ [
I ? I : | |
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| I |l I
I f I |1 I
| cafciB | > Concat ¥ |
|
S N — b | :
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I I |
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I [
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| ' v Il |
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|
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I Iy I [
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: Conv : | Conv2d :
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Figure ¢: e overall architecture of the CMS-YOLO model
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e Conv. —>» MaxPool2d —> MaxPool2d —> MaxPool2d
Concat
Conv
SPPF +
PSA b
- Conv —-» MSHA Conv —» Conv Concat —» Conv —p
A
DWConv Conv DWConv Conv DWConv
> 33 11 3x3 11 > 33 .
CiB
Bottleneck Bottleneck
Shortcut=True Shortcut=False
Conv 3x3 — Conv 3x3 —p—1+» —» Conv3x3 —>» Conv3x3 —>p
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T 1
—» Conv —» Split -» CIB —» CIB —» - —» CIB —» concat —» Conv —»

I | )

n

C2f

I 1
—» Conv —» Split —» Bottlfnec o e Bottlkenec —— concat —» Conv —»

I | ‘Y

Figure ¥: e internal structure diagram of each module

In the Neck stage, the MSAA module is introduced before the iad feature layer to conduct reened
processing on the features obtained through concatenatiors. helps address the desciencies in feature
extraction and fusion, reduces background interference, arteces the algorithm's capacity to process
intricate backgrounds.

During the Head stage, the Shape-loU loss function is emplayeabling the model to learn the target's
shape characteristics more accurately by focusing on the bogrdix's size and shape.is process enables
the model to focus on the core region of the brain tumor, theraby only improving its anti-interference
ability but also enhancing its capacity to detect brain tumargiricate scenarios and its robustness.

¢.0 Cof CMUNeXtB Module

In CMUNeXt Block [, the conventional convolution is replaced with Depthwise €olation (DW
Conv) and Pointwise Convolution (PW Conv). e CMUNeXt Block srst adopts the DW Conv with a large
kernel to extract the global information of each channel.eAthat, two PW convolutions are employed
to realize that the number of channels initially increases smbisequently decreases, thereby establishing
an inverted bottleneck structure. is structure enables the comprehensive combination of spatidl a
channel information, realizing the e>cient extraction ofaal context information. e overall process is
represented asgs. (PH(A):
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fo BN "DWConv ass a (P)
fs BN~ "PWConv faes =)
Y BN~ "PWConV fyees (A)

wherea is the output of the previous layeY, is the output feature map of CMUNeXt Block,is the GELU
activation function layer, an8N represents the Batch Normalization layBiW Convis the DW convolu-

tion, andPW Convis the PW convolution! illustrates the structure of the Cof_ CMUNeXtB module.
4‘ Shortcut=True
Cin=Cout %
DWConv2d Conv 1x1
kxk group=Cin Conv 3x3
% l ——  spiit
GELU+BatchNorm CMUNeXt Block Bonle:eck_c -
MUNeXtB
v
| Bottleneck_C
PWConv2d 1x1 MUNeXtB ]
v v
Shortcut=False
GELU+BatchNorm Bottleneck_C
+ MUNeXtB
PWConv2d 1x1 Conv 3x3 v
v % L concat
GELU+BatchNorm CMUNeXt Block Conv 1x1
v v v

() (b) (c)

Figure : e diagrammatic illustration of the Cof _CMUNeXtB module ands related componentsa)illustrates the
structure of the CMUNeXt Block.b) displays the overall layout of the Bottleneck_CMUNeXtB miedi(c) exhibits
the structural diagram of the Cof_CMUNeXtB module

As an essential part of the YOLOvOys network, the Cof modaleles the network to handle complex
brain tumor MRI image features by extracting and transformingdess through operations of feature
transformation and fusion. e Cof_CMUNeXtB module is proposed by introducing the CMUNeXtdglo
to improve the Bottleneck structure, which reduces the numberedivork parameters and the computation
while enhancing the model's capacity to extract the globalexdribformation from brain tumor MRIimages
and enriches the expression of features.

¢.¢ MSAA Module

e MSAA module is recognized for its capacity to fuse featureggingascales and for its exceptional
capability to handle complex backgrounds]} On the other hand, the YOLOvOys model is inadequate at
extracting *ne details from complex scenes, resulting in aeaee in detection performance. Given this, the
MSAA module is added to compensate for the insu>cient feature agtion and information fusion inside
cross-layer spliced features.

MSAA aims to enhance the model's capability to identify and coghpnd image details by combining
various scale features! presents the structure of the MSAA module. It consists of two bhes:
spatial and channel. In the spatial resnement path, the numifechannels is rst reduced through a G
convolution kernel, and then the results of three convoluianith diSerent sizes are summed up. Finally,
a series of spatial feature aggregation operations are danute  rough the above operations, multi-scale
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information fusion is achieved in the spatial dlmen5|one extraction and fusion process of features in the
spatial path can be expressed-as and

YO £ f x@ f o xGe fPf XGe (©y)
YO £9% . %P Womax ¥ TZ77 ©0)

where™ and a stand for denotes pixel-by-pixel summation and muItiplical;icrespectivelyYOis the

multi-scale fusion outputy is the spatial dimension fusion output, anx@ is the input featuré, denotes

O O convolution operatiorf, f and f® denotes convolution layers with kernel dimensions of g,
and b b, respectivelyaxis the maximum pooling, and is the Sigmoid activation function. During

this process, leveraging spatial reenement path to perfonwegghted integration of spatial features in the
feature map.

CoxHxW
g —» Conv2d 3x3 E 1xHxW Z CixHxW
v
——» & —1—» Conv2d 5x5 Ly Maxpool -  —» sigmoid < D—>
CyxHxW z z z C xHxW
(e} (e} o
© L—» convad 7x7 © ©
Multi-scale Fusion Spatial Dimension Fusion &) Multiply
B Add
x x
L» AvgPool —p B — »3—» RelU —» 3
g
o

Cix1x1

Conv.

Cix1x1
Channel Dimension Fusion

Figure &: e structural chart of the MSAA module

On the channel aggregation path, the feature map dimensigriaktst reduced using average pooling.
Subsequently, the channel attention maps are generated asivolution and Rectieed Linear Unit (ReLU)
activation functions, thereby enhancing the features of theigieted channels. e aggregation on the
channel path is shown i&

Y6 f %o%h ng X OZZZ (00)

whereY¢ is the channel dimension fusion output feature mBg,qis the average pooling, ands the ReLU
activation function. AYer multipath processing, the outpatifure maps of the channel aggregation paths
and the output feature maps of the spatial resnement brancaresdused by multiplication, and the overall
calculation of the MSAA module is shown in

Y x %°aY$Z (Oc)
By utilizing the MSAA module to fuse features at diSerent sgallee feature characterization ability is

enhanced, and the background interference in MRI images is reducasd, the model's capacity to recognize
tumors of various sizes is signiecantly enhanced, as is itfopmance in detecting brain tumors.
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¢.¥ Shape-loU Loss Function

e target detection loss consists of classiscation lgsg &nd bounding box regression lodg.g). l¢is
is used to evaluate the diSerence between the predicted andlaategories. Meanwhilkeg is utilized to
measure the positional discrepancy between the predictedGandnd Truth (GT) boxes. In YOLOvOys,
thelgsis computed using the binary cross-entropy loss (BCELoss}ifamavhich helps address a situation
of class imbalance in the datasete l;¢q is calculated using the Complete-loU (CloU) loss. Howetles,
lreg based on loU usually only focuses on the geometric correldietween the GT box and the anchor
box. is approach calculates the loss by considering the relatisipns and forms of the bounding boxes
while neglecting the impact of intrinsic attributes thatashcterize the bounding boxes themselvess
results in an inability to adaptively adjust to diSerent detors and detection tasks in practical applications
and also leads to poor model generalization abilityis paper considers replacing the CloU method with

Shape-loU {¥] for calculating thel g, illustrates the description of Shape-loU.e formula for the
computation of the Shape-loU loss function follows *
B9 BI'S A
loU ——— O¥
B8 BI'S (©¥)
o “wote® o
W oS s ©)
N ~ hgt.S A
hh —o (©a)

“wote® “hgte®

%6c xthO %y ythO
— —  ww —

Dshare  hp \ (Opb)
c° (o
shape Q O e Wt.l’ 1 ¥ (C)—)
t w,h
I—Shape-loU o loU Dshape y shape (OA)

whereB9' andB denote the GT box and the prediction box, respectively.lséstale factor, which is related
to the proportion of targets in the dataset9! andw are the widths of the GT box and the Anchor box,
respectivelyjh9tandh are the heights of the GT box and the Anchor box, respecti?mg}, yS ‘s and"xe, Ye®

are the center coordinates of the GT box and the Anchor box,aeyely. e value ofww andhh, which
represent the horizontal and vertical weight coe>cients,gestively, are contingent upon the geometry of
the GT box. e value ofl determines the importance of the shape cost, and the value gb#nemeter is

in the range of 0 to a.

—w——>
P |
. h
T (Xc,yc)
h® o b%
l ()
———— wi————p|
GT Anchor

Figure b: e diagram of the GT Box and Anchor Box in Shape-loU
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Shape-loU raises the precision of regression with boundingbdy concentrating on their size and
shape during the loss calculation.is method signiecantly increases the accuracy and e>cacy of tumo
detection in MRI images by reducing background interference.

¥ Experiments and Results Analysis

Following a description of the dataset used and the relateuitigues, this section focuses on analyzing
the experimental results. Speciecally, we will elaborat¢hendetails of the experimental setup and analyze
the experimental results obtained from the model trainilmgaddition, ablation experiments are conducted
to analyze the role of each component in the model thoroughlg, the visualization methodology adopted
in this study is introduced to present the research results tiveliy.

¥.0 Experimental Setting

is study was conducted on a computing platform equipped with a Winsl OO operating system,
an Intel O¥ayyk processor, and an RTX ¥yay Ti 0¥@graphics card. e code used for the experiments
was in the Python programming language, using the PyTorch deepitegframework. e model training
parameters are presentedin , and the model is trained using the Stochastic Gradient Deg&GD)
optimization algorithm with an output image size of 0000. e initial learning rate (Iry) during training
was O Oy?, and the *nal learning rate (Irf) was y.yO times the Iry. Fardwl training, the Batch size was
set to O&, while the number for training iterations (Epochs) &gy. Model training is conducted on large-
scale dataset rows using pre-trained weight parameterngtimize the model's performance. ese settings
ensure that key features can be eSectively extracted frormthé images during model training while also
taking into account the high demand for computational resourcesriythe training process.

Table 0: Model parameter settings

Parameters Value

Iry 6 Oy
Irf y.yO Iry
Image size 006 00
Batch size Oa
Epochs oyy

Optimizer SGD

¥.0 Experimental Results
¥.0.0 Compare with the Baseline Model

e experiment was conducted using the previously mentionedmater settings, with YOLOvOys as
the Baseline modetig. —displays the normalized confusion matrices of the Baselineehaad the CMS-
YOLO model. e detection results of the Baseline model and the CMS-YOLOainfad various tumor
types are presented in and ¥, respectively shows theFQ scoremAPy and mAPy-A of
the baseline model and the CMS-YOLO model on various typesaitiumors. It can be observed that
the Baseline model achieves classiscation accuracies of feAgiimas, AP.y% for meningiomas, AA.y%
for healthy MRI images, and Ad.y% for pituitary tumors. In cortirtiee CMS-YOLO model's classiscation
accuracy is Ac.yy%, AA.yy%, A—.yy%, and Ac.yy%, respectivebre@omith the Baseline model, the
detection accuracy of the CMS-YOLO model for tumor-free MRI imaugsdecreased by O%, which has a
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relatively small impact on the overall evaluation of the mab&®n the other hand, the detection accuracy for
glioma has increased by ¥%, and the detection accuracies for bertingioma and pituitary tumors have
increased by O%.ese results indicate that the improvement of the networktire by the CMS-YOLO
model signiecantly improves the ability to capture the s@fibatures of brain MRI images, oSering superior
stability and reliability, and enabling more precise detatof brain tumors.

e 10 ’7-— 10
Glioma — 0 0 0 0.34 Glioma — 0 o 0 033

Meningioma — 0 0 [ 0.09 Meningioma —| 0.01 0 0 0.09

No tumor — 0 o [ 0.06 No tumor — 0 0 0 0

Predicted

Predicted

Pituitary tumor 0 0.01 0 0.51 Pituitary tumor —f 0 0.01 0 0.58

Background — 0.1 0.02 0.01 0.08 0 Background —| 0.06 0 0.02 0.07 0

Figure —Normalized confusion matrix.d) e normalized confusion matrix of the Baseline model.bj e
normalized confusion matrix of the CMS-YOLO model

Table ¢: e detection results of the Baseline model

Class P(%) R(%) FGScorg%) mMAPY (%) mMAPY-A (%)
Glioma Ayyy — . —y —b.— Ay.y aA.—y
Meningioma A—by Abyy Ab.—¥ A—.ay —¢.by
No tumor Abby A—Ay A—.cy AA.cy —ay
Pituitary tumor Ay .y _ Ao.y Po.Ay

Table ¥: e detection results of the CMS-YOLO model

Class P(%) R(%) FGScorg%) mMAPY (%) mAPY-A (%)
Glioma AD.oy — .by ——¢a Ao ¥y pO.—y
Meningioma A—Ay Aa.—y Ab.—¥ A—.by —¢.0y
No tumor AAYy Ay A—.ch AA.cy —a.—y

Pituitary tumor —a.Ay AQ.oy —Ayy A¥. ¥y pbc.—y
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Figure A: e comparison results of the Baseline model and CMS-YOLO forrieaus brain tumor detection.
(a) e comparison results of the F@scorebetween the Baseline Model and CMS-YOLO in diderent brain tesndo)
e comparison results of themAP y between the Baseline Model and CMS-YOLO in diSerent braimbrs. €) e
comparison results of themAP Yy -A between the Baseline Model and CMS-YOLO in diSerent bramars

Figs. Oand Ofdllustrate the training processes of the Baseline and the @8O models, andig. Oy
shows the loss changes of the two models. AYer 0yy Epochdethetion performance of both models is
steadily improving. On all three losses, the CMS-YOLO modsllbaer losses than the Baseline model,
indicating that the method's performance has been signitiemproved. It can better <t the training data

and has an increased capacity for generation.

@ (b)

(d) C) (f)

Figure Oy: e loss variation of the YOLOvOys and the CMS-YOLO model) (e bounding box loss of YOLOvOys
and the CMS-YOLO model on the training seh) (e classiscation loss of YOLOvOys and the CMS-YOLO model
on the training set. € e distribution focal loss of YOLOvOys and the CMS-YOLO mdden the training set.
(d) e bounding box loss of YOLOvOys and the CMS-YOLO model on tladidation set.€) e classiecation loss of
YOLOvOys and the CMS-YOLO model on the validation $@t.e(distribution focal loss of YOLOvOys and the
CMS-YOLO model on the validation set
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Figure OOe performance metrics of the YOLOvOys and the CMS-YOLO moda). € precision of the YOLOvOys
and the CMS-YOLO model.bj e recall of the YOLOvOys and the CMS-YOLO modet)(e mAPY of the
YOLOvOys and the CMS-YOLO model) @ mAPY-A of the YOLOvOys and the CMS-YOLO model

Fig. Oshows the performance metrics of the model. As shown in the sgiirean be seen that the
two models exhibit higher volatility during the initial stag of training, However, as the number of Epochs
increases, the model gradually tends to stabilize. Notd#i#yCMS-YOLO model demonstrates marginally
outperforms the Baseline model in terms of both convergeneedand overall performance, indicating a
discernible improvement.

Fig. Odisplays the detection results of the CMS-YOLO model. Cormggitie GT labels brain tumor
MRI images with the model's predicted results, it is evideat the model's predicted results match the real
labeling when it detects these three types of brain tumors,remtimor MRI images, and the conedence
is relatively high. e result demonstrates that the CMS-YOLO model can accurateltify and classify
brain tumors, validating the eSectiveness of the method.
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Figure O0:Model detection resultsaj e diagram of the GT annotation. (b) e results of the CMS-YOLO prediction

¥.0.0 Comparative Analysis of DiSerent Algorithms

is study conducts multiple sets of comparison tests on the datesssl to train the CMS-YOLO
model, verifying the e>cacy of the suggested model on the salagset. e outcomes are displayed
in Table . e CMS-YOLO model achieves a precision of A¥.—y%, which is thmel $eghest among
all algorithms, with a 0% improvement over the original mo#erthermore, the CMS-YOLO model
outperforms all other algorithms in the recaiO scorgandmAP y, achieving values of Ag.ay%, A¥.0y%,
and Aa.0y%, respectively, which are the highest among atitalgs. e mAP y-A of the CMS-YOLO
model is improved by O% compared to the original model, itiigahat the CMS-YOLO model performs
better overall. In contrast, YOLOv and YOLOv— performed, et their recallmAP y and mAP y-A
was lower than that of the CMS-YOLO model.is may be because the change inthe model structure enables
better feature extraction and feature fusion, thereby hgjpincapture the subtle features in the MRI images
more precisely. In addition, the data processing method enbkarhe dataset's quality and avoids problems
such as gradient explosion during model training.

Table : Comparing the results of diSerent models

Model P (%) R(%) FGScorg%) mMAPY (%) mMAPY-A (%)

VGGOa Ay.a  Aya¥  Ayay + +

ResNet y ——.08 ——0A ——.04a * *
E>cientNet —Cc— —Y¥y —Cc— * *
RT-DETR  Acay  —ayy  —Aa¥ — 0.0y be.yy
YOLOvgs  Ad—y bc.oy —O.—¥ —y—y ba.¥y
YOLOvs Ayy  AyAy  AdAy A ¥y b——y
YOLOv—s A¥ ¥y Ad.yy Ac.O0— A .by PA.y
YOLOvVOys Ac.—y Ad.y Ac.0 A .0y p—.by

(Continued)
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Table (continued)

Model P (%) R(%) FGScorg%) mMAPY (%) mAPYy-A (%)
YOLOvVOOs Ad.Ay Ay.ay AO.b¥ A ay pa.Ay
CMS-YOLO A¥.—y Ag.ay A¥.0y Aa.oy PA.ay

e performance results of several research techniques defdxriin tumors are shown ifiable a
e CMS-YOLO model proposed in this study attains the highestipren andFO score and achieves
the second-highest recall, demonstrating the superioritthe CMS-YOLO model. is achievement can
primarily be attributed to:

©) e optimized Cof module can capture more global context infoiomatMoreover, with the addition
of the MSAA module, it can achieve diSerent scale feature fysitnich makes it possible to acquire
more detailed feature information.

(0) Modifying the loss function can improve the accuracy of bomgdbox regression, enhance the
model's adaptability to small targets and complex backgrayadd increase the model's robustness to
shape changes.

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

Study Method P(%) R(%) FQGScorg%)
Ge et al. (0y0¥)( Double-SimCLR Ad.¥a  + Ac.ya
Hossain etal. (0yo¥)[]  Inceptionve VGGOAa Xception b—yy PAyy Pa.yy
GXrsoy et al. (0y0o¥)d4 GNN CNN Ac.ab Ac.a—  Ac.a—
Kang et al. (0yo¢)JH RCS-YOLO Ac.ay A¥.y A¥.yO
Muksimova et al. (0y0 ) ¢V] YOLOvV m Adyy —b—y +
Almufareh et al. (0y0¥)] ] YOLOvP Ac.ay Ay.¥y AO.Ap
Proposed Method CMS-YOLO A¥.—yAc.ay A¥.0y

¥.¢ Ablation Experiment

In order to verify the eSectiveness and role of the introducethponents, and the eSect of diSerent
conegurations on the performance of the CMS-YOLO, a series ottiginl@xperiments were conducted on
the brain tumor dataset. e results of the experiments are shownlable b e evaluation metrics used
includeFO scoremAPY, and mAP y-A .

Table P:Results of the ablation experiment

Methods Cof_ MSAA Shape- FGScore mAPYy mAPY-A
CMUNeXtB loU (%) (%) (%)
Baseline 7 7 7 Ac.0 A .oy p—.by
YOLOVOYs 3 7 7 Ac.O— A by b—.ay
Cof_CMUNeXtB
YOLOvVOys MSAA 7 3 7 Ac.0A A ¥y p—.ay

(Continued)
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Table b (continued)

Methods Cof_ MSAA Shape- FGScore mAPYy mAPY-A
CMUNeXtB loU (%) (%) (%)
YOLOvOys Shape-loU 7 7 3 Ad.—y A Ay p—. Ay
YOLOvOys 3 3 7 Ac.¥¥ A Ay PA.cy
Cof_CMUNeXtB MSAA
YOLOvOys 3 7 3 Ac.aA Aa.yy PA.Oy
Cof _CMUNeXtB
Shape-loU
YOLOVOyYs MSAA 7 3 3 Ac.—y A Ay PA.cy
Shape-loU
CMS-YOLO 3 3 3 A¥.0y Aa.oy PA.ay

a3 °indicates that the component was introduced into the modet] af7° indicates that the component
is excluded from the model. When Cof_CMUNeXtB, MSAA, and Shagpikare respectively introduced
into the baseline network, the model's precision eitherrgligdecreases or increases, but the improvement
of MAPY is signiecant, suggesting that these modules or methods/@ positive role in improving the
model's detection accuracy. When the Cof CMUNeXtB and MSAA nexdare introduced simultaneously,
the model's performance is signiscantly improved, Wit scoremAPyY, and mAP y-A of AG.¥¥%, A .A%
and PA.¥%, respectivelyis demonstrated that these two modules working togetheozgture the features
more fully and have a synergistic eSect on the model's perforce. In addition, performance is further
improved by introducing MSAA and Shape-loU simultaneousltiroately, the integration of these three
components into the model achieves the highest performarigalighting the signiecant contributions of
Cof_CMUNeXtB, MSAA, and Shape-loU. Each of these elemenisyahginZuences the model's detection
capabilities and their combined interaction results in opél performance.

presents the results of the evaluation metrics of the modtl warious parameter settings.
As can be seen from the table, tR® scoremAP y, and mAP y-A of the model are enhanced as the
Batch size increases, and the model presents optimal peaftzenwhen the Batch size is O4. However, in
general, the change of each metric is small when the Batelchemges. is may be attributed to the fact
that the Batch size mainly aSects whether the gradients tailysand accurately reZect the direction and
magnitude of the model parameter updates during training. ldger, under the data distribution and model
architecture employed in this experiment, this stabilityshaalimited impact on the model performance,
indicating that the eSect of Batch size on the model is weakeWthe value of Iry is y.yO, the performance
of each metric is excellent. e Zuctuation of the metrics is signiecant under diSerent valuddrg, which
may be because the learning rate directly aSects the conveggatate of the model. When the Iry is set too
large, it causes the model to skip the optimal solution angimme to overetting. Conversely, when it is
too small, it leads to slower convergence of the modeis indicates that the model is more sensitive to
the Iry. With diSerent optimizers, there are noticeable digaces in each metric. e model achieves the
best performance across all metrics when using the SGD optimizicating that the SGD optimizer can
update model parameters more eSectively and *nd the optisw@ution in this study. is demonstrates
the model's high sensitivity of optimizer selection.ese results highlight the critical roles of Batch size,
Iry, and optimizer in optimizing metrics such &0 scoremAPY, and mAP y-A , and improving the
model's overall performance. erefore, in practical applications, appropriate paramseshould be selected
according to the speciec data distribution and task requirensent
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Table —Results of diSerent parameter settings

Metrics
FGScorg%) mMAPY (%) mMAPY-A (%)
— Ab.O¥ A.yy p—.Oy
Batchsize  0a Ad.—A A .0y p—.ay
co A0.O¥ A¥.—y p—.yy
y.0 Ao.yA A¥.—y pb.y
Iry y.yO A¥.0y A¥.—y b—.ay
y.yy0 Ad.ac Ad.cy bb.ay
Radam AO.yA A¥.cy b.y
NAdam Ay.—O A¥.0y b .cy
Optimizer AdaGrad Ad.8A A¥.cy b Ay
Adam AO.Ay A¥.y pa.Ay
SGD Ac.O A .0y p—.by

¥ ¥ Grad-CAM Visualization

Visualization methods provide insight into the internal vkangs of a model, facilitating an understand-
ing of how the model makes predictions and enhancing modeigparency and trust. Gradient-weighted
Class Activation Mapping]d] (Grad-CAM) is a common method for explaining model decisionsderates
by assigning weights to the feature maps of a convolutionel lbgsed on the gradient of the target class with
respect to the enal output. is enables Grad-CAM to generate a class activation map figatights the
regions of the input image upon which the model focuses wheking class-specisc predictions, thereby
oSering insight into the model's decision-making process.

Fig. Oshows the original images and the Grad-CAM visualizatiosutes of glioma, meningioma,
pituitary tumor, and no tumor. e model frames out the lesion area and highlights it in redmibelentiees
atumor. e algorithm identiees the entire brain region as healthy whm lesion is seen in a tumor-free
picture. is visualization method provides an intuitive represertatof how the model focuses on image
regions and identiees diSerent brain tumors. is enhances physicians' understanding of how the model
makes decisions. It serves as a valuable diagnostic aidyungpmore accurate clinical assessments.

Figure Oc:Visualization results
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Conclusion

In this study, we propose the CMS-YOLO algorithm, which is speally designed to identify brain
tumors in MRI images. is method is capable of accurately localizing brain tumors aulicing the
occurrence of false positives and false negatives, which asedtdny the complex background and the
diversity of brain tumors in morphology and size. Redesigtine Cof module to more eSectively capture
global context information, which helps to extract deepsrida region features. By incorporating the MSAA
module to aid in the fusion of multi-scale features in termsbath channel and spatial dimensions, the
algorithm enhances the model's capability to handle complekgrounds and improves the extraction of
features from small targets, thereby increasing the modetisation accuracy. e Shape-loU loss function
takes into account the impact of the bounding box's shape an@ srwits regression when it is introduced,
addressing the missed detection rate caused by diSerencé® imorphology and size of brain tumors.

is enhancement signiscantly improves the model's precisiond Bbustness in detecting and localizing
brain tumors. Experimental results demonstrate that th@atgm's precision and recall reach A¥.—y% and
Ac.ay%, respectively, and it attains@P y of A4.0y% and anAP y-A of PA.&y%, ese values surpass
those of other state-of-the-art methods, and the enhancémgtinese metrics highlights the eSectiveness
and generalization ability of the proposed method for détegbrain tumors in MRI images.

In clinical decision-making, the interpretability of the rdel is particularly important. is study
utilizes the Grad-CAM visualization method to explain th@del's decision-making process, facilitate the
researchers' understanding of the model's internal operathechanism, and provide doctors with a basis
for informed decision-making. ese results show that the proposed model not only achiewsrfand
more accurate detection of brain tumors but also assists dsdioearly diagnosis in practical scenarios,
thereby reducing diagnostic time. is can help to speed up the treatment process and gain valuebletent
time for patients in critical condition. Although CMS-YOLO shevbetter results in achieving fast and
accurate detection of brain tumors, there are still some lirotad in this study. Regarding the dataset, various
categories have been considered comprehensively. Howleeeimber of brain tumor categories it covers
is still few, making it challenging to cover the diversity adiim tumor features comprehensively.is limits
the model's ability to learn and recognize various types of demprain tumor features to a certain extent.
As the YOLOVOy algorithm requires high computational resoundesstructural design, it inevitably brings
about a more signiecant consumption of computational resourcéemmaking further improvements to
the model. Meanwhile, in terms of research resources, th@pednce of the hardware devices is limited
and unable to support large-scale data-parallel computing.

In future studies, (O) further exploration of the model's deétecperformance on more categories of
brain tumors is planned, especially brain tumors with compleatdees and blurred edges; (0) exploring
advanced lightweight fusion models.is has an opportunity to decrease the number of network pararaete
and enhance the capability to capture complex features. Aduitig introducing a broader range of
diverse datasets to improve the model's generalizatiorm@gpand performance; (¢) Conduct further
clinical validation of the model to test its reliability aggneralizability in diSerent clinical settings, thereby
providing reliable support for clinical diagnosis and treent.
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