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Improved YOLOvV4 Framework for Gastric Polyp Detection

WU Yu-Jie, XIAO Man-Sheng, FAN Ming-Kai, HU Yi-Fan
(School of Computer Science, Hunan University of Technology, Zhuzhou 412007, China)

Abstract: In endoscopic gastric polyp detection based on computer vision, efficiently extracting the features of images of
small polyps is a difficulty in the design of a deep learning-based computer vision model. To solve this problem, this
study proposes a detection model based on an improved you only look once version 4 (YOLOv4), namely YOLOv4-
polyp. Specifically, on the basis of YOLOV4, this study adds a convolutional block attention module {(CBAM) to enhance
the feature extraction capability of the model in complex environments. Then,a lightweight “(‘?SPDarknet—49 network
model is designed to both reduce the complexity of the model and improve its détection accuracy and detection speed.
Finally, considering the characteristics of the gastric polyp dataset_s; the K-means++ clustering algorithm is used for the
cluster analysis of the gastric polyp datasets-and.the attainment of the optimized anchor box. The experimental
comparison results show that compared with the classical YOLOv4 model, the proposed YOLOv4-polyp achieves
favorable detection performance on the two datasets as it improves the average detection accuracy by 5.21% and 2.05%,
respectively, without compro’miging the detection speed.

Key words: YOLOV4; “attention mechanism; K-means++; target detection
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32 RENEESHRE

S SR I PyTorch I B 5% S HEZL 38 38 W 4% £l
SRR A B BT, 24 ERATICE 416x416 (53
KN, AN R JHIE RS 2 >) Jgis, 15 FHI 7F Tmagenet %%
54 o4 911 25 0 10, CSPDarknet-53 Fiill AL . 44
YOLOv4-polyp H7 55 7 CSPDarknet-53 3 44 45
e S NIl T 5 U I 250 2 4 DA T
ZAE SN, T Hyper-Kvasir 24541 CVC-ClincDB
Hnfe e T /N K B, AR RO I SR L e
B, AR T, R AR DL S R A (R R Al
KH T Mosaic 434 5%, W REHLAIE 4 5k BMR, 317
W8 AL BT 4 80 FE DR B — sk BR b XU T
LRI ZRRe 8 G I Bl 2 &, TERENLE B A2
SBENLHBL/ANEL E A, 2 1T 38 s AR A /N 2 8RR AE
PG ). NS HR B IR 3 Fs. IIZ B BAE ik
WSS 25 I 5.
3.3 N IERR
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BT Bl S S B R, BSEREN o, 2 TAE
AESHER) IOU KT o I, R R4 IR T, 4R s 00
PNV R TI. YRR R AR 4 PR,

£3 BARNESH

SR HEHUE /U
epoch 100 YRk R
batch_size 8 LR/ € 32 AN
learning_rate 0.001 Wl 2] %
momentum 0.9 B
weight decay 0.93 &S E Y0
learning_rate_end 0.00001 B

R4 REHENEE X

Prediction
Real — -
Positive Negative
True TP FN
False FP N

E4 4 1, TP Aor IR R TG B PEREATL, FP R
T B TN P40 B YR A 50, N i B R TN £ 1 e
K, TN 227 IE BTN ) B PR A K. e 1 2 A0 74 Tl
R AKX T

TP
P= (M
TP+FP
TP
R= ®)
TP+FN

AP B AE S B SR 00 BE PP FEAR. AP ME
/2 P-R M4 N AR, b A [l S E X Fl, R EL
Y i, N RN I HIAEL AP AR 280 AL
HEFITE. mAP 7R B A 200 ISF- 350k B2, FF Tl & o
559 e X 28 AR Y R 1 B . mA PS5O 3 7 TN HE AN 2L S AR
) 10U KT 0.5. mAP Wit B AR T:

N 1
i
AP = — PdR 9
*®

Precision F1 Recall f15 ¥ K 22 B g 2 B AHHE
1, AT REMS 45 A 5 FRIX AN FB R, o UL AL B 75 v 2
{EF FAESE . FAERTEARWT:
_(a*+1)PXR
~ a2(P+R)
M a=1 0, F1 Wit ARXN:
_2PR
~ P+R

(10)

F1 (11)

3.4 LWHERSHH
N T BAE YOLOv4-polyp FLik & HVE, A 0K

54K B a8 A SSD, RetinaNet, YOLOv3, X
YOLOV4 %3 5I{E Hyper-Kvasir (#5421 CVC-ClincDB
i AT S0 X b, 3 X EL A R R mAP FRER,
FAERPP 4 E R (time) SRBEATXTEG, 3% 5 AT,
YOLOv4-polyp 55 YOLOv4 #H L, - 26 5 2 1
Iy 1 ms, (A2 mAP & T 5.21%, £ A A
YOLOv4-polyp FIAT IR FE 2 B = ). B 6 Al L,
YOLOv4-polyp 5J5 YOLOv4 #H L, - 246 I3 2 1%
Il ms, (B2 mAP $ 1 2.05%, {55 A #A
YOLOv4-polyp e % 2 BT A58 51 Rl s 13 5t 72 1.
L& 5. # 6 WA, YOLOVA M T YOLOV3, T
Y7 K 0 B ST 2oms, {ELRE 75 K TURE RE 0 T
YOLOV3. SSD Fil RetinaNet 72 44 F 1 544 K ) ke
R RIMELZE, SSD M T Fe e e [ 2 KN, FEAE I
MWNE W S AAEREI S, 5 8080k T .
RetinaNet 7EA 4G FE 7 AR T SSD, {H 2 - S5 il ik
FRICAN SSD, Joikii 2 SR 75 3K, Ktk YOLOv4-
polyp TELRUEF 35 M R AH 4L T YOLOvV4 JL P A2
HITE L, FERTIRE BER 2] 7 S U B ROR, A Akl
Re T AT
FK5  RFEBEAE Hyper-Kvasir 2034 T 13RI

ke P(%) R(%) mAP(%) F1 Time(s)

SSD 8533 75.12  83.77 0.80  0.040
RetinaNet 8556 7656  85.09 081  0.092
YOLOV3 8490 76.17 © 8506% 080  0.032
YOLOv4 88.78, 8125 8682  0.85  0.030

YOLOv4-polyp & 93.73 8523 92.03 0.89  0.031

A

*o6 -X [F]BEFYAE CVC-ClincDB HUE4E N HIEH

o " P%) R(%) mAP(%) Fl Time(s)
SSD 8771 78.11 8652  0.83  0.040
RetinaNet 88.56 80.18  88.52  0.84  0.091
YOLOV3 9276 9071 9096 092  0.032
YOLOv4 92.86 9070 9297 092  0.030

YOLOv4-polyp 9597 9225 95.02 094  0.031

& 4 SNTE Hyper-Kvasir F0HE 8 W46 5 AT /N Y
SRR G L, B 4(a) N YOLOv4 B3:A6 I 45
K%, K 4(b) ¥ YOLOv4-polyp il 45 B 1515

ATLLE H, M B RSB, RHEARIER, YOLOv4
RIS LUK H AR E, TR AR IS ATILS. YOLOV4-
polyp 8 U B PR, 5] N CBAM BLHURE— & 2
FE bR RS IR 5 BN B H FRRRESS B AR, S
B AFAESE HURE 77, AT AT LAFE FH 155 AL A8 /N B L AT
L AR B .
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(a) YOLOV4

(b) YOLOv4-polyp

B4 NFEBAYYE Hyper-Kvasir ?JI?E%T*’N” A

Kl 5 N7E CVC-ClincDB ?éz#ﬁs%tlﬂd\i S l’ﬂff"uﬂJ X
1T H, B 5(a) ijOLOV4‘ﬁ/ZTAU” R, [ 5(b)
A YOLOv4-polyp 7["‘49‘ ERENMZ. AT LLE H YOLOv4
TEEF R TEAR BRI, FEREAS SE MBI T & 5 £k H A%,
B RAERKILE. YOLOv4-polyp i iL 5] A CBAM
FERJIHUR, BRI SE A RE 77, AT DAvHE A A )
TERC BR BRI B ARA T R )N 2.

-5

(a) YOLOV4

KBl 5 AFEERAE CVC-ClineDB B 4 T+ st

(b) YOLOv4-polyp

3.5 HRLSCIE

7. 3K 8AF T AR BRSSO T
T2, A B2, mAP FASFIIR A, % YOLOv4
f# F} CSPDarknet-49, CBAM B BT 4L, W3R 7 15
1, YOLOv4 15 8{d H 2feidt i) CSPDarknet-49 7E
& E AR T T 1.3%, PRI [A]980/0 2 ms. X &

256 A A% Software TechniquesAlgorithm

KN /b T CSPDarknet 145 AR Z40mT DL /IN H FR1E
Z RGN 5AE B RS, BB T W2 124
EAIZRE, PSR R SOE BE, 4 A5 i) A 1
FERE. L3 7, 3 8 WA, 7 YOLOv4 7k X CBAM
TP T DA AERA 22 20 A2 T 4.48% F1 1.11%. X &2
N YOLOv4 NN T VER IR, 7T DU = 5 A4
RRAEJZ (RRAE, 38 SRR Al & PR A RS B . 88 |
W SR, TR YOLOvV4 BER, A SC i)

YOLOV4-polyp H (L GRAFAI )zi A [R] B 43 0l 2 v
T 5.21% F12.05%, wﬁﬁ{% TE&U&E’J OLOv4-polyp 1‘%&
A R,
\ ﬁ" ¥Hyper Kvasir ZUHEE T [17H RSL
- < %@g CSPDarknet- o b 00 p oy AP R 2Ll
(%) R (%) %) (5)
YOLOv4 x X 88.78 8125 86.82 0.030
YOLOv4+
V X 91.84 8036 88.12 0.028
CSPDarknet-49
YOLOv4+CBAM x v 9488 81.61 9130 0.033
YOLOV4-polyp v N 9373 8523 92.03  0.031

%8 fE CVC-ClincDB 44 T 1 mb 92 36
CSPDarknet- mAP “FIIE

o] CBAM P (%) R (% .
49 ) R (%) (%) HEFEE (s)
YOLOv4 x X 92.86 90.70 92.97 0.030
YOLOv4+
X 93.60 90.70 93.73  0.029
CSPDarknet-49
YOLOv4+CBAM x v 9590 9%0 94.08  0.032
YOLOV4-polyp v V 95.9\9 5 95.02  0.031
% -
() -
4 eaves@% :

. }Wa‘%W;Nﬁiﬂﬂﬁﬁﬁd\ﬂ%Wﬁvﬂ\ﬂlﬂx&\ i3
TUDRE P ARG A5 i), A SO IR HEAT T AT, 42538 T B AT
PRSI (1) 5 3%, $2 0 T YOLOv4-polyp B & PR Il 45
5, IR FRH 2SR . AR S BEEAEH YOLOv4
VENFHERLZE M, 75 £ T M4 F{fH CSPDarknet-49 {F
DNREAE SR I 265, 7E B v A0 W 33 5 ) [ B PR A1 ) 4% A
MBH; 454 T CBAM 5 AR = BEHL, A8 2 AT LA
TE 2 A RTIE T8 P 7 THD B2 VR 2 H bR 2 AR B A
AR EERE 5 8 A K-means-++ 5 2R 50000t A BOHR 42 3k
1T R A5 B A 1E B EEHE, 870 28 AN G A I
FIR/N B BA, RIESRI/N S SR A8 R YOLOV4
TR FE CRFRR R I T 6 11 () BN 2 o 1 /N2 U A )
2. TEZ G I TAE o, e ik — 2D B R 8RRk
IO 248 ARG N P, 1 PRI R T P[] ) i s A 0 38
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