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RTNAMSERAE. (2) ACRH T XEEFISD-YOLOV7IERIT R E T KR . fEiZEEp, BEE
1% M 45 Backbone N4E % T Squeeze-and-Excitation Networks (SENet)fi:= /7Hll. A, SENet
BINT —MIFHRHEEN € TR, BB HIEIFN/MESMHEEERNE, MMREREGEE
ERNEME, Bid8%EINAFRENRRENMHEEERNE, WRXEREERMEEENNEE, R
AT B DCNvAR B £ S8R, DUSE I s R4 F M BRI A& B H AT PUNGESD-YOLOV 7 R 7
T BETEARARE TR EREE), BANERE T —MRFE L) B’ EGRAER ML REFA
loss. AMRBTEEEK2AZKEGHIEE T 544 YOLOV7. YOLOVOSFIERIf T X LI, SRR
AMARER E R, AR (mAP) LAEZYOLOVT . YOLOVOSMAIA B KIRTF, )5 HISD-YOLOV7
HEEE B SRR B T HERA T HERMMERE. it, ZHEACKRIMEEAGREL L, 7]
DAR BN A VB BT SR . A 508 Tk 2 & SR 4t T — AN = B S B R E N —FM &
B BARRIIARR, RRKIRREE 2 LB TR PR

XKiEid
T/ RE, ERANS, TREER, BERE

Research on the Improvement of YOLOv7
Algorithm for Industrial Safety
Multi-Target Detection

EF| M FA . Sl Yolovy HRAR Tk %4 HARGIIET FED). R H%Y, 2024, 14(7): 1-14.
DOI: 10.12677/pm.2024.147265


https://www.hanspub.org/journal/pm
https://doi.org/10.12677/pm.2024.147265
https://doi.org/10.12677/pm.2024.147265
https://www.hanspub.org/

w

Xianglong Meng

School of Optoelectronic Information and Computer Engineering, University of Shanghai for Science and
Technology, Shanghai

Received: Mar. 27", 2024; accepted: May 6", 2024; published: Jul. 3, 2024

Abstract

Safety has always been a focal point within factory valve rooms. To prevent abnormal behaviors
such as employees not wearing safety helmets, smoking within the valve room, or being distracted
by phone calls from causing harm to factory equipment and personnel, target detection technolo-
gy is often utilized in industrial safety scenarios for the recognition of employee abnormal beha-
viors, thereby ensuring the safety of industrial production. Target detection technology, as a core
component of industrial safety monitoring, is particularly crucial for its application in real scena-
rios and the performance of algorithm recognition. To further study the human abnormal beha-
vior recognition algorithms applied in the field of industrial production safety, this paper has
conducted the following work: (1) This paper proposes a dataset of nearly 20,000 images set against
the backdrop of a factory valve room, consisting of over 20,000 real surveillance photos taken in
actual factory valve room settings. The dataset is divided into training (validation) and testing sets
in a 4:1 ratio. To enhance the practicality of the dataset, data annotation was conducted for the 8
highest-risk abnormal behaviors and three safe behaviors, forming an 11-class labeled USDA da-
taset. Additionally, to improve the robustness of the model, data augmentation was applied to the
USDA dataset to make it more applicable in real-world scenarios. (2) This paper introduces an
improved SD-YOLOv7 model for the recognition of abnormal behaviors. In this model, the Squeeze-
and-Excitation Networks (SENet) attention mechanism was first integrated into the core network
Backbone. SENet introduces an innovative feature recalibration method that can automatically
learn and allocate weights to each feature channel, thereby enhancing the weight of key feature
channels. It automatically acquires the weights of each feature channel through self-learning, in-
creasing the weight of important target feature channels. At the same time, deformable convolu-
tion DCNv4 is used to replace traditional convolution to better capture targets at various angles
and postures, thereby strengthening the target detection capabilities of the SD-YOLOv7 model in
factory monitoring under different angles. Furthermore, a weighted loss function, FA loss, was pro-
posed that is tailored to the characteristics of the factory valve room scenario. This model was
compared with traditional YOLOv7, YOLOvV9, and other models on a self-built dataset of over 20,000
images. The results indicate that this model has significantly improved in recall rate and mean
average precision (mAP) compared to traditional YOLOv7, YOLOv9, and other models, with the
improved SD-YOLOv7 algorithm significantly enhancing the performance of the algorithm with
minimal increase in complexity. Additionally, the model has been successfully deployed on edge
devices and can successfully perform real-time detection for cooperative units. This study pro-
vides a highly practical dataset and an efficient target detection model for the field of industrial
safety monitoring, and future work will explore its application in more actual industrial scena-
rios.
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WAESR, A A ER T ACHERE I, Tolk 22 4 ) H 25 ™, A S AL 23 Ao 48 B R R I
EHE. Tk EHHANT TMAE G SR E B, &0 #8538 E RSG5 IR .
FeA AN T A RS m AT, AT AR R AR 1 fa R AR T E L], X7 AR T T
AN ZAERIRA R IR BRI Z BT, B, £ WEN, RIFEKZ4AE 6
FEkFRRZA, WA RES] R K R BB E2],  TFT HLE 2O DU AT BEAE TN e K B i B A . X SR
PHE TN, —BRAERS, JaREELIHENR. REEER TALIL0) S, MELH 270 7
TAFET B HANIRN,  TIX LR G A Y — 802 T B S R W AT AR [3]. 1ok, Tolk
HMOE TR FEAE A RN, BARIR. PRI R RNE R ST, Ak ERIGSE A XA 2
T DIHEBAM G SN TR =80, AT RE5] R AN Tk 2 A AEAE, 22 E[4].

N RIAX— PR, & EBUF AL 2GR — R BTG, Qe M i 2 i i, s e 4
Bl R e SR, AR EE & G 22 455 B it L2 A LA 2 H 25 2 1) T IR B 75
Ko Bk, FALEFEREARTER, WATERARES ), kdam Dl REmEaeilKr, Sl
R BRI . BT NE R 2 e iy KRG, AT DUSER I TN B4R, B R BLIE TR 5
AT RBIAES] e 2 T RA 28 A S E T 22 4 e 45 s i) A FE BOIR -

H brer 2 v S AU BB 7T T a2 —, B AE UGBS T B Al 1) H R e 28 )
Bk B AR[6], Fo 2 B T8 REACE R RE B Jo N 2 Bk A AU . 7EE 4k, YOLO. SSD. Faster R-CNN.
Mask R-CNN 25507 LA B bs i AT AR R M 500, e IE MR . SR 25 T A T AMB R
M. FEERN, HRENBERS T ADSEE, W CFE. RefineDet. HRNet. ATSS 8L C i T £
P TR RIMERE7], B HRNet 762 A H FRf N5 28 H B 7 A8 1 s -

17 IR (Action Recognition) & TS ALAL 5 o il L 25 B AR H TR BRI 7507 1), ‘B Cpit st 78
o A NATRT AR BIE(T M) R AL FR R SRR G, RIAT iR AR |12 A5 AR 7870 - U 1
RS, Bl aeini= 240, AW H . BRI, ML NS DR s #EH RGB EEF4, I
FE UG 75, MRATER X e A5 S 2 B (B RGBHYGIR), WHS 78 H U 45 58], #R1fG, A1
HHEBAE AR STTAE SL I —Fhdn MR )M L, TRBAS & 7= R 2 10 RE, AR 222 5
F AR EEAR AN . A AR A FIE Bl P AR A B S e AN /2 o Ak, 18 Microsoft Kinect 1X A (1 £4 8% Fl—
S She S PR N AR S A T E BRI T DU SE AR M SR 1S HE A (¥ 3D B 2R (O ) B H (9]« 4T IR B T 24 % T B
PRI 5 23R AR 22, L G DR B A A PR AT AR ARL, A DLFRE I, DA B X 100 2 v 4 I M R SR A8 e
TR TR, T 5T HARRI AR R AT iR

ASCHEN T Rk AR Y YOLOVT 9% SD-YOLOV7, & H @ ¥dasE Eakirses, 458 BoR AR
FERTIN T 2= N TR 2 e KRG 55 ORIk S R AT A7 T, SD-YOLOV7 5 R4 A A AH Lb M g

HHERT.
2. HXER
2.1. YOLOV7 M S48
YOLOV7 5& YOLO F41 i st (18 2 B ARSI 25 [10] o B2 1E B AwAS I A5t U 0 ik 2 JE b 9k

AR R SEET B AR IES, YOLOVT i 51 N 2 UM i it v 1 BEANUERf 1. 5 Scaled YOLOvV4 2
8L, YOLOV7 ETFAEH ImageNet Tl 2R £ T A8, B8 5848 COCO % dli A dE4T Ik . YOLOV7
FHAELT Z 1 B RRAS it s B R AG BIAY R S RUZ T A 4% (E-ELAN) . BEAT 1 2T 55 ORI (1 85 704 45
B N T ATIZRE BoF AR RIE B S GRS S R, ARG T 56.8% 1Pk, ATl
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YOLOV7 #AY7E 5 FPS F| 160 FPS i [l P 143 B2 AR FE A it 1 2 1 i) B ARkl 2% . YOLOV7 s Kot
B B — P 7 25E . IHEEMMERZMBFJE, F T M4 backbone s IHHIH: 7322 stem JZ2,
Wi =2 3x3 MR — N R RERFEMFRRER], YOLOVT A —EH KN 2 HIBFAE] 4 5K
FER, SRJEH: T ELAN BIHAL XA 4 5B REFFFERE, BEJG YOLOVT Sk E X 1% 4 £5 B RFE R E IR
P TRERFEERAE, Ak, AT ZATRPKN 2 KB, YOLOVT X MM THS R4l 7 —2%, iy
X FERKH maxpooling (MP)RSEELZS [AIFFRAE, JHHEER—A 1 x 1 BRES5EIE; AilH 1x 1 B/ E
RIEIE, REHAP KA 2 1) 3 x 3 BITEMIERNE, Ba, KW XMEREI, B, ELAN Rk
BT B SRR (R RRAE B AT AR FE . SRS B R MES X BIEL, B FHJE 1 YOLOVT (1) backbone 4% 5¢ i -

2.2. ERMEMLE

BRI LM 2% (Convolutional Neural Networks, CNNS)2 1% 5 51 45 ih — b ELA 8 i Itk 72 T 9 4%
gER, EAE BRI HT R E SRE S AN A 2 AU IS T R [ 11] . CNIN A% 0 AR
SR BT Z B 3 W B 27 2 25 B2 IR SR RE, 1X —HLHIE1S CNN 7R AL 2 B A% 2514 (1 450
I (Ca B ) ) R 30 R R 1 35 o

LR L CNN IO ALE, Bl i B R AR B N 10 )7 3R IE . 7E80% b, BRRTLUE SCh
PN R CERAZ AN 5)IFL A BOR M. 7E CNN F, B — AN/ INIRUEAERE, B 7R A3 (n
MG LI sh, THEAZ SN EE 0 Xk i 5B, T A BRRRAE K (feature map). 3X AN FE AT PLRIR A

(f*g)(t)=[ f(zr)g(t-r)de (2.1)

Hep, fRANGES, g BB, «BREREHE, t 2BBIEsNE. BREERRAL T ERes
FHAR N EE 12 (R A e, R AR R E SE I S 5t =, X RO TR R IR
AR, ARl A Bl A G It O BB A (U ReLU),  DAMGSEAR AL f1 R 1A RE

k2 (Pooling Layer)/& CNN Hi 5 — /N OCBEZ 1, B 07 T3 BRARAFAE I A 2 IR 4 2, AT s 14
BB RS . B AL B R B KAk (Max Pooling) F1°F- 2114k, (Average Pooling). it il it
TERFHE I B sh— AN e R NI 1, FRBREE D (0 O E SO B E N, Sl N R X — il
FEAIA> T H @R A RS, G T BB RFES . CNNGEE B2 682 At ib 2 20 5 80
B TERUREEMZE G5 o FEMER BIR ) ARGRFIE (034 S M SURE) I3 45 B B van 4 ) SCRFAE (A1)
PRI o FNBEARZE5 1)) o X2 A IR IE R AR AN N RASE R AR R 2R, 1 FLRE A Rt b 3
RN R o7 AN ek N e g L

£ CNN HIAR i, 434 )= (Fully Connected Layer) 4 1ij [f Jz= k5 F4) v B2 BRI RFAE RS 21 S 4 R
oy Fhss. ERENENMETTSI— ZMPTE B EAE, @l IR EM WS, SRS
A )4 S RS . 7E 2 2R i, BE R ERE R EHE A softmax J2, E0K 44 H L e Rk
FOPAT, AMHEATRAT . CNN BIZREE KT IR A S n B RR AN I f . ZERT AL 3k b, S AN E0R
WML, ARt fER AR RET, AR PR S SR A (N ZE S AR S s BB R, Rl I Y 2 A%
FRIEIRLEE, SEH N S8, B R % S AR (T SGD. Adam £8) 2 f i I RIARAL S, FH T e/ ME S ok
BB NG Rl H S5 S IE ML B R (0 L1, L2 IEJ4L AT Dropout) k42 kAL fr132 4k B8 J1[12]. CNN
(bR e 2540 BRI, (EF AN 02— ELAE IR B0 R Sk AR s PR AR ARG R o B, 5 22 W0 4% (ResNet)
T 5N 22 3 SR A R FEE DX 285 1 S D TR A, 595 D 28 BB A 2% 3T 21 B % 2 IR IRRFAIE[13] - BB 41, Inception
W 28 3d it 22 R S BRI AS R IR, $2m 7R G B R V) o X S AR PR AE B
I FATS G T IR, WO HABR AT S, a0 H bR RIS o E, SRR TR R
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2.3. FEHNH

FER I (Attention Mechanism) & — BN A0 B D TR AL, B SUVRIR B 2% 5T I 28 1 Ak
HRAE S X N B O L3 A AT SR A . TEBRIME ML, ER IS 5] NBMAINEZ k5L
D, XL ERE S ST NRHIE B S A X B, AR B B A B

T IHL A AR SR B JE I A N RFE I F AR RS DA T IR A, AR B — AN IR IE R R
F':

F’:iwi F (2.2)

Horpr, NRAFIER b DOSAECE, w2 s T A X R A, 8 BB 2R3 TR IBGE w
THECHE OB T R RFE F A — A2 ST BUCE [ v 2 AR P, TR

" exp(v' -s(F)) 23

- Xee(vs(F))

XHE, s() M TRBUHER R R E, 7B — /N 2 B R R SR I 2% . AL
)& vl 2R R SIS 3, B IR R 08 ST R 4 AT 55 f B RHE

TR IHLHIR LA R T BRI G B IR AR T, JCHURAE HARRIE 5, & Rets A5 Bis
B L R REAL B bR BRAh, VERINURIEIE 3 TR T B SUE BRI, MR 2R
s R TER P E A B AR YOLOVT H, vE = IHLHI i 82 sl n] LLIE IS Squeeze-and-Excitation (SE)
RS, A o b G AR (A (1) 0C R R R RAIE M 2B B /T . SE AR 1A% 0 AR R A A 4 JR 1
¥Jiti4k.(Global Average Pooling, GAP)KIRHUEE ISt iHE S, FHEIE AN 2% 2 (FC) k5 S AN B IE )
TR

zc:a[wza(wlwﬁﬁ(i,j)j] @4
F (2.5)

XH, F (i) ®arEiliE o BRG ) M ERRERE, H-W RRERKITERSE, W ATW, 2 SE
R b ) A R 2 B FERE, o 2 B0 B AL

LA YOLOVT SRR Xt HAR IS RS 2, U AR R I Tl st iR
LA SIS 25 BT 7 BERG S #AT 9 (KR e

3. il YOLOv7 155!

b Tl B AR BRI A R, T IR 3 P BN AR SR AT U i Tl 22 4 i P s i % O
WRE. AT ek A S, AT T —FhodEr) YOLOv? &%, B SD-YOLOV7. &%
JHIL A Squeeze-and-Excitation Networks 17 2 JJHLH I A TE A5 DCNv4, B 52 T AAYE S 4% Tolk
st PRI, Mok, ARFEILKGA4 SD-YOLOVT BRISEIG i, RRER AR EE . Ha g v sems |
PEALARFR IR LS S30 25 A VEAE 204 o A SCK R as felidiad 1 e SR 2% s 8 FA loss, #2541
FREAI DLE R T RS 5 R E R . BOHER YOLOVT B SD-YOLOV7 #£1% 024 Backbone S
T Squeeze-and-Excitation Networks 7 /AL [FIE#E4> CBS A5 N T AT 2844 DCNvA4 (1)
DCBS, VAT U e &M M BEARAS R B bR, $emtiBUrE T 4% NEARR M N Bhstilge ), I
HAEH 7HE L W= 5 R e R IR & B 2L FA loss. SD-YOLOV7 BRI 1 ffis
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Figure 1. SD-YOLOV7 network structure
1. SD-YOLOvV7 M#&4h#

3.1 EFRESINFE NS

FET NEAE R RIWETE, = IHLH] S 75 K S E 8 T I 18 H W RE e AR 25 oM R RIAE B  ASTIT
FUEP I MHRAT S5 SN TR I, Ao b 22 5 JH AR O FRIREAE , A T A AR Y 4 43 B 5 307 531 2 IR
AREIHE X . BRI, BRIV & oh ] DU St s ERE . X FhALE 8 S AL
BN RTE, BT RS e B S RE IR o A SCRF AR H T Squeeze-and-Excitation Networks 122
MR RIEE Z R, HE R A S| YOLOVT M58k 2, 3R18 T B E S s R . SENet i@ it 5]
NP PR E A v, SEE TN RHEETE AR ) B 302 2 5 e, CASESR I RS AT 55 i 4R
AE T A1) B B4 N T I I RFAE o B IX FP 7 38, SENet B5i 7 R 22 X 25 (CNIN) P F838 38 2 8] F) FH BBk
F, 18I BN A 2 A O, G AR T TR AN ISR ) S FE I PR T AN SSRFAE B T - SENet
ALE PN B R . Squeeze BEHAN Excitation ik, 4114 2 Frax. 7E Squeeze fidlirh, e Ad 4R
“FH53t4t(global average pooling) ¥ &AM IEE [RFIE B e 3 o — A B 5, S8 e Bz A\ B — A
/J\?EEI’J%@%W%VJQ%(FCN)EP XA FCN ] D22 ST iE 2 (0] (54 &, aﬁcjjgﬁ/\ HIE S B — Aﬂ% 1E
Excitation i, AN E FIRFAE B A e UOAH R FAUER, AT 3G 5 (rad T, 0] Jc A s

Fex( Y W)

Fsq() —
X / 1x1xC2 1x1xC2

Fu(;,0) Focae(1) —

x

h

Ci C: C:

Figure 2. SENet model diagram
[#] 2. SENet t£8![&]
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7E SD-YOLOV7 f A s SENet vERE AHLHIINA MP-C3 ik 2 J5, W& 3 iz, AR (4FE B 9t
NN —)ZM 2. it SENet yER ML, FTDUE ARG A FHL. 222 5 2R ) 557
FE, A4 s R 2% (R R ILAE 7. YOLOVT S ReNS 5 vkt iR nl i 1) = NI R AT, ANIfT A &L
PR L) B R T2 4k,
WHIARIFEE N X e RPYC, @i &R im i emitidmE ze R . RE, KERfidR
B 2 AR EEEE T, FEENrfd s At
s=f(zW,), t=f,(zW,) (3.1)

b, W AW, RS ERRESE, () f, () 2B0ERE. B5, sl Sigmoid m#13 IR
HRY ' eRC, Ms'=c(s). HH, &t 2 ReLU EME, BEBGHMEteR, Bt =relu(t).

B, ¥ At Mg, HREBANE 7R, M=ot . i, o XRBILEME. ML, HEH
FRAEE X A BB 2/ ARIRAF B INBURHE Y e RS, BIY, =X, <20, Bl SENet #HUS(H
SD-YOLOV7 JE &t R Ean i 3 ffra

MP-
C3

SENe MP- ‘ MP- }, SPPC
[ t H c7 II C3 ¢7.1 SPC
—>| DCBS

DCBS

Figure 3. SD-YOLOV7 local model diagram after adding SENet
B 3. N SENet f5#9 SD-YOLOV7 S &R %A E

3.2. MAFTZERER

TEIREE S I B PRA M T, ARG SR E T BA BE BRI, X EME BT RLE 2 i
METANFE PR BURFIE . SRTT, X PP 5 VEAE AL B EAG 52 4% JUART AR 4 B I8 mT RE AN R . O T Al X
— AR, fERIARIG G| N T R AR 45 (Deformable Convolution).

Tiﬁ SRR — PR GRS 5, EE R i a i m A R SO VA AR I8 B A N RRAE 1 25 R
Ak, NITHEAE T PR UTE N X B (A% R nl 2= S S8, B R AL B B b R T LR 4
Hi o S AR AR 2 B AR GBI, JUHR SR IR AR ER A AR NI AR B [14]

7£ SD-YOLOvV7 A, AT aJ 28454 DCNv4 ()37 1) DCBS bk # i JFAR A (1) CBS Rk, 1
Kl 4 fioR, DAESRIEAOG A B He i BAx, WFHL. F0. 240, S EAINEE . X H Jyix
H b5 o] Be 2 AE B LS PR S A BE I, AR n0 a8 T Bed DL R 2 B AT AR A . it T AR

TEBRIN A, RS RH T T m i RS R . Seae st R, AR E 5 1) SD-YOLOV?
ROMAE S 2375010 HAREIAT 45 F BA S sm &g, RRal 70 A E A TR ISR (1) H bR .
DCNvA4 Ji i AN S i i e 7 L AT & DCNv3 1) PR : 23 Bk (8] 5 G 1 softmax U3 —1k, 39575 [H]
REMBNSMERMERI S AN AT 7] DU /MU TR BAE DA S FE[15] . 5 DCNV3 FHEL, X sepit &
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FIPR TUCSIORE, JERMRSR A EIEE, L DCNv4 [ K# 2 DCNv3 ) =f%LL L. DCNv4
FERRMES RIS AIVERE, BHREGE . SEHIE X ®], JCHEERBRAE K. Fit, WEEE
BIGINRZ 5T TR T R 2 i Sh R, A6 GE 0% SR IR e AL ) & 4

A o
B (o

Figure 4. DCBS module after replacing DCNv4
4, &% DCNv4 [5HY DCBS 1&1R

3.3. FA sk

YOLOV7 KH T —FEGHURRECKNZRAL, IR IITERE . $25% R BB 48 LA EZE 5y 4
PRAR (L )+ AT R BT EEIUR (Lo )RR (L) XA BT B TE I HRALR R0 HARAL B AFAENE
FH AR TOGE J7 o 8 251X =R R T A F AOBLE, A4S L 2k

TR 55 DR AR S A MHAEAS [R]R /NI B AREAT 20 8O0, DR A 7 P4 A [) ROBESRRAIE 22 [R] g 5%
R, 7 b I AR BT T P TR 4 R, AT o R R AU P T 5 SRR A A AL ARG (4 E BRAR K
/NI tiny . small. medium. large 54, I FUKEAS [R5 2% 40 25 B AR 0 WA R OALER, DA I 5156,
I E A R P RFE B TE T AN [F A AT T S8, RS B 4 ) FA Loss i T

Loss = ﬂchIs + /72 I‘obj + A3L|oc (32)
Loy =5.6L50 +3.2L50" +1.3L5™™ + 0.5 5% (3.3)

3.4. SEWES

AR FH 1 B 40 B 8055 (GPU) A 9544578 RTX 8000 GPU, 37 rk3399ProD sk, i pytorchl.7.0.
python3.7, HEZEA SD-YOLOV7. ASCILiih 7 6 458, 4 AlfE H il s 5~ I SD-YOLOV7 5 HiAth
FEART B AR PERESE R, SRgE & FIWI A SCHE 1 SO AR T PR R o ARSI SIS TR RE AN 1] 5 oo

| semsensiguns |

| B SRR B2 |

Figure 5. Experimental flow chart
5. SKERAZE
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3.4.1. BIREHIE

ARSCHARE N AN T RES S NSRS, BiRgdt 2 2K ESL T WE FEinEE R
R o W L I 2R (BT 4 ) AN B 4T 421 A LR BIEAT R 20 o 9 TR O SE T, B4R 18k R
SRR S LS TR . 1EX SR AT AT 40 280, s 7 B — H bR 4 2880 NN H B fE4R U
5, PRUONIR 7 VA A i 2 PR ECH — 5 N S DU (AT AR AE . ZEXE MO A AT M B R S, 5w
AT RRG AN E A S5 . A2 4% 60 FRfERAT N, W52 150 244 4 To ARSON KR 5 f i) 8
it AT R DA = 22 AT A BT BB AR T AR T 11 28652510 USDA #iide. Bk 2Rinr. RET
TRARSE . B RIS (R AT N). KRB AR ML B (T R) B FTHIE. . e, &
REAW . REAW(LETN) TCHE. HARERGIE 6 Fin.
Fil s .',::_4 L=

N E

fijt T 4

4 =
| ’

Figure 6. Dataset example

6. HIRERH

1 oR TANARHE AR B BhAh, ABHFUCRA T Github BRI FFIJTIEARIC T &, YOLO Mark,
I AR H Frdb AT e bni . AR I 280k 208 — A~ Tuni(class, x, y, w, h), FLAb class ARG
HRRIAZE: (x, y) g 1 ARERER ot s ARAR: 10 w AT h 23 IR T ARVERER 00 B 5w . FEREAThRIE
ZHT, WEX Xy wy h BIEUEEAT A — b AbEE.

Table 1. Number of labels in the data set
# 1 BIEESHEHRE

PR eS| EI il e P70 R A
No-cloth AR5 IR R 5893 18,042
Cloth EHRR 672 3187
No-hat ES S 4762 16,212
Hat W 4 893 4267
Fire K 2541 5203
Phone FHl 1982 4622
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w

gk
Cigarette I 2431 4752
Smoke R 25 1209 3381
No-belt RERBE 5982 19,391
Belt R 721 3564
Climb wall e 994 2254

3.4.2. WiEE®

W, BRSNS, Bk, AR X — R B A I G i, RN
FRAS TR L N SRS B = (RS o B8 1 sl o F TRl o 38 58 5 vk K BIORT 4 2K [16], — 23
K% %R, W1 Randomizataflip. RandomCrop; 73— & 3w MR I8 #4: [17], W1 Normalize. CutMix.
Mixup I Brig-htnessJust.

BT KR A S I B 8, AR R RE R A P R I B APl . DLW TR B LT, 4
TERE WL EERAR, A T AR PIX S [ j, S Ht SR A F 17— S8 i 0 SRS I R AR 55 BRI & . RIS,
H T HoE S I A, R AR ROR AR . PRI, {8 T Mosaic AT CutMix Sk @i Y i)
R, T SR ORI ML I AL RE DRI B e T, W 7 B, DUE B AR SE BRI
SR RERSHERR R T IIA I AT N . 35 R SR A AR A R RS 1 568 7 v

CutMix: FEREMEI—&05r, FR 75— IR B AR R R/ B8 o0 a2 B 46 B

Mosaic: i HHE 3 st DU IR B AL G P — i .

TR s R R AT RO AL

Random Horizonta Flip: FEHL/K P85 K14

Figure 7. Data enhancement renderings
7. BUEIESRNIRE

3.4.3. WEfhiEHR

NP g PERE, SR T Pk B2 (mean average precision, mAP)AI A [\ (recall) BN FEFR .
4 1] e B ) R A AR T e 1R A 4 1 A8 [ B S S B 0 B s Bz L, e AR R B TS AR B BT A A
KEBIRIRE ST 1 mAP 2P HELZ AT 5 10 FHEERS, BT R RS E A0 LIPSk %R, %58
THeA AR, PRSI 22 S8 % ST R F o 7ESEEG R, mAP S E R A E AN A A IR
Fe T RO, TR 4 ] 26 i B AR A R A 4K B K 2 B S R

DOI: 10

.12677/pm.2024.147265 10 TR H


https://doi.org/10.12677/pm.2024.147265

wREE

TP

Recall = (3.4)
TP +FN
1 1
mAP == LM—qz,“j; P(k)xrel (k) (3.5)

Hrp, TP REIEBIRECRE, FNREOEIFKEE, Q Rondillltd, M Ror% q MEIKIHRHANEL
B, P(k) ErEES K MEARRIHETZ, rel(k) & —MEREE, FRE kK MEAZRT SRR,

3.4.4. SLIGEER T

P AR A ERE 578 RTX 8000 GPU Eilllgk, JF7F rk3399ProD ElliX. fEVIZETE:, SD-YOLOV7
IRZ M ELE YOLOVT #HIF], LIS, Mifi 154 REIIZR ). 53] B EE AR SR EE, 317
T 87 #llgk, FER T SGD ik, BRI 8 Fian. WA )RR RIZIB KB, iz )R
TEAEER IR, Seat S0k BIEIG YOLOVT B 7 Mk FIRIah i S5

Figure 8. Model training diagram
& 8. fRA)ILKE

B PR i Ze el 9 iz . PR HZZIZRES s A A B S FE T P E R {EIE s Pk, M
R DLAE 2R “Hat” . “No_Belt” ,  “Climb_Wall” 1 “Belt” J&/r 7 AL S iR H [, X
TR AT TEAG I X e Sl i ) 135 i J A A S A5 (R L6250 () H BR) o TR UF-38 A i 4 A
FEANIA GAS R A NI L . Bilhn,  “Hat” g REL 1, XRWJLFRTE TS “Hat” 1)
S ARSI T 224 . %P T “Cloth” F1 “No_Cloth” 2851, WL S ATk i R A0 73 [l Ze 4R
{HBEMRT “Hat” F1 “Belt” 285, X AJ AR BIERMIAR A N G, A /DB R X
T “Phone” 1 “Smoke” 25l (4 i 2 A H [l BRI, (EAISR AL T mI 23 Bl . R ME A B 2
“Cigarette” J851, T 8RR B THRACKIFR I LI TRk, 2R T304 S 315 i& i 2 AL
J IR E AT, HORE R B T H AR, X R EABLRAE TN “ Cigarette” (45 5 A KERIRIE
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B (AR AR C A I AR T AT ). “all classes” — TR 7R T A A KT Bk i % (mAP) y 0.923,
RWIE Z B BB BEARAT I BOR R AR 4r ). SR, “Cigarette” 851 FIMRAS I ZR 20 1 4K 1)
MAP {H, X1k 58 A 7MY Pt b 5 R 9 ST 2 1R o

1.0

— Cloth 0.984
No_Cloth 0.993
—— Hat 0.992
—— No_Hat 0.990
0.8 —— Smoke 0.832
— Fire 0.961
Cigarette 0.653
Phone 0.771
Belt 0.994
No_Belt 0.989
—— Climb_Wall 0.995
= al] classes 0.923 mAP@0.5

Precision
e
(=)}

e
~

0.2

0.0 T - . r
0.0 0.2 0.4 0.6 0.8 1.0
Recall

Figure 9. Model PR curve
& 9. 12! PR ghZk[E

AT BGAEAR ST IR T R, T TSP R TR RIS AR Y A Sy Ll s Sk v , €045 Faster-RCNN.
DETR. YOLO V5. YOLO V7. YOLO v8 1 YOLO v9, Sizd&4h 5 3% 2.

Table 2. Comparison of experimental results

% 2. LRI

itit) R mAP
Faster-RCNN 0.802 0.824
DETR 0.824 0.842
YOLOV5 0.904 0.887
YOLOv7 0.883 0.892
YOLOVS 0.872 0.873
YOLOV9 0.917 0.891
SD-YOLOV7 0.941 0.923

I 2 ATUAE A IR T SD-YOLOVT B/ 7E £ [l 3 _FARES T HAt B Sl 1 225 3Rt
Rl e 54 YOLOVT BEAUAHLL, SD-YOLOVT7 [ [Hl %4 T 6.30%, 3 M HAERI L AR e g iR
BIENE 2 H A SLIEREA, 0 VIR IS X — R THE Tl e s IR, ROk e S5
22 fa 2 .

(1) “PHAEEIME(MAP) 2Tt : 7 mAP J5Ti, SD-YOLOV7 A%+ YOLOV7 &7 T #:i 5.82%, 5
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mRE

YOLOV9 HHEE A 2.30% 14 R - mAP [ Wt T SD-YOLOV7 7E 2 ZAG T 55 25 & R A5 2
TSR, XTER T R E IS R U O

(2) MEREXTLE: @S YOLO SR HAMBAY, WHEHEHAS YOLOVY XLk, SD-YOLOV7 f£H
[ FA R R 4.15% 0048 E, X HE—2PUEH] T SD-YOLOV7 £ SBR B A A 2P A AT S

(3) MY A: SD-YOLOV7 7E YOLOv7 [#2Effi b, J@id 5l N SENet yF & JIHLEIFI A A5 45 A1
DCNv4, Wi 1/ BARmFHUME R v ge . XL (675 SD-YOLOVT £ M E MR AR &
T FRA U R A v ke R A

(4) HREmTTmk: BT RKEGEEESE, W T 11 FONFEAT RS, IRV A
PRAETEER . DUSEIAEE NIAEAR . XS HERER S, AT R ELE, X Tolk 22 44k
AR FEA EEMNE

4. REERE
41. TIERSE

ARHIF AT Tl 2 4 W 4 AR A 1) O ) —— T IR = N I AR S E AT ORI, SR T Ao
] YOLOV7 3%, El SD-YOLOV7. iliid4E ik Squeeze-and-Excitation Networks (7% & AL A1 ] 48 FE 46
Fl DCNv4, ACitH R R R IEg = PRI T 51 B AR GE 71[18]. sLib gt LR,
SD-YOLOV7 TEXSHER . 7RI R LR RE R mAP J5 TR I F4E 5511 YOLOVT F1 YOLOVO K%Y, jt4t,
M ORI BN G & b, GRSt 7 S AT IR SS, E B T FAE S B B A A R A
AT

42. H—SRE

JRE SD-YOLOV7 HERLAE Tl 2 4 I 4% WU IS 1 02 SR, (BT AE — L2 R BR P A et 23 7]
[19]. &5, HURLLEARER AR 't ISR AR AN 2 2% T8 SR ORI PR RE A Ar R e AR, 0 T 2R 5 S 1K)
Hbx, Wi lAEE, SRR R B M AOS BB AE K, I AT R 5 B 4R X S S RE AR 1 22 R A
B K. RRWTTTT AR R TN LA SRR B sm AT [20] BN EPRIE[21]. /NH
FRAl[22], S PEREDRAL . BT R4 SR TE . BRESSESI[10]. REEAT R E ik U L s g iz AL . il
i EARBTFETT R RFIRARR, IR RIS — PRI N SR FAT OB R PR, Dy Tl 22 4 M 2 0K

R L R -
E&MHE

TEATHT LI 76 O R o A AR 1 5K 1 SRR 0 e (A 5+ 61772842) % A P51 I 10 8 5 504«
SE 3wk
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