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Abstract

Aiming at the problems of missed detection, over-killing and low detection efficiency of burrs on
battery pole pieces, a classification method for burrs on battery pole pieces based on the improved
ResNet is proposed. In the data preprocessing stage, an image generation model is adopted to in-
crease the diversity and complexity of the data, helping the model to generalize better. ResNet18 is
selected as the backbone network. By integrating and improving the MSE attention mechanism, the
recall rate and precision rate of each burr category are improved. And GSConv convolution is uti-
lized to make the model lightweight and accelerate the model’s inference speed. The experimental
results show that compared with the network before improvement, the F1-score of the improved
network Ours-ResNet18 reaches 96.78%, an increase of 5.92%. The CPU detection time for a single
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image is 15.26 ms, which can meet the actual detection requirements.
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lls B[ 7] 5 Rl A R A B SR ) AL 5 R 2 S

ARSCUAHIMAR A BRI T R, SRR UG T HIE SR 4R, X ResNet18 BLALHAT W 2% ik, IF
5 H AL Gk 22 M 25 458 VGG16 [8]. AlexNet [9]. MobileNet V3 small [10]. ResNet Z& 3475 EL 2347,
SR A SRR B VR ) B VE RESE T o T8I0 R 2% ek, SIEL PR A A RS [ R IR , S st T
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Figure 1. Sample images of data for various categories
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ARG TA ARG A BRI, REIFHETJE BRI IR MG 7 P30 224 x 224 WS K
A s AR A G HERI 0 N T2, B 1 FoR. “Normal” SEHMR LGtk -1, EHIE
BRI, LEFEST, TIEMEE, 5 s TR “Short” SEHJHIM R DGR IR /N A ES R,
HLH AR B ARGEAK FREF IR, R oo L BRI IR Z 8% 7Tum.  “Long” JREIM P iL 2 BRI
BEM, MO REEL SR 7 um, FEIN TREARE, WIJRES. VIR ABIEEL.  “Powder” KAk
FIAGERE I, A KRB O RS, 28 BUE T IN TREE . IR &, A 10 H g it
PERE.  “Other” SMAEHLAHT LI ERFIANE O, JoHFR TR A

Table 1. Dataset distribution

®1. BEESH
Class Normal Short Long Powder Other
Training 987 1185 1883 415 432
Validation 247 297 471 104 109
Total 1234 1482 2354 519 541

IR 25 AR I 75 AL 05 BB SRR AR HEAT IR, JE G o 45t BRI 405 T 1 1] D 7 3 s B i A
DA WA, R Rz ACRE . AREACTKE, BENLKCT- B MG B 1 5 2507 30, IR LR B
TR ST BR R B KCE D T ANBURR RS AE[12], SR T IX A R TAR 7 SR A RESCR BB AR, ik
AR N 5 B SRR AL .

ATOH IR 0 5130 K BRI AR IEREAT N TARTE, 53 AMEIZR e % b ok 30 R A 9 ]
G A AT VI ZRER, PRI R 2E 1 1000 SRR, 528 BT AL AR — IO AU IR 5 2R i B R LT
8:2 ekl 7> A ZRbe S Ak Bk 1 P

3. RAE
3.1. EFETRE

TEEF IR B 73 BT S5, AT A — MY, SRR A FR R Sk i 5 A 1l %
DA ORAS I AE P, [FIN FR AT R B A BT, DA TR S BT RV FE, I PRAS I, AT 78 403 2 Tk
AP BRI RT I RE SR o ARG IR FE PR 2 IR ZAFAERE FE W R I IR R, 456 T R ZE M ZS R3S, Bs b
FEW I E) i, TR SR JE I 28 454 . SR B A RAORFAE[13]o BEXF B ia) @, ATl 14]5%
FEH ResNet, 1% /0a4h M2 5% ZZ A (Residual block), BEXHE B MIRELHBIRE, M 27038 02 20r )
WP ORIETERE . A SCILEHE ResNet18 fE N E T M4, HFZR fif4h: gl N T EkZEY, i BhERE R
TRFERRZE IR 28 I RN (R BT 2R 1) R, 5 B X 2% BE S Dy IRAG R R BE IR I 2%, SR BRI B &
H—Ab A EFELE R . RN, FEASEZEER P2 iGN 1 ik 2 ORI m 2 PERE . E 28 1 s R 4
S E R DR S E A R, LB G, mEE g N REREE, H TR
(R ARFAIE B S5 8116 th 28 0 1 43 3

KL A ResNet WMZE L H, £ T W% BT — o AN AW T AR ERE R EG R
DM S E ST &, Rk RG2S i) MSE V3 B WL REE B AN [F) A7 B 52 BEAS [ 3
B, JEHAT AR, S0 S Ours-ResNet18 BUAERL LN 2 Fiow, HH Layerl-Layerd 735l f045 2 Mk %=
M, AR ZEBRECE K GSConv A1 AT MSE VER IHLHIEIAR, Bt sk 2= s i 2(a),
T4, Layer2-Layerd SNk 22 BEHLR5 0K 4 HH A5 N PR BAcas 4 P2 2 46 A [RD 7R, >R A shorteut J7 X
f&id, Sl 2(b).
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Figure 2. The structure diagram of the improved Ours-ResNet18 network
& 2. 2i#t Ours-ResNet18 f4&&5#(5]

3.2. gk MSE =41

N T SRS ST N RHAE B B8 2 RO &R, ANISEASE 2R 7 2 ST RFAIE R s I R B o DG v 3 2 1)
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Figure 3. Result diagram of the improved MSE attention mechanism

& 3. it MSE GEE I HIZERE
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(2) % SkEERJTHUH R — T [ AR5 5 A B R AR, H 0 AR 6 AL B SUBR Y , i
RSN B R IR R R, 7 B AR5 B RO SR B, R E P (A
SURFREE 7]
04 SR 1R LI IR0 £6 F K 0 N B 0 D S, KSR B LB 0 € R A
KeRU AV e RY ZABHUEIE, 2 ERIEHENER N IAR, * Q, K, V UAFFMAH, M3
WO WK WY FEFEALEE, e R A

T
Attention = (0, K, V') = softmax { 3[;» ] v )
K
FAVERENERE 1 oxr, FASERR 73 73 gk AT B S EAC B, Hohyd i ) Skl s A
H, = Attention (90w, K . W,V 3)

WA MER AR AR PR, ST GBI ERIURHESSBE G R, 4T Reshape #1EH
RFOE A SR ONJFCR 4RSS, AR e, AR EAL I8 B4 (IR IZ IR EE MR o RRAIE P48 22 Sk s oLl Ak
HG, IR T BB AR OCHRERFE, %] T oM, BESR T RFIE SR EL AR ) A 2% R AL RE

(3) Excitation ¥ P IR(2)R B il — MG 2, BE R4 RS ReLU Bum sk, fdsdt—
MNeERE, f)aidind Sigmoid BUREREL @), )R,

1

Sigmoid(z) = e 4)

S=F,(zW)=0(g(zW))=c(W,5(Wz)) )

X 6 K ReLU WUAKEL, o 103K Sigmoid WUFRR A NEIERLZ, W LR Cxr=xC, W, 4
FERNCxrxC o

(4) Reweight #5144 43 A 18 18 A E FRFAE P 42 BEE T A FRAS BUINBUS 1) 7, S 2843 B s A i)
Wi T, wx6)s (7)FTR:

fc = F;'cale (ucﬂsc) = Scuc (6)

Tl 0.4, (N

Al F, (u,,s, ) RAAENFAE R u, T REAS B8 BT 270 3R 62
3.3. BEMIEIT

T 7 251 W0 % rp b B3 2 I LA IR 48 1 2 808 Mo SEE R B N, 552 br it Tk st A i g4k
BB SR ANABAE, DRI 75 0] X 4 AE A UE AE AR R A IR 00 ) HeBE AT R A it

TG HIR FE v 4y 854587 DSC B DW (Depthwise) % £ Fll PW (Pointwise) &R 41k, B EW/NMTHE 4
FEAI R SR, IR i R R PR RE[18]. NSHOHE BRI A E T SRS EGHEE
N NxMxDpxDy, TR BT 8N M x D x D +(1x1xMxNxD;) , Horb D, NEHIE IR
5ty D NIRRT, FINEEHGCN M, BHiEEEaCCA N, B THE TS, WER S G RTT
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fil & fig 71tk SC (Standard Convolution){& 5 2 . Ak — 5 InLASE, JEik DSC ffrH 45 R AT Rzt SC,
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Figure 4. GSConv convolutional structure

[&] 4. GSConv HFRLEEH

GEA BT RHERRTE R B T S R B, AERR RS B SRR L, AU R T ARG RIIR ] 2y
%J@»%\mﬁéﬁ’] WA, AEdk/b S8R, IEREIR F R I F . DSC. SC. GSConv [ [A] & 4% B 1 A 3(9)~(11)
FizR, o, Wﬁ%&%ﬁl’é‘lﬂ@ﬁ&; H N R EE S s K, K, NERZRIRN: ¢ oM B
ZIEER, WRAMANREREEL, C, AR R EE .

Timeg. ~O(W-H -K,-K, -C,-C,) 9)
Timeps. ~O(W-H-K,-K,-1-C,) (10)

. G,
Timesge, ~O| W -H-K, - K, .7(Cl +1) (11)

4. KEERS T
41. THFE

{# ] Linux #4F 24, AMD Ryzen Threadripper 3960X 24-Core Processor Zb ¥ %%, 24GB A7, NVIDIA
GeForce RTX 3090 ] GPU. JF&F& A VScode, i Cuda 12.0 #4¥F5E, Python 3.10.12 ZwfEiE =,
PyTorch.2.0.1 JRFE S SIHEZE . AT Z5 200 4~ epoch, ¥ & batchsize N 64, IHit Pytorch 3 2% S HE L
ITHALRE 3, B8 CUDA it AT nidiz 5.

4.2. {REGTHIERR

¥ FHHER 2 (Accuracy) F5Hf3R (Precision). 7 [F] 3 (Recall)fl Fl-score /E AN bR, BikE L

(12)2(15):
Accuracy = TP+TN (12)
TP+ TN+ FP+FN
Precision = TP (13)
TP+ FP
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Recall = P (14)
TP +FN
Fl=2 Precision - Recall (15)

Precision + Recall
TP FREALE IE2K IE#I 0 5N IERIREASE, FP R SR KN IERREARE, TN %
TNKE AR IET 3 SN ORI AR, FN R IE R R 0 PN R FE AR B - il TR 26 RS 1 26
H[EZH Fl-score FMEHUR, RN 70 FVEREBRLT

4.3. ER5HR

4.3.1. AR HERFTEL

SEHKE TR Ours-ResNet18 55 AlexNet. VGG16. MobileNet V3 small. ShuffleNet V2 x1 0.
ResNet18 Al ResNet34 FE47XJ LG, PFAl Frd@ A B 2E AR v B R e 2im A 10 7 P RR AN AR, S AR AU R IS
UEEE I A B2 FURE R R i R i 2 o o

Table 2. Comparison of classic classification models

® 2. ZHESIARBIRILL

Model Accuracy/% Precision/% Recall/% F1-score/% Params/MB ~ Cpu/ms
AlexNet 88.10 88.20 88.21 88.21 217.53 32.81
VGGl6 87.99 89.82 88.38 89.09 512.24 74.26
Swin_v2_t 81.47 88.92 81.53 85.07 72.26 71.52
MobileNet_V3_small 87.30 92.86 87.28 89.99 5.81 12.64
ShuffleNet V2 _x1 0 85.18 93.33 84.80 88.86 4.80 11.30
ResNet18 88.07 93.73 88.15 90.86 42.64 19.57
ResNet34 88.84 94.66 88.76 91.62 81.20 27.80
Ours-ResNet18 96.47 96.96 96.60 96.78 28.72 15.26

B 3% 2 A LE H, STELAY AlexNet. VGG16. MobileNet V3 small. ShuffleNet V2 x1 0. ResNetl8
F1 ResNet34 W25 ] Fl-score #RIA T 85%LA 1, FH =T M %% ResNetl8 ] Fl-score iAE] 90.86%, N
Xif EL 48 () f il FTHRAR . Ours-ResNet18 ] Fl-score i5 ] 96.78%, #HELEk AT Fl-score $2 15 5.92%,
[FI S CEHER 26 . R B R0 R 28 E L e AT 20 R T T 8.4%- 3.23% 1 8.45%, H.# i T AT AR A s
TE B 5Kk S Pk WU o B T, AH B St RT R L iRm0 22%, EARBE 18 T ShuffleNet V2 x1 0 F
MobileNet_V3_small, {H Fl-score B> AR T 6.79%H 7.92%, ANAE BRI 4> Kk dild 2,
AR/ T 30ms, AL 7GR B S 0 B R SERR AR PR R . LAV, BT Ours-ResNet18 M4
TEMIR A AT IR/ TR RN, B 7 R DRS P RS IR S, 25 MR R EE A

4.3.2. HEBIE

it P IRUE AR 2 RHCR, HIRE R BN B8 Ra R, RISk S R
! ResNet18 7ERFFRERIA A AIRG 0 280 A [ 22 PPN fa b, PSR KRB FERE W] 5, seie g R an &
3 e

A 3 S HT R ENERE R Gk 5, T R0 BRRE B FE (Precision) . 4 [81 28 (Recall)Fl F1 73 0356 W35 48
Fro XK B 5 PR R A R SR ARy, BT AR BT S . AT, Sl e
Ours-ResNet18 A FE R G R L5 )i, YEREAG 2 T W42t
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Figure 5. Comparison of confusion matrices

5. IRBEREMEXTEE

Table 3. Comparison of various indicators before and after model improvement.

% 3. BRI S &R L

2 AT ResNet18 ot f5 Ours-ResNet18

Class Precision/% Recall/% F1-score/% Precision/% Recall/% F1-score/%
Long 91.62 97.45 94.44 97.68 98.51 98.10
Normal 92.75 98.38 95.48 96.44 98.79 97.60
Other 95.95 65.14 77.60 95.33 93.58 94.44
Powder 94.74 86.54 90.45 97.09 96.15 96.62
Short 93.58 93.27 93.42 98.28 95.96 97.10
Mean value 93.73 88.15 90.86 96.96 96.60 96.78

4.3.3. JHRRSCI

KXEEE T ZMERBEA, AT 7 AR SO BRENUAN B 2 SN EOrf i i sids, R & 4 fos: H
454 MSE 5 GSConv £ R Ours-ResNet18-8 (£ kAU 8) K I i, Fl-score iAF] T i =11 96.78%.
EAERNZ, bEEZRBERIGM 4 2 16), MEFZEIFRRRE A, XRWAIEAZ Z LB 2 Y
KI5 . 78 CPU HEFRRS (] I, X3E/5 M) Ours-ResNet18 #ERIA LA T35 A GSConv FARM
MSE #8I4 BE 0, Hak cpu Kl AITA R T 15.26ms.

Table 4. Comparison of different improvement modules.

4. TRIBHRIRILE

Model Accuracy/% Precision/% Recall/% Fl-score/% Params/MB Cpu/ms
SE 92.08 95.06 92.20 93.61 42.98 17.07
MSE 93.95 95.59 93.22 94.39 43.03 19.20
GSConv 92.40 95.29 92.45 93.85 26.71 14.73
SE-GSConv 91.52 95.17 91.86 93.49 27.05 14.01
Ours-ResNet18-4 96.18 96.48 95.85 96.16 27.09 13.99
Ours-ResNet18-8 96.47 96.96 96.60 96.78 27.55 15.26
Ours-ResNet18-16 96.25 96.93 96.48 96.70 28.72 16.31
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25 FRTIR: 45467 MSE 5 GSConv H AR AR Ours-ResNet18 fEHERIZE . KEAZE . FREIZE. FI 0¥
PLK CPU #EHR [A] FIRBUH &, FIRCRE T RIRMSEEE . XRPIRE 0 EEREARE —ME
FIRERLeAL F B, o] DAEARN BB B IS A & Z FE RT3 R, B R FHE R ME B
5. ihg

S AR R ) A0 K KRR A 0 B, S — R B BF 0/ th DL F R Bk,
S, PR TALATHLR S it RV BIA IR, I RSB IER L FRH R AR T T S 2R % RS,
LRI B T R AR IE R . S, DU RSN T2, Bt T B A el MSE 177
BURIR B Ours-ResNet18, ZHURIA ACHRAG T R4 B RIS A0 B F SRR, FIN 454 GSCony
BRI T R R, BB T BRI E, METTHR T T 6t R Y D R
SR, ZSRYNE, Ours-ResNetl8 UL TEMIRRIOEUIRAL |, T i R M BIMERIRIE BRI, BT 24
SR O AR, I FL 5 SO I b BB 2R AN BB 7 T LR34 (L, Ours-
ResNet18 77 7E— i M RILYE,  Hol P A O ATt — 2 5 0 2 5 SRS 2436 S
HBH T BRGS0 T SMCE FLRB AR, DLSC LT 2 AL
OB, AT HL B R R I AR
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