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Improved YOLOVSs algorithm for bearing seat defect detection

Wang Lang' Xu Yun' LiQi* Gao Liang' Zhang Jiajun'
(1. School of Mechanical Engineering, Sichuan University of Science & Engineering, Yibin 644000, Chinaj;
2. Sichuan Changzheng Machine Tool Group Co. ,Ltd. , Zigong 643000, China)

Abstract: Currently, defect detection of CNC machine tool bearing seats primarily relies on manual visual inspection,
which cannot meet the demands for high precision, high efficiency, and low error rates in industrial production. To
address these issues, a defect detection algorithm based on an improved YOLOV5s is proposed for CNC machine tool
bearing seats. Firstly, the HardSwish activation function is used to replace the GELU in ConvNeXtv2, and a novel
CSCConvNeXtv2-HS structure is introduced, incorporating the CSC module to replace the C3 module in the backbone
network. This modification reduces computational complexity while enhancing the feature extraction capability of key
information. In the Neck network, a Scale Sequence Feature Fusion module is introduced to improve the model’s ability
to extract multi-channel information. Finally, The final proposal of the Focal-Inner Loss loss function not only
improves the speed of training convergence but also reduces the impact brought about by the imbalance in class
distribution. . Experimental results show that the improved model achieves an accuracy of 91.09%, a recall rate of
81.97% , and a mean Average Precision of 84.40% , with a processing speed of 61. 73 fps. All evaluation metrics show
improvements of 2.52%, 4.47% ., 6.7%, and 1. 12 fps compared to the original YOLOv5s model, thereby satisfying
industrial production requirements,

Keywords: YOLOv5s; HardSwish activation function; CSCConvNeXtv2-HS; scale sequence feature fusion; Focal-Inner

Loss function
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A DA IR Tl R T P R TR S K A DA e A 1 PR L
R X T PR B B P LR 1Y IE #3217 Mg = TAE SR A

P ) 4% 25 119 B AA WL PR Bl 70 e 25 P St g A W 3 A T
N B A 3R 5 AR 07 532 BT R 52
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ARy H5e /N — 3% S FF ) & ML (least square support vector
machines, LSSVM) , A] 47 280 R 51 K 9K <49 ] 48 18 35 folt doke
A . 79 Rl 250 B 3 3R 2 45 3 (polyethylene pipe, PE)
HEAT B B A I I 38 2o R AL B 7E Y OLOvS B8 )
A FR = JIHLE] (coordinate attention, CA) . #2 7+ H Fr A
TR AE SR IRAE 0 . E ek 450 B 1 3 5 IR B P12 g 2
B B 52 I, B2 T SqueezeNet # 48 K9 28 Xof £ F i A J7 #f 32F
FTBRBARI 7™ &7 5 52— 2 R AE 1 58 0 22 R il
A 19 BRI HE, B A (printed circuit board, PCB) it [ 46 I 77 2
FCM-YOLO, n] 3§55 46 /)y H AR 1 F 552 22 1 B0 69 45 11 42 1
AEJ1. SCHRL6] 2ty — 7 50 & 23 & AU PConv B HI T
FasterNet #5881 , 78 [5] B9 2> T A% P15 0 P8 A7 17 [ O 38 5 54
(O BRI AS T RRAE . 5 D 45 42 4 o 3 b AR A e o 2 TR
BRUMAZ] YOLOvSs 9 2% 1) P =[] 4 7 B it 4L (spatial
pyramid pooling-fast, SPPF) Bk , 4042 = T Jo A WL 40
PG /IS B AR PN RE T . ZEBREK A5 42 1 BT A E b 4G T
B SFFY OLOVSs . fiff HR 7 A 7544 1 B i3l 5 R S0 &
75 0T X DL A A 000 4 ] A

H i, BBy Bt H AR A8 (you only look once, YOLO) £&
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AT: 55 THD X Pl 7R e 3R T A7 FE 6 T /s B AR RIS 4 B AR DL S A2
FOG BSR4 0 AR SRR A AT A A — 2 R BRA: L 491 4 H A
FRIESRBCRE I R X R AR S A TR 55 .
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B8 H 4 1 ff7~. £ backbone W %% I, 2k FH 4 % 1)
CSCConvNeXtv2-HS 45 #)  #e C3 £ 1, 76 95 A #5111 2 %
7 (14 [ A 2 e 4B B R AE 4R AR 7 5 7E Neck P48 |, R IR
JE 5 BRAIE Bl & (scale sequence feature {usion, SSFF) A5 Ht
Sk 1 5 ) 45 14 22 RUBE £ B4R BUARR ) 5 B 5 51 A Focal-Inner

Loss 5t 2% pR U $ 50 3% 28 If: Lt (complete intersection over
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Fig. 1 Improving the overall framework of the model

1.2 CSCConvNeXtv2-HS 1& 3t

SCHRCOJ42 1 ConvNeXt J& —Fh it & T 45 BUM 22 1 45
(convolutional neural network, CNN) 5 i3 I #ff 28 [ %
(recurrent neural network, RNN) A JE & # &, A I CNN
PEIUR FRRAAE AT RNN 7 $2 4 FR AR ¢ R I A 3, e Tl
TG R SCA A 25 T HAHESF YOLOvSs il C3 454
Jn#z g {4 ConvNeXt FIRHESRBON NG 4, IF H i TR A
FIAER ITOLH , 5 BB X D)o o 3R 4 AR B AR A
Kt Woo ZE5 R VK — 4~ a5 BUE T [ 4 A0 A5 AE 2R —
AN 19 4 B e . 9 — fk (global response normalization,
GRN) 2 ¥ /i 3] ConvNeXt 244 . ¢ ¥k #2 1 ConvNeXt
V2 BB, A b ConvNeXt B, 3k [11-12] 48 5 )
ConvNeXtv2 8 R B T IR BE 7T 43 85 46 FR A4l 4 F1 0 2>
TEHMITE R, I H ConvNeXtv2 5l AT AEFEESIHLE,
el 75450 A K B S RO OC R Rl AR TR RIE HAE ZBOSHF
A Rl R0 TE DU A k45 O THT A AT 2 3 R R T R4 . 0
PR B R R 1 40 15 25 46 1 . T (Gaussian error linear unit,
GELU) . AR/ T 6 A R I BL AR L HZ GELU Ji pR
BOTRE R, AR REA RS LT, A SRS
MR 1345 8 19 HardSwish 1% #8302 #t ConvNeXtv2 H1
GELU i pR 45, Horh HardSwish #0 pREUE W -
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. ReLU6 & 18 IE 4 ¥k 8 T (rectified linear unit,
RELU) B HU — R AR 0K B i i BRI/ 0~6 Z 1],

GELU i p& 80 5 SOA -

f(@) =x X ¢(x) (2)
K ¢ (o) WIRHEEDR 470 1 Rt 4r 10 4. GELU #
I BR VR T R B AR B RO R A FEIF RO B
LA HardSwish, 3§ H 78 Ul 2k i N 17 5 1] & 5 2
52% 5 SCHk[ 14 148 8 HardSwish 76 Y1l 2400 1 8 5% T B 3 F
T REAS 20 HG Al 3% o bl H HG IS 22 10 ik g /0N R E
i

ConvNeXt l ConvNeXtv2-HS HARZEMUNE 2 AR,
ConvNeXtv2-HS

Conv 7x7, 96

ConvNeXt

Conv 7x7, 96

Conv 1x1, 384 Conv 1x1, 384

HardSwish

Conv 1x1, 96

o

2 ConvNeXt fll ConvNeXtv2-HS [y 45 #4 &
Fig. 2 Structure diagram of ConvNeXt and ConvNeXtv2-HS

Conv 1x1, 96

18 18 4> # 2 FH (channel split convolution, CSC) 45 44 &
— S BRI AR R, 5 TR R HE o 4 238 1Bk E 1T 45
FLZ B SR 15-16 T4 Y CSC 45 K9 7T 5 3 80 1+ 3 A -
VDA TR %o i SRR A M ) BIURR B

A ConvNeXtv2-HS # K 5 CSC 45 # 45 & . 1
4B i) CSCConvNeXtv2-HS 1A, BRI G5 &l 3 fifm .

K 3 CSCConvNeXtv2-HS #& 5l 4k #4 [¥]
Fig. 3 CSCConvNeXtv2-HS model structure diagram
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1.3 SSFF &k

Kang &4 — Rl 3 F 13 58 0 RO 7 3 il A B9 4
ASF-YOLO, H R Fl SSFF 5% He o 34 i 312 B 22 KB 15 B 1)
REST o A SCEP TR DR AR i 22 RS (A , #% Y OLOv5s
BRI 5 SSFF BEHLAH 25 & . B HUAH 5 F (R H SR gk
Concat K fill & 4 55 FR1F 19 45 44, BE 05 37 47 5 I8 2 7 41F
PR B e A A L 5 TR 2 AR AE TR B0 PR A A B4 L Hoh B4R
K/NFEBE R AR T & A Ak (A RE R AR R IE AR & &
AAEfk., HASW R 4 iR,

Kl 4 SSFF %54 5 3 &

Fig.4 Schematic diagram of SSFF structure
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HRURBCENTH R B FHI4RE . SSFF Bk (15 R 55 4 9
YRR AE B P3 X/ BB A R ) A OC 2,
SSFF &%+ P3 &iTr) LA BT .

DR 1X 1 B & Bk P4 M P5 A 45 AF J2 1 18 B0k
H7 256,

2) fff F B 40 7 R AR B AT RN A P3 S RSE
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1.4 Focal-Inner Loss 35 5 &5 £

YOLOv5s BERIR FH Y 2 CloU 4 45 R %, % 151 2k eR 3K
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SCHRL 18] Y Inner-ToU 451 4, BV 3@ oo %6 By o S HE 11
B 38 I I (intersection over union, loU)#i2e . H i H 5
Bt (ground truth, GT)HE FESHE S 3 R 6% Fl b, GT HE
A Inner-GT AE M 0 5500 (28 v s SHHEF Inner-4f HE
WO s e,y . GT HERY 58 BE A &5 B o Bl R R
w 'k BHE Y SR R B AT w ks R T 2ROR R
ratio , W DL 4 B i BOAE 9 R SF . Inner-ToU 19 # 3£ &
HAAmE 5 FiR.

e by [T . b(xé.yc)

Target lnner -Target Anchor lnner Anchor
box box box box

K 5 Inner-IoU 4k

Fig.5 Description of Inner-IoU

/N I
b = pr — w® X ratio 5
2
X rati
R (6)
2
b :yflih“’thio N
2
h* X ]
R RS L ®
2
b, :I(inratio 9
2
b, = x, 4 L 2Talio (10)
2
b, — o ratio an
2
n .
by = o, 4 Tl (12)
2
inter = (min(b* ,b,) — max(b§ ,0,)) X (min(b§ ,b,) —
max(b¥ ,b,)) (13)
union = (w* X h*) (ratio)” + (w +h) (ratio)* — inter
(14)
LU = 25T (15
union
A HE S
(ANB
Liper = 1— 16
e A+ BI—ANB (16)

Hor A R TUNAE . B A L SCHE 4 A B/ ROSE 1l 1)
HFAETR ToU #8F B T 5 ToU FEA (Y [ 19 LA K i
WSS A R R 1 i Bl i A T 5 ToU 45 2K W LA ke
I ToU FEAS [, 4k T 31 72

Focal Loss & TE fif P 28 5| A - £ o) R, 0 HOR AEHE AR
EATEREZRHERET . AT

FL(p,) = —a,(1—p,) log(p,) an
Krfs p, SRR B A T AE 2 5 o, &5 ISR AH
AL 5 T A 2R 505y J& — AT S8 T T
O3 SREAS I AR 5 2k BRI R

H 4R Focal Loss TUV‘H*%UT?@TW@JQ%F@
RXTHMEFRHEARRTE G D ZWREEmW, AT ERE.
SCHRCT9 4Rt 3 ¢ JEBCRIEE T ToU 52 45 H A A ) o
W& B , T — A [0 3 R AR 9 Focal Loss, A XS % A
AEKs 45 Focal Loss $12% BR A Inner-ToU 4 2% pR B2 HY
4 H Y Focal-Inner Loss 12k AL, LI B it YOLOvSs HHY
CloU 41 5% bR 80, HosE S

L toartwer = ToU'L ., (18)

iZTﬁ%u%ﬁl%%W%ﬁ‘]ﬁEﬁ S ANAS G T T AE F0 B B AE
V14 o X DA R ) S DX 5 0 SR AE ) 5 R L T LA TR 28 5]
AN [70) RERIUE 2 REAS S5 A AN O W7 1 B4 1 1 e

2 HEESH

2.1 ERHRBREBHIEE

AR S8 R ] PyTorchl. 12, 1 1 Sk 16 B 2 > B B E

8. python3. 8 % B ifi 5 . LR AR RGN 64 fi

Winll,GPU & NVIDIA GeForce RTX 4050 16 G 2% . i
I CUDATL 3 X% GPU finsg . #ERII 252 KL epoch B E N
300, batch-size i 16,imgsz SN 640, workers i 8, 4] 4 2% >J
K 0. 01, SGD bk, 5 22T S il 2k S 80k
BESH—2
2.2 HEHKEmAeE

AR AR B R B R IR T U RAENURE G BR A7 . 7
AR PRGN IR A TR SR AR 5 250 3K Oy sl B a4
JET TS LA R A RNIZ AL BE T AT B B 5 Ak 3
B E 700 3K A0 R R T REVE T SN L R B AR
SEPRAE . R 640 X640, Bl 4R PN 2R AR L B IE 4 A0
MK SE 4304 560 3K .70 5K .70 K, LL Ml 8:1: 1, 43R 46
PR &l 6 frs .

K6 Ko gk oy B R

Fig. 6 Partial images of the dataset
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3 S E AR /\\HEQ%J?EI’»J Focal-Inner Loss #l j(jlﬁ)( [20‘]'%': iy S‘hape—ioU

AR SCHR 21 ] 9 MPDIoU #5125 s %K, 4 CloU #1%%

3.1 MR oA B AT PE REXT L, Ho P CloU 12k B BUE YOLOvSs HI4)
A SR R VE O 8 AR DR 4G B PE B ME TR R IR PR RE. XT LA RN 1 R,

(precision,P), 7 [A] # (recall, R), ¥ ¥ ¥ E ¥ (H (mean

average precision,mAP) , 24 (parameters, paras) , £t B

B (frames per second, FPS) #14& 4% ¥ (giga floating-point

K1 BEEHILL LG

Table 1 Loss function comparison experiment

operations per second, GFLOPs), & X1F ; R AR P/% R/%  mAP/%5  EPS/fps

TP CloU 88. 57 77.50 77.70 60. 61
Precision = TP L FP a9 MPDIoU 91.18 81.58  81.61 45. 87
P Shape-ToU 87. 38 77.59 78. 84 68. 49
Recall = TP L FN (20) Focal-Inner Loss  91.09  80.00 81.45 80. 65

AP = j:P(R)dR 2o F H TR R Wt 2% R $ CloU, Focal-Inner Loss #l

| < MPDIoU 7£ ) P. R. mAP I ¥4 & K iy 2 7+, 3

mAP = IEAP(Z.) (22) MPDIoU I, Focal-Inner Loss HJ $2% F+ B & — &, H

1 000 MPDIoU 1y FPS T[4 24. 32% , i Focal-Inner Loss B FPS

FPS = pre +inf + NMS (2% 2T 33. 06 % , Ak Focal-Inner Loss M-S Tl B3R 1

Hop TP RoRBE B SEBR N IE S0 M RE A IR B = Ak,
RIEZEH; FP Fs B AV SEBR Oy 5 28 S A RE AR G R 00 3.3 SHRRSEIG
HIEZEN ;s FN 3R 158D 52 B Sy 15 28 0 19 456 AR 48 35 350 0 g T B AR S A A AR A kot AR 1 A
RSN 5 pre Fon BUR AL B (8] s in f FoR B A,  FLHATHMIR, 8 1 IR YOLOvSs; S5
NMS 7R J Ab BRI [a] CH XA R0 iy o 4 SRR AT 6 40D . 1l 2.3 .4 U FE SEREBEAY [ 4> 5151 A Focal-Inner Loss 1 42

TFAS SO IS AL —Fb B 0 = 1, Rk mAP = AP, PRBIURE B L CSCConvNeXtv2-HS #% 5 F1 SSFF # He s 5255 5
3.2 K EEITLE XL fE YOLOv5s | 51 A Focal-Inner Loss i % iR % Ml

HEE Focal-Inner Loss i 2% p& 8% #5146 0 2% 5 1Y CSCConvNeXtv2-HS 254 ; 5256 6 W ¥ 3 AR EER 5] A
AL R HE R A SO 7R B R AL YOLOvSs B4 ls] Al HARSZaG 45 Rk 2 fiR.

x2 HEXK

Table 2 Ablation experiment

Experiment  Focal-Inner Loss ~ CSCConvNeXtv2-HS  SSFF P/ % R/%  mAP/% Paras FPS/{ps
1 X X X 88.57  77.50 77.70 7 022 326 60. 61
2 J X X 91.09  80.00  81.45 7 022 326 80. 65
3 X J X 90.29  81.58  82.46 6911 318 63. 69
4 X X J 91.92  80.53  81.74 7 350 774 68.49
5 N N X 89.72  82.76 83. 14 6911 318 60. 61
6 N N J 91.09  81.97 84. 40 7 239 766 61.73
AHELSCE 1,525 2 7E A Focal-Inner Loss i 2% B % LTS 6 BEHEF 1,4 3 D REHHER I A B FERR AT S

S, POR.mAP 43 5 Bk T 2.52%.2.50%.3.75% » P.R.mAP 4 Jl#F T 2.52% .4.47% .6.70% , Paras &
Paras N8 ,{H FPS KIg42 7+ T 33. 06 % ., % B Focal-Inner W R T L {2 FPS AN I 38, R K 3 BB 5] A S
Loss 5 2% R B07E B2 T4 46 D0 1 B A [R) s tho I sl 7 e 885 52 88 AR YOLOv5s i A 30 i PRI RO 38 B e 4, TR &R
3T P.R.mAP 45 Lk T 1.72%,4.08%,4.76%, e TAR

Paras &A% 1. 58 %, # B CSCConvNeXtv2-HS B I 4% 3.4 BBt tES0Ig

H ORI G ) AR AE SR 4. SEYG 4 7F P.R.mAP LRl T R U E AR SC WO SR B RSOPE RS M B N B AT
3.35%.3.03% 4. 04 %, 8k Paras B T 4. 68% ,1H FPS F B ¥ SSD300. YOLOvS5s, YOLOvS8s, YOLOv10s,
HTE P, K W] SSFF 250 A AR B 2 IR EE IR 155 T 2 Faster-RCNN LA K SCiik[22 42 5 19 Redetr-R50 #4714 g
ROEEFFIESRBURE T X HCSEE S A RN 3 R
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Table 3 Algorithm comparison experiment
X7 P/ % R/ % mAP/ % Paras GFLOPs FPS/fps

SSD300 — — 56. 15 — 273.2 —
YOLOv5s 88.57 77.50 77.70 7022 326 15. 9 60. 61
YOLOv8s 88. 12 73.55 75.15 11 135 971 28.6 54. 95
YOLOv10s 91. 49 74.78 80. 42 8 067 110 24. 8 4.97
Rtdetr-R50 55. 8 44.7 42. 8 42 762 787 130. 5 37.30

Faster-RCNN 81. 83 77.35 60. 45 — 370. 4 —
Ours 91. 09 81.97 84. 40 7 239 766 16. 4 61.73

SEHG F A AR SO B M AL B ST 1 SSD R I
., 7 mAP 8 F T 28.25%; # M A ¢ Rl g m
YOLOv5s, 78 FPS W& G #2 i i Rl i, P 42 T+ 2. 5200, R 2
Tt 4. 47% .mAP 2Tt 6. 7% M L YOLOv8s & 8k, 45 T 1
FEfEhn B A 4R T, P.R.mAP 2 BT+ 2. 97%.8.42% .
9.25%,FPS & &b 42 T+ 6. 78 Wi; A tb YOLOv10s, P T f&
0.3% . R#TF 7.19% . mAP £ Tt 3. 98% . # Ltk FPS, A& 3¢
¥k YOLOv10s 19 12. 2 f%. 1 Paras il GFLOPs B [t
IR R VR 0 L {E O A5 B4R s M Redetr-
R50, MUt Ik e 45 AR br 1A H 4 R 3, Kb PR,
mAP 4 532 7+ 35.29%.37.27% . 41. 6%, FPS & I T
65.5% ;M b Faster-RCNN ik, St B % 7 P.R.mAP
AR FE 9.26% . 4.62% . 19.95% . GFLOPs B & 10 K
Faster-RCNN & 19 4. 43%.

3.5 AHLSH

R A TR S At A R Y i L AR IR 4 R AT Rk
S ABS U ) 356 Bl 4SS AR 04 A U Ak SR TR AR A AT, B R E 7 ST
B T Az 7= 5k R v, et BRSO £ 47 O 8 O R
AKE LB KI5 Y AT O, R I T 3 A AS [R]1E OL 1 ks
TR AT XTI

FEGE Sk B (W 15 B0 T JE AT Bl B AR DU, B b 2 Sk
YOLOv5s & 0 B, A7 il Ay e 2F 450 80 48 3 1, v DL &
YOLOv5s fF7E I R4, B B B 7 I 0 T R I R4
X EERCR I 7 BTR

P 7 ORI SR X L [

Fig. 7 Comparison chart of blurriness detection effects

WG S R I R R i 8 B as, BT A
YOLOvSs & W &, T J7 b i aff A 30 & I &1, mT DLk 3R

YOLOvSs A7 76 b G T A o 20 tE B8 B0 A A7 72 DR 4G JF LR
KEEM TS .

8 BB I AR X L

Fig. 8 Comparison chart of detection effects in high-light

TEIEH 1 OU T RAEEMR  Z20 8 YOLOVSs Al 151, F
Ay 50 AT ARG P Y OLOvSs A7 76 T A6 98 52, Bk A58 78
K YOLOvSs oA A6 I Hy f9 i B . X b 2058 an 181 9
B .

9 — B AR T L

Fig. 9 Comparison chart of general detection effects

I SR S 7 =R G A I N G 3 7 el - N
YOLOv5s 83, 78 52 b #4 A= 72 A A ol a8 455 20 A e DR 4R
PR 5 Y e

4 &5 8
X I T S0 LR O 2 a7 R e o S 00 A
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A, TCHE N R Tl A 7 1 5 hE B R ORI R R R R

SR AR SCHR B F E0E YOLOVSs 1 Hi LR %l 7 )38 B e

Kl 389, AR SCHE ConvNeXtv2 25 #4 1 5] A HardSwish

WG KBRS CSC 454, 42 i CSCConvNeXtv2-HS 4

¥, B 5 4R YOLOvSs B L backbone 43 AY C3 2544,

T 42 i 155 YRR AT 312 HRCRE T3 1 [7) I B3R ARG T 50 JUAS , 496 iR A Y

FasE P s 7E Neck PIZ& 5] A SSFE 5 B e 3 i 9 26 19 2 R
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