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Abstract: Brain MRI data is characterized by large volumes and susceptibility to noise and artifacts, which pose significant
challenges of improving the speed and accuracy of brain tumor detection and analysis due to the tumors' diverse types,
shapes, and boundaries that are both similar and highly variable. Therefore, a series of improvements based on YOLOvV7
algorithm are proposed for enhancing detection precision and speed: (1) employing partial convolution during feature
extraction to reduce the model's parameters and improve overall detection speed; (2) in light of the complex variability of
brain tumors, introducing a three-dimensional spatial attention mechanism during feature extraction to enhance the model's
focus on critical image features; (3) replacing the original IoU loss function with WIoU to increase the attention to medium-
quality anchor boxes during bounding box regression for further improving detection accuracy. Experiments conducted on
two public brain tumor datasets, Brain Tumor and Glioma_of test, show that the improved model achieves mAP of 96.9%
and 92.8%, which are 1.4% and 2.4% higher than the original YOLOv7 model, and the frames per second reach 162.7 and
158.1, showing improvements of 6.4 and 18.2, respectively. These enhancements enable more effective detection of brain
tumors in MRI images.

Keywords: brain tumor; YOLOV7; partial convolution; three-dimensional spatial attention; dynamic attention

(¥R BEA]2024-11-28 =
[E&TE ] %Kit E 54 (20BTQ066)
(VRS 140 5, B0 E 92 2 L BF 56 7 0« 8 2 BE 97, E-mail: i 3 2 A 2 2 4 4 4T 8 5 S 1

e e KE‘JéﬁéRéEEJ‘ZE@,ﬁﬁéﬁéﬂﬁﬁﬂmﬁw&ﬁéﬂlﬁﬁm

(B 1EE 158 U , 20 1A= 0, W52 7 1) < B OB FORS ‘ o \
Ei‘» R E-mail: yrwu@bnu.edu.cn H@@K1ﬂ%iﬂﬂ j(ﬂlﬁ E‘J{ZF*R%[IEJU ) ]i:/i‘\% l @HE’]H& )



533

M8, 45 SETH0HE Y OLOVT FBREE MRISAAZ R G et - 337 -

R E AR . FE TN 4 i g A
SR ) SCAE T 48 e i e 9 12 W 1 3803 Ik %
TR HCE, WS BRI R SEBR 1 R . TEARZ
ki AR B A AR R (MR A AR AL O T A fA
HAAMFEEFE L I HEA mRAL PR ML T
T AR RE J7 , A By T 5 VR A b 67 0 AR o i R
MRIE G HA S ek AP EFAR P S A i I
5t J8 (Glioma) . fixi i J8 (Meningioma) Fl I {4 J&
(Pituitary ) /& R HP & UL AG 3 298, B AT THE MRI
BRI 1 s . BB h R, (55 51
il ZH SRR, T RAS RN 388 3 A T i 79 11 5
WL o 5 IR R I A BRI R AN IR S
SRR X ML T KR 2o B, R RE

a: SRR

1% 555 1) G e 9 A N 7 3 S S R A T R AE H LR
324X 41 . Kalbkhani 552 ff F 2k 25 0N i 22
A SCA TEH 25 57 0 28 5 fii e 9 ) 400 737 ik 4 7
B, I FHZR AR 0 50 4 Fr 2% LDA $2 BUERE 7] 5, )5
k B3 531k (KNN) A S ] 2 L (SVM) X H 47 43
M . Machhale 55556 % ik 88 52 182 2047 b (B 08
TR P A W T AL B, P BB AR R R B
FRAE , f% ) (8 KNN . SVM Fl SVM-KNN HEA 7463
Parveen S5 M PG48 58 Sk B X 3800 ) FF 46, 15 S0 R
FCM #E47 EIE 43-#1 , 88 )5 A GLRLM #E47 FR1iE 42
B, fieJe (8 SVMOX S 8 UG AEA TR0 o 3k 6 7 7k
P T 2 e PG AR A7 Ak L 4R v M P g T A5 1) 4 o
FIGE ERE | PR35 S DX 0 0 5%, 408 T ARG 00 %) 6 2
1BA% 58 )7 AR T F T T EHR A RRAE , 23 52 i X
TR % N EREE M ARG AR AR IR, S B
K B FHRE LA — o W R BRI . B TR B 2 2]
AP R TR 24 2] ik B A e A N
R UL O o TR 2E 20K DU A G RCNNPY
YOLO™ SSD", &1 [ 8l P A5 S v 24 2T FEAIE R

sl I 2, S 0 A 5, 4082 ] 5 ik 2 4 it A ¥ 47
Horp i B R o Fh T BR 5 AE A G R T,
ST RT RE BRI S IE I RS IR . e Ah , ik BERg W]
AE 38 4R AL 2, S BRI RS 5 5, 2t —
A BRIV AEE o T (AR AL TR A, R B
e DX i bR, R B b JRg i) RE A R 2 A .l T
i X AR S 2%, T AACRE T BE 5 T A AR o 25 At 81X
A XE LD Ay o /N ARSRE R ) SRR L DR Ok
PRBUN (555055, nl Re Wik o i Al G 00 T4
AR RIS A LA SO AR Bt S T, X
B AT BE 2 X PG A RIS R R 3 7 A G T 5
W], S T e e RS A XL

b : %58
E 1 e 7w 1

Figure 1 Examples of brain tumors
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Figure 2 Overall structure of YOLOv7
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Figure 3 Partial convolution
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Table 2 Effect of each improvement on the overall performance of the model

SEIG A PConv  SimAM  WIoU  mAP/%  Kifi%/%  HEZ/%  FPS/ii-s’
YOLOV7 x x x 95.5 92.6 91.1 156.3
B AL 1 x x 95.6 92.8 92.6 1722
AR 2 x N x 96.4 91.3 91.7 157.1
AR 3 x X N 96.5 95.4 93.6 149.7
A 4 N N X 96.7 92.7 91.2 169.3
AR 5 J x v 96.5 92.7 93.5 167.6
AR 6 x N v 96.7 92.5 93.3 1433
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