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Abstract: Aiming at the problem that the classification and detection of colorectal polyps by common computer-aided
detection systems are not accurate and real-time, a YOLF-CBAM model combined with spatial attention mechanism
(CBAM) and improved feature fusion layer based on YOLOv4 is proposed, which can classify and detect hyperplastic
polyps and adenomatous polyps in dual modal of white light and NBI endoscopic images in real time. In order to make
the feature extraction of polyps more accurate, a CBAM module is integrated to the backbone of YOLOv4, so that the
network feature extraction layer pays attention to more important spatial and channel information, and inhibits the
downward transmission of unnecessary features. On this basis, the network structure is optimized by pruning the
feature fusion layer PANet to reduce the amount of network parameters and further improve the detection speed of the
model. In order to train and test the improved model, 2 988 white light and NBI endoscopic images are collected from
the Affiliated Hospital of Hebei University, and are divided into training set and test set at a ratio of 9 : 1.
Experimental results show that our proposed YOLOF-CBAM achieves a mAP of 86.44%, recalls of 89.62% and
85.64% lor identilying hyperplastic and adenomatous polyps respectively, accuracies ol 91.35% and 85.19% for
identifying hyperplastic and adenomatous polyps respectively, and a classification speed of 47 FPS on the test set,
which proves that the proposed model has potential clinical application value.
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VERG AT 22 B B 80 AT L 4 B B A 3 A7 U0 B » Mask
R-CNN DLHEE R W5 R 5 B R g8 1 )32 R T iX —
i3, Wittenberg 22-""1 5% F§ Mask R-CNN R4 fE48 , %} &,
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PLX AR S Bl T A6 K27 09 4% B T BA SR 8 T — Rl Y
AN 8 A 1) VR A5OE TE VR 0 4 L T LRI X A I 45 0k B
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R 3C Y B A 38 A % A 7 2R (Precision) . A 1] %
(Recall), F1 43 %t (Fl-score). - ¥ ¥§ & ( Average
Precision, AP) . #) 5 & ¥ {8 (mean average precision,
mAP) . i [f & F04% & i (frames per second, FPS)6 I
BEFR IR PE I M 25 Vi B8, I 5 LUASS B2 i A 288 77 e 5 O
(gradient-weighted class activation mapping, Grad-CAM)
kRl AL FE AL &, H P Precision, Recall, Fl1-score, AP,

mAP I+ IR T
L TP
Precision = TP T FP (4)
TP
Recall == m (5)
2 X Recall X Precision
F1= Recall + Precision (6
A ZPreci.\‘ion
P = R D)
B DIAP
mAP = A ®

L TPLUFP A FN 23 5 2 7 A58 Y TF 4G I 21 ) F A %K
BRI RE R A DI B A B b B DL RCRE R A T R R
N RRGFRMFNERE . AR E I ToU R 0.5,
B 5 00 HE 5 92 o AE 22 ] 38 4 1) T AR B i B 43 R T 5006
B A o TA R R 2R T B T B A
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Gold 6240 CPU@2. 60 GHz; R4 A~ & : Ubuntu 18. 04. 5

LTS PC; GPU J NVIDIA RTX 2080Ti GPU X 2,
CUDAI1L. 1;Python AR 3. 7. 11; TR E 2= HEZL AR N
Pytorch 1. 8.1,

TER 25 BEAL L L, 43 S04 T SSD, RetinaNet,
YOLOv5 . YOLOv4, LA ¥ T CBAM ) YOLOv4 i 47
NG5, SRy 7 HRASE A B I 2 o RE , $2 8 AR R A RGUE PR AIZ
FLRE T A S0 %A P 48 BB 4 B A ] TmageNet $#i £ E
22 B (W BCE A W0 5R W 2% S50, 1 R 2 500 gk
17T PRI R . @ FEALAR B T f% (stochastic gradient
descent, SGD) Bk AT WM& S BN, WME R W N 1 X
107°, 2% 318~ 0.9, batch size /PNy 128,32 3 I ToU
WEA 0.5, A MERAIIZR 100 4> epoch, H ) if 2 > %
BB K 0.01, 4 20 4 epoch 2> Z3 D) 0.1,

3 XRERSH
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A& X 7E CSPDarknet53 £ F W& fFmasm 7T — 4
CBAM BFUIEE Y, 5FEEME MR ERBUZ M L,
CBAM HRUE R TR IR & T FRAE B i 25 [A] S5 E A E
WESHWALERN THERGNEENET. Wk 17
s M TF YOLOvA FERE T, 5| A BUE B SRR
M4 mAP $2F T 1. 88% , Horh g A: vk B P 19 A Bl % [ Tt
T A3 KR E LT T 4. 14% . F1 G ATEM s LT T
0. 04; IR ME BN BIRS B LA T 3.61%., AL, CBAM
B2 5N 255 8 I 0 R R0 46 A T IR B O SN T B
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51 S H4HIE

F1 BMEEANEEEIE
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