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Abstract

Aiming at the problems such as low recognition rate and slow recognition speed of mechanical
parts in the process of intelligent production and manufacturing, an improved object detection
algorithm based on YOLOv5 was proposed by combining deep learning and existing algorithms.
This algorithm adds an attention mechanism into the YOLOv5 backbone network to improve the
low recognition rate of similar parts under similar backgrounds of the original YOLOvS5 algorithm;
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Secondly, by introducing Clou loss function, the improved YOLOvS5 algorithm can converge faster
and have better performance; Finally, the algorithm models before and after the improvement are
trained respectively to identify the mechanical parts and make a comparative analysis. It is con-
firmed that the improved YOLOvVS5 algorithm has high recognition accuracy and robustness.
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1. 518

FELEHE N AR AR N TRHATHUR A 2SR, — N T353R, A s 55— 7 A
NLNSZEARFRIRT A 8] AR 5 7= A R 09 57 208 B U A BRI, 3 7™ B 52 1] i T
[EE IR (L], BEAE IR, R IE O 2 Ay Hh [ i o ] S 1) = X ), R R i e R
HAAFAE R BRIV A B FR 2] WL A (O PRd R 5 T e A 2 7= i R e T AR A (R e . Y
RE i I A8 R US55 1T LA R GUAR 4G & 1712 Re 8 W25 18 s e P B, BRIRE ieAs, v
TR B 5 A R (0 D R U 2 E ARSI B9, SR b R T — Tl 5 o A7 0 E b I

A 1) B ARkl Sk — My RS, —20E BUJ MR EE L7 B (Histogram of Oriented Gradient, HOG)
BOE[3]. REAARAEAS e (Scale-invariant feature transform, SIFT)5i%[4]. J&#8 —{E#i(Local Binary
Patterns, LBP) 5Ly [5] 4403 A% S FE M= HL[6] (Support Vector Machine, SVM). 1%4%[7] (AdaBoost)43
REAT AT M EVE; —RFIH 2 2 BN 40t B A5 B TR E SR I 3E TR 22 1K H
FrRESE:, & LA R-CNN [8]. Fast R-CNN [9]. Faster R-CNN [10]. YOLO [11], SSD [12]% .
filtn, Yan [13]5 AFF YOLOVS A T3S R4 400, it &4 YOLOVS &%) BottleneckCSP it I
B0 YOLOVS HIMIAAHEHE, S0k 5 RIS AY BE A% PRIA R BBl A e 4 B L e S SR R M T P 2R, 12
TR SR ARG, AR R B TR, JRBR R Xi [14]% K YOLOV5 v
ST sk (I B R4, 183 454 YOLOVS Hl Deeplabv3+, SEIL T S 18 2R A I 15 6 sk oo 22 FR S o )
TRIZEESHEROR, 3&E I GRS A s #Ik[15]55 0K Canny 1132 BUEF N YOLOV4 25 4514,
A8 J5 A TN A2 SR AR O3 T B B NI AETEAE, B T WU AR e ARG FE, (R AL 255 AL
A EE AR, AN R TR AR 2R3 R s A K 4E[16]25 A # Inception 2% 4544 5] N F SSD 2% 4544
HAE AR HEAGIE L (BN) SR 22 25 W7 82, W BRI G AT SRR B3, (E D44t 7 A

BEXT LA B, ASCEE XA YOLOVS Bk T I, FR7E A CUbiE IAURR 24 20 4 56 Al
FKNGEMR, LI HARPIYIZ IR @ ABtil g5 1R, RERICBE, SEOUZE R PR E 1
R IR AL E RS HERT IR S R

2. YOLOV5 [RER K #8324y

YOLOV5 Syk T i B2 st it it 72, ] DL B 23 B M AN B A w4 B B N AAE P HE AT R AR F )1
T B 2 S B R AT S DX 3 A v Rl 40 3 e % [ s 5000 22 A H BRAS IKE o 467 B R FL2 5. itk Ak,
7E YOLOVS ) 4 PMEERIt, 40 1 Fian, YOLOVSSs [ 2% 45 #a i iy 5 HEFR Sz Bt [l e /N 5 T-7E & Fh
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Beahid & b . H B A B 0 e AR FE DA S e PR A I A o DRI, D e ittt BE S F) S5 ERRE R, AR
iz FH YOLOVSs 1E g H Fnar il (1) 3= 22 i 2%

YOLOV5s Hffr Bt H AR M4 —AEZL T YOLO. YOLOV2. YOLOV3. YOLOV4 PYANF Bt AN e
PEAAF R ), oW 2% 2546 4n 1<) 1 7 - ££ Backbone 2544 1, YOLOV5 &4t T YOLOV3 1 3= F-# 4% Dark-net53,
W RSH N 640 x 640 x 3 FIEURAIE RGN, it YIF . PR (Concat) B #%, & EHFHIESZELAE /], YOLOVS
Wit SPP bR, ZMEE % TR E 2018 4E CVPR TN AT (% 4> #Iff)(Path Aggregation Network,
PANet). .1, (Feature Pyramid Networks, FPN)/Z B Tii[a] A&k S i SURFIE,  T4FAE 4785 3 1) -
fEIESRENIRHE, WEL S, MAFERETZAARBRNZETSHE S, PR a T RERR I
REJ1, SPP MU AL G S, HOR A 20 Ak 519/13 (i Kb #:4E, Fi#t4T Concat Rl %,
PErm R B 7E Neck 54, YOLOV5S il CSP2 &5, i T AV AL ) FAEA & B8 /15 7 Prediction
gk, SRHH 3 RPN IR] RS2 B SR AR AS [RDRSH I H A%

Table 1. Comparison of four YOLOV5 models
% 1. YOLOV5 POfh& R %S EL

Model Size APs, FPS Params
YOLOvV5x 640 68.7 167 87.7M
YOLOVSI 640 66.4 264 47.0M
YOLOvV5m 640 63.1 345 21.4M
YOLOvV5s 640 55.6 455 7.3M
| Inputimage | Backbone Neck Prediction

CBL

Figure 1. YOLOVS5s network structure
1. YOLOV5s M4 4514 E

3. B YOLOvVS jRRI1EHR
3.1. Backbone (B FMLE)FRMERE HHE

T AR RSN U A RARL, 3 5 IR YOLOVS 7852 Bk it FE il 28 5 Bl AG . 1A 2%
] /o R T O SRR A AN A, R HAE YOLOVS B 1 W 2% 43 ¥ I (Convolutional Block Attention Module,
CBAM)VE: & ST HLHI[17]H sms Sk ek DL EAS 2, CBAM S5 B A LE 45 58 1 T (A AE B BT IR N, KR AE
T TE 55 RFAE A (] P AN 4 FE AR 256 A8 R E B UL, AR5 i B0 SRR I S B 5 5 N I RAAE A e,
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BEAT A& ARHEAR AL, HE A 2 Pros.

CBAM ;i e 3t T AR bR A 2% R AR 8 A B T AR DR RS LA 5 AR B B 3 L A AL B 1 v e
&, DAMEREAS 7 SCRRRENS 70 ) 2 > BIEIBIE AN 25 W] LB OUE R “RATA” f “ZEmRE” IfE R, JFeé
I3 AR R T DL 5] SRR A RS L, A R B BAE M AL £ . CBAM KRS

FEA] DAHT R OB -
Spatial
Attention
Channel Module
A "
o =
Input feature ﬁ I Refined feature
. M,
Ms
F”
¥
Figure 2. CBAM structure
2. CBAM £
F'=M(F)®F @
F”:MS(F’)®F’ 2

Ao F AR P RHERE, F e RO B F /RN M FRI02 1 40858 RHER, H Mg e RO
M PRI 2 478 MR R HERL, L Mg e R*™Y o @ FRIZ MM HRE XS B B o0 R IEAT e, 7EARTR
ST, JEE R E T DR S R R AT AR, SRR R LI B A AT ek F, BT Y
T F I e A R 28t o AL et S 1Y) Backbone S5 41A] 3 iR .
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Figure 3. Backbone network structure with CBAM attention mechanism embedded
[ 3. #k A\ CBAM FENHFIFHE T Mg

3.2. HEBBFMERY

R T A AU S A G I A TR A o R USSR B Uy R R, AR TR A B BCR ] CloU 4532k R 8,
CloU #5125 sR#7E DloU #5125 sk B 3L mt 4 98 = Eb gl sk . CloU Fi sk 4B S AR . b AUFE B
vim b=, Hog R

2 b,bgt
Lo =1-10U +¥+av 3
v
“ T 100+ @
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2
4 w w
V= F(arctan P arctan F] (5)

e o v AR FRIIAGIAE ) 58 et HLRE RS ST RE DRt 55 S0 SCAGIAE () 58 e B AR M IR 175w, he
G AR SR AR SE AT & s w, b 23 S AR TSI A 1) 5 0 5 o

CloU itk B Bt S A n P 4 Firas, Ferb 72 1 iy B A HEACTR TIAS UAE , KSR A AE AR LA AR
IR i/ NA TR S/ NAF AR MR A, SBLRHNE 5 LA Z A B KB N B

Figure 4. Normalized distance between
real box and prediction box
4. ETHESTMMEZ BRYY3—1LEES

4. HEXKRIGE
4.1 IHFEHEREEFERRRIS

WU Z A B AR AR J8 TR B ST 2%, AR R B AR s R S ek, LA R 2
TR REAAE RS o T H RTZEN U7 3 75 T 9% B W1 ImageNet. CoCo. Pascal-Voc %5 /22 H 5 4E .
DAL, 250 S — 8 F T U A Al A B B, AR SCRIT 37 R 25 45 A0 4 Bearing (fili7K) Bolt (154%)
Flat-key ("F-#8). Lock-washe (8{£# /). Nut (B2£}). Round-pin (E#1:44). Screw (M24]7). Shim (FF).
split-pin (JF H149). woodruff-key (3 [558) 10 KHUEAF. 3£ 9000 7K E A4 &R, 20,000 4~ HAxZE A3 10
KL, A2 2000 1), BEHLLLI 5400 5K EANIZREE: BEHLELER 1800 Tk E NS IESE: BNl
Y 1800 gk AR il g s Forh — sk R A 5 1) B ARMI A LU DURRE AL, anl&] 5 Bos: a 5 —2RKF4F,
b HPIREM, ¢ 4 5 KEM, dA 10 KEM. B AFRAE . ARIEE AFE A B SEIRAE | 20,
SR AR A

Figure 5. Machine parts data set
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4.2. YHREIRE

P BB NSERE R AT ISR, 5 200 R R I AR AT AL AR SRR, D9 A BbR i

S5HEmatE, KA labellmg BAFZATEMIARE, AavEE B R @& 6 Fras.

Figure 6. Annotated partial images
6. trEERER Y E R

43 KBFAWRE
U B A AR R SE 08 B LB Wk 2 Fros

Table 2. Experimental platform configuration
F2 XRTFERE

EA i I & 250
CPU Intel™®Corel™!i5-10400F CPU @2.90GHz
A7 16G
GPU NVIDIA GeForce RTX3060
GPU i3 fe CUDA 11.3
IRIE S SIHESE Pytorch
FEIA SR Python

4.4. BN HESH R ITEER
4.4.1. EENIGSH

N T NGAERL, FF3R R R R S B b, SRR 3 BRI SR AT 481 2k

Table 3. Training parameters of the model
=3 BEEMINESH

ZHATR WEHE
Learningrate 0.001

Momentum 0.937
Weightdacay 0.0005

Batch size 16
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4.4.2. IRBOTEIERR

NP EUE ) YOLOVS SRR A EE R, ASCHIANCL T IS, 0 il R S HEr %
(Average Precision, AP). =355 T H7EHf 2 (mean Average Precision, mAP). A& (Precision, P). 4[]
(Recall, R), FHiI5 1T FrR:

B TPT+PFP ©

"= TPT+PFN 0
AP:.I[P(R)dR @)
MAP = @q}q‘g AP(q) ©)

A (Truth Positive, TP) Ny IERA TN (1) IERE A, (False Positive, FP) A4S =TIl i fiFEAS; (False Negative,
FN) 8= T OREA s o AEAFFI2REL, R q=Q, =10 .

5. SCISLER S

1% e £ (Loss Function) i/ 5 IRSIGE EEAR TR 2552 5 B AT mPEBE, Loss [EMUAIG, T
WCSSUEL AR, 150 B DX 2 AL TR I 5 (18R AT« 1B 2805 1) YOLOVS A5 5 5 4 YOLOVS HERL I Zid F2 1 1) Loss
EREH A 7 fron. WEFRRTBLEH, BEUEEK YOLOVS AR IIZIT iRl Bl QAR T R in A,
Z{E24 0.03, Bt 11l 25 epoch (K133 10, s RUAR L SR ap 4 A e o - e HL e 22 (1) Loss YALSI{ELy 0.008,
HT RS 5E [ Loss 18 LEIRAREARL /) 0.002, UEH 118 S5 2k R B HE % 1 IS 2L ) 1
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Figure 7. Change of loss function of different models during training
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KAEEE AP mAP RENS B I PP ARG AR (4 I8, FLARDBGE, AT RCRBGT, P RS R FRy e

MeE RN 4 Fros.

Table 4. Comparison of identification accuracy

= 4. AR XTEE

. AP (%) MAP
RS _ _ I A
Bear-ing Bolt Flat-key Lock-washe Nut Round-pin Screw Shim Split-pin  Woodruff-key (%)

J5ith
YOLOVS 92.8 77.9 85.2 93.2 77.8 80.2 822 834 88.0 84.3 84.5

Bresis
YOLOVS 92.8 78.8 87.2 93.2 82.6 83.1 86.2  86.3 88.8 84.3 86.3
e 0 09 2 0 48 29 4 29 08 0 1.8

(b)

Figure 8. Comparison of model detection effects of the two algorithms. (a) Detection
effect of the original YOLOV5 algorithm; (b) Detection effect of the improved YO-

LOvS5 algorithm

8. MBI AIERMMIRITEL. (a) JRIE YOLOVS EIEKMAR; (b) i

YOLOV5 EEMEIR
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MFE A WTRAEH, BSOS YOLOVS SRR T S AR A AE 10 SN LR A (e i 5 1300 355 A
FIFEERISETE, HAHiAE Nut. Screw K iRTHERK, 70alfeaE 1 4.8%. 4%: T HRF/FAMEH
ol, RUEJE S YOLOVS Joylst s 2 (HRE4HT. 7E5I N CBAM JEE SIMLE F A8 ot 2k R £ i) edodt 5
EHRES IR IR BE 2 1 5C T Nut. Screw HISUH IR Z IXIHFFER], BRI AP & mAP ¥ 47t, BHit—4
UESE T Hudt YOLOVS Sy i Rt o i SEASE Y SR PUAT AR A B ROR XS EEtn ] 8 Bz : X Bl (a) (b)
AL EEH, JBUG YOLOVS HI45 A Screw. Shim. Nut. Flat-key. Round-pin ARG H ;1 séeisk
JE I YOLOVS fe g iR ) i (a) Bt & 7, FROGIEN] T SO SE R e E 5 Rt

6. &it

ARSCE B B PR TP AR SR AR U AE R R AR BRI R, S T YOLOVS
JUR A I Vvt 1R SER . DAt (Y R B T A DU AR Ay 1 SEAE SRS A I SR (R T I
A CBAM JER B, LA I Ui R SR IO AR RIS i (K TR0 SRS [, AR A RIS B g
5 S JF 2 M TE S HER RN AT IO AE, 52 SOR RE R UM R IR 3 LK, R IR R
1) DloU Hiik R EE #y CloU 7 k B8, 3t — DAL 1 SHERE L AR IOHERsTE . SEIRXT LERI, 120k
JE B9 YOLOVS S IR AR M AL AR YR T R AR AL S8 e P TP A B 3R T T

SE
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