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Abstract

Aiming at the underwater video of Chinese sturgeon, in this paper, the YOLOvV5 detection algo-
rithm was studied and improved by adding tag smoothing and SENet attention mechanism. The
improved YOLOvVS5 algorithm is used for underwater video Chinese sturgeon detection. The expe-
rimental results show that the average detection accuracy (mAP) of the improved YOLOvS5 algo-
rithm is 6.6% higher than that of the original YOLOv5 algorithm, and can be used for underwater
video detection of Chinese sturgeon.

Keywords

YOLOVS5, Chinese Sturgeon, Label Smoothing, Attention Mechanism

SCES|F: ENEREE, PUKLL, SRR KR AR ARG T AR S0 THEALRE S R, 2022, 12(8): 1198-2005.
DOI: 10.12677/csa.2022.128201


http://www.hanspub.org/journal/csa
https://doi.org/10.12677/csa.2022.128201
https://doi.org/10.12677/csa.2022.128201
http://www.hanspub.org

JRE 4%

Copyright © 2022 by author(s) and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY 4.0).
http://creativecommons.org/licenses/by/4.0/

1. 518

H ARG TR A SR, R EKI PR AN A, WA CKITATE” 2. BT
i 2 Bk bl Z RS, A B AT A R — RV R AR R A BB AR A, R T
RHIAES. HSMAEFMERAER KR, BEERKLAESHEREA, LR dr 4663 (1T B
Wi AT N, A R AR AE A SN WD, SRR R A SR 4 /N, SRR R AE 48 0F T I
R L

] Py Ah 2 2 B U D f SR I 5 IR B AT T 2 ORI . AR GE i a2 H R I T VR LB
FREUERIIEAR . K/, B, SUERSEREIE, SRJSIEHRHIE M S A2 5 K38 h kT 25 (HRAESE
3 P RFAE R /D, AR R B AT AT 8 = 3 (R IE R, AFTERC KRR Y. Bl TR 2 ST 1)
AR, 2 B UR RS 48 R B 22 TR 53 S 7K R BARIRBI[1]. 2016 4F LiXiu 5[2]F Fast
R-CNN M H T /K T S EUEAI, 2T AN Bk RS FE Ee A8 4t R-CNN B4 s 1 10% LA, i B
R 3 B R R T — MBS . XuC ZE[3]4 1 Faster R-CNIN A6 i 335 1 At WA o 8 1) 22 p Ak s
TE/K N H AR B SE Tor JErf Rik 3] 94.1%. 2018 4F XinS ZE[4]15t82 H 7 —Fh CNN SR IEHESE, X
FRHEZLF T/K T HAR RN, A R0R o TR LR AR SRR AE A F2 LR R . ChunleiX Z5[5]F FH YOLOv2
BEARLSEEL 7K A 2 H AR R, 3R 7RSI AR . TR E A5 [6] R CNN ORI EE Bl K (B
(Non-Maximum Suppression, NMS)4bFE, LT YOLO Bykf 7 —Fhi 2ot BEAR M BE, 3745 7 RIF
(RS IURG B, 32T TR ITE A . LabaoA S5 [ 7] H 1 —Fh ik U8 B I 4% 25 1 (¥ F 28R DI R 4, 1% RS —
HBERMAMG BT K, FCiZ M Ak, BEARIFMEEE. KA E T —MHE T2
BLYOLO MK HARKI 7 vE, 51N T HARHE B 1& B 45 S R E ke A A B 2, IR RSB &
KA A FIREA B 5 FEEE, $em ToFAuEr g . Tk BESE[9]9E H T —FpdE T s Cascade R-CNN H b5
KA AT MSRCP MG S R M /K 28 HARARIN 753, SRR /K T B 28 IR RG AEAS I, 5 oA
HARASIN 72 B, HR e T RS RS ARG I 25 % . 2022 48 52 AR 25 [10] 25 T YOLOVA WA, {E CIOU
12k R B A S NIRRT, B3k Y OLOvA A5 AL IR~F- 21K 52 1) {8 (mean Awverage Precision, mAP) Lt
JEASS R B R T, AEL 7 Bt A7 E X ASORY AR 1 31 4 R 22 1D )

N TTFE K T A AT AR AT A I SR A, B K TR AL G B B RS R BLAIG R) R, B AT O S T
YOLOV5 Rl 5%, IMAARZE T 5 SENet vEE AHLH], DU SIS BRI 2R, MM N J Bkt 4
BFHIAT R AT 5 ORI TAESR (AR S HF .

2. MIRA%E

HAT YOLOVS PRI, #Eff. BESE DA, U ZEMEZ . A EEETEFIRMN
YOLOVS Sik EAEH]— 265005, FRIER IS AR . £T YOLOVS [4sni. fEM/ 4 YOLOVS
90 268 % L 250t P 7K R S 3 (A -5 1R 0 5 s

2.1. YOLOV5 %%

YOLOVS il 23t YOLOVSx. YOLOV5l. YOLOVSmM. YOLOvSs PUAMRAs. A, YOLOvS

DOI: 10.12677/csa.2022.128201 1999 HENLIRE 55


https://doi.org/10.12677/csa.2022.128201
http://creativecommons.org/licenses/by/4.0/

JRE &

RN UR B RN, RAE B T /N TR 28 2 YOLOVSS 4%, e ) 3 Rl J& 48 e Bt E AT hnig, AW
msE. LLYOLOVSs A, HMasmink 1.

1. [ 2.Backbone 3.Neck 4.Prediction
n coL T cser et
608+608* —b

76767255

’ '

38*38*255

Figure 1. YOLOv5s Network structure
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Figure 2. SE module working principle
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Table 1. Hardware resource configuration and software environment
=1 EHEREEMREINE

Name Type
BAERG Windows 10 x 64
GPU Intel(R)Core(TM)i5-7300HQ
CPU NVIDIAGeForceGTX1050
WAF 8.00 GB
CUDA 10.2.89
CUDNN 7.6.5
Pytorch 1.8.0
Anaconda3 4.10.1
Python 3.7.3
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Figure 3. Sample labeling
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Figure 4. Comparison of PR curves before and after YOLOv5s model improvement
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Table 2. Model detection accuracy of YOLOVS5 algorithm
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