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Abstract

With the advancement of time and the continuous development of hardware, the computing pow-
er of computer has also been greatly improved. Accordingly, deep learning supported by computing
power has also developed rapidly. As a branch of deep learning, the research of object detection
algorithm is becoming more and more prominent. According to the requirements of algorithm
landing and real-time detection, an attention improvement based on yoov5s is proposed. Under
the same experimental environment and different improvement conditions, the same data set is
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input to YOLOvV5s for training and testing. Through the tensorboard visualization results, it is con-
cluded that the proposed improvement has significantly improved the accuracy, recall and mAP of
YOLOVS5s, which is a step closer to meeting the actual needs.
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AR, NTEREAE N NER T GERE. EFEIARNSIET, HisallE5EEH
TN, H—BEAT KGRz, RO T AT T AU R . T AN R 5 H AR
H T2 (L] ASE[2] BT [B]H B EFAUR[4], R R K BB RE[5], v H bR
Kl C & mich 7 A

PR 2 > B A AR 2 0 2% SR R 2 MR AR AE AR S R0 70 S 00 [0 B 4 220 o o 7 PR 4% ) LA
P, ER AT bR AE . FEN AT, FFERIERAY e R, DURORSRE, iy T AR 7
MAAE I Girshick 25[6] 2014 £ ] Region CNN(R-CNN)JT & 1R FE57 I 78 H AR kil 77 T it /e, R
B3, BINT XA CNN, ff mAP {E7E PASCAL VOC2007 -kt 45 H 1) 30%42 7% 66.0%, {H
JE R B SR B FH C e AN, ARSI P R R IA AR B VR H I B K . Girshick [7] 2015 4[] Fast R-CNN
R-CNIN - i Jeb 447 398 438 14 480 2% B0 15 280 ) J LT AN I A 43 1) SN A5 AR I 6% 50t Sy — ik e 8 1 PR A8 i e
GRS, A5 BTk BRI EAE, o 5 g7 /R EE, RigRECD> &5k B v FERF, 7£ PASCAL
VOC2007 I~ mAP j£%I] 70.0%. Girshick Z£[8] 2016 4E[f] Faster R-CNN f# FH RPN 44 2 ik AlE, 51\
20 JRUFE R RE A 5 ok ROBE P04, o PR DK 52 0 R B A3 3142, 7 PASCAL VOC2007 %4
£ I mAP 55 73.2%. R-CNN Z5145[9] [10] [11] [12] W5 Bx HARK IS, ZEH0A moks B R I SR 1
I A 003 2 18 ) ) LA AR 5% HH . Redmion %5 2016 4] YOLO (You Only Look Once) B Bl 5 v:
KPR I R R T A ), A BRI NN, e PRI FRERNE B LR B, £ mAP A
63.4%[1 [F] I FPS 35 3 45, Rl FEAF 2 1 HORSET, H A MRS A EEAS | Faster R-CNN il 532 .
YOLO [ B I 55 2 4 00 i PR 12 BV E BB VR b i A 35, B 8 B B E A7 0 B4 1) ALK I A R P A
i

AR A DU RS B2 LA K FPS — L DUCRARZ W T B 5, 75 LR UEAS FE 3l 2 75 SR (1175 5 T 16 SR S 14
/& YOLO [13] [14] [15] [16]5VAAE bR ARG rh 45 2] Z R 1 264, (H 2 H AT YOLO A I 532 iy o il
W FEMARATAE NG BE LA S mAP AN (1 0, 32T H A A I B3 A RS DA R HE B3 BE st oy K e f
i,

73 LA 5 Ultralytics 23 &) 2020 £EJT35 () YOLOVSs K il 50325 (4G B2 A mAP N H i, REUKEENL
#15] N YOLOVSs 2%, AHELT Al 3 ANA YOLOVSM. YOLOVSI. YOLOVSX, YOLOV5s 1&FR & /N,
SR T, RIS IR RGBS, MR REZE SHLET YOLOVSs Al Sykitiszm, LU T
YOLOV5s # il /X £ [ 4630 45 2 A1 mAP
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Figure 1. Model network structure of YOLOvV5s
[ 1. YOLOv5s t& B M4 454

/I H A 0 PR 3 — B E ARSI SE TR AR AE R R, 5 B RS R S BUR I R A, B AR
I3 HEEAREE &P 1) S E0N H ARSI A B ARSI PR HE o BT X IX AR L Y OLOVSSs [ 48 45 149 (14 % N i 2k
77 Mosaic Zda s, K U5k Iy BEATRENLEET, Ffaes] —sk B BAEMGEdE, £5 TR E R,
BEALAs S I SE 2 10/ HAR, R0 /N H AR R IR [RI A8 A 32 5 1 BatchSize, #E47 BN AR B 5 THE
TUUTKE Fr, T8 B X 28 R E R B A ) H K, BT RAXT E 5 (1) BatchSize AR AR, [FII R B ge— R
I 460 x 460 x 3. YOLOV5s 25 % 4% ] anchor R {E4[10, 13, 16, 30, 33, 23], [30, 61, 62, 45, 59, 119],
[116, 90, 156, 198, 373, 326], ML HRHEERIA anchor V112575 B FHMIAE,  FHHR HE THIIARE AN B SHE Y 2 B R
TR I 2% S 4, 2045 21 5 2 A T AE o

7t Backbone M4, = FE {145 )4 Focus. CSP. SPP. Focus 451, 5 B {12 1) Fi 454, 11 YOLOV5s
SERE K Focus #43, 460 x 460 x 3 I v U1y 4 4> 320 x 320 x 3 HRAAEIR], HARERAE 2R AL
VB R, FAEEE EPHEIE A 320 x 320 x 12 (RHERE, fE1HEEMERT IO TR 2] T FEHUE 25
TERI R . CSP 4515 % 7 CSPNet [17], fEi#EA CSP fith RI#ISAEAE —A 3 x 3 B, HK A 2,
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Figure 2. Schematic diagram of GloU
& 2. GloU REE
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2.2. SE &R

AN L SEI A % T AR 2017 4E ) ImageNet 4335%E 35 SENet (Squeeze-and-Excitation
Networks), KFH 7 A1) SE fibhok s > @iE b oet:, fErtEE AR RIEIR, 05k e
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N C. a1 Scale BRAER A FRHIE B 5 G He 48 F1UBN R A (1 RRAIE B R AT B AL AR Ife , 15 340
R T2z, U SHESER B, A0 SE BLPUNAE 3T M5, SE Myl 3
PR o

DOI: 10.12677/csa.2022.122037 369 THEAURF 5 R


https://doi.org/10.12677/csa.2022.122037

R, REF

)

(Excitation)

(Squueze) \

Ix1xC 1x1xC

N —— |

WxHXC ~— WxHXC
ScalefifE

Figure 3. SE module
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A AN Hs26 R ] 7 CBAM (Convolutional Block Attention Module). CBAM 373 A AN
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Figure 4. CBAM module
4. CBAM #1531
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FF PASCAL VOC $dii 4 s =0, Xt 78 B 42 F Labellmg 3EAT B ARFRIE , B ARy 4 #9304 L PASCAL
VOC s Mldr 4, CLxml AEAPREF SOG4, HAARE SR A 47— 8. X EiRE
LR 1R,

Table 1. Division of data sets

=1 HEES

HAR LRI 5 HoE(5K)
MR 8000
s 5600
T 2400

SCHFRIER A Linux #0F AR50, 2T M Python 3.8, IR SIHEALA PyTorch, HEAT9:50 LA
BRI, SRS B 2 R

Table 2. Detailed configuration of experimental environment
2. XWIMRIFMACE

IR HAARCE
BIERSR Ubuntu 16.04
IIEES Python 3.8.5
A PR AR Intel(R) Core(TM) i5-9300H CPU @ 2.40GHz
GPU NVIDIA GeForce GTX 1650
GPU s CUDA11.3

3.2. YOLOV5s B4 SHig E

WZrfliFl 1 7F Coco Al PASCAL VOC L1 yolovss Filill Zritl, H4k 5iikik i Adam, SZX6FTH S5
TR —3, A%k 300 %, BatchSize Jy 16, Adam 5 & Ty 0.999, HIEE 1% K 0.001, ¥ >1%
WA AN F IR BAIR{E Yy 0.001, JeFHZRVERR(E X 5% ) ST IR, TSI E R T 0.95, #H0Ch
5, FRAKRZIE KRR,

3.3. iHfrigkR
Aszug R YOLOVSs. YOLOVSs + SELayer. YOLOVSs + CBAM JE &, AN F&bn i A A &
/)

(Precision), %[5 (Recall) LL f2 - 214 i 24114 (Mean-Average-Precision, mAP), M1 5%iH5 5 A0 3. &
4 PR

Precision = ™ (3)
TP +FP
Recall = — (4)
TP +FN

TP ARR BRIy IEFE A [ B B T Ay E AR AR (3, P ARFR SERR R A 1) [R] B RS 28 S0y 1
FEAR B, FN AR SR IERE AR I [R] A B TR0 A SR A R B, TN AR SERR R AR [R] I 0 2y
FREAR I E

Precession T35 i 2 T A TEAEAS H Y5000 15 8 A0 FE A EOR: & BT TN IEREAZCR I L), Recall if
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Figure 5. MAP values of the original YOLOvV5s, YOLOv5s + SE module and YOLOv5s + CBAM module
[ 5. J& YOLOV5s, YOLOV5s + SE 1 YOLOV5s + CBAM R = MERIH mAP &

M EAERYZR A3 3 mAP {E 1] LAfSH, v S pLH1{E Y OLOVSs #5874 i S 4 & 184 i i) [ sl 12
2183 —E T
3.4. SLIGEER K 4T

J5 YOLOV5s. YOLOV5s + SE #Hfll YOLOV5s + CBAM Lty GExT b 45 S tn 36 3 Fivme

Table 3. Comparison of models performance

3. RAUMREXTEE

P 2% 1 2 P/% R/% MAP/%
YOLOVS5s 70.15 62.63 66.39
YOLOVS5s + SE 71.39 63.95 67.67
YOLOV5s + CBAM 75.23 66.93 71.04

3B RoR, SR YOLOVSs BADSEL, I TR MU S, RS H B mAP {H 115 338
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Jto 7E YOLOVSs Al LT SE #dhjgE, FEERTT 1.24%, HAFIRIETF 1.32%, mAP $#2T+ 1.28%; 7&
YOLOv5s ZEfili E 1 CBAM HEHUSH-TFHR K, FiFEHETH 5.08%, HEIZIET 4.3%, mAP #271 4.65%.
AL RS2 B A, AR A 22 I 2% 5 2 SR BRIk 11 7 ORI 0 U IR 2 BT, (R 2 VR Y S AR
AR, BZURREUR ARG, REGER NG, XEAMH T SE A1 CBAM fidk, AH T ZHK
T — AR = AR AR LAY R R KIS B, M AR 2 (Y PR REAS B4R T . SE B R 4E 1R 15
FIRHIE EIAR S T 45 B2 B, AN YOLOV5Ss 1583 {1 PE e A3 BIRE R A, BT 1E 2 AT 55 LR E 1AL
B, BT AT BB, FCRAKEZ, wTREFVEZE R H, 528 08, /ANH bR
ROCF I BARFERTIAT 55 B3T3 AT 25) 32 T RORA K R 35 - CBAM B [ & /138 43 L SE #5
R T AN ORI A AT R AR 1 171 IR R AR A P 179 23 [ O 2R 43 31 2 [R) 9 i A0 e T, S5 b i@ v = 7,
7 (B T AR AR S B RS AL B, R T AT SS A, RN 43 A B Ja R T AR B PR RE 11
$eFt, BT SE #idk, fEHFRIAE S E CBAM BLHUL T SE #ith.
B ek i 6, K 7, E 8 R,

person 0.87 sper ersonperper_sg 1
?l.3‘¥ E iy Q'Q'

|

Figure 6. Detection effect of original YOLOV5s
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Figure 7. Detection effect of YOLOv5s + SE module
[ 7. YOLOVSs + SE #EHRiG MR
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Figure 8. Detection effect of YOLOv5s + CBAM
8. YOLOV5s + CBAM #&3MI% R

M 6 BT, JE YOLOVSSs il H B T G 5% R 55 o (B A4 = K 77 R IHD), AL 7 W0, £ YOLOV5s
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