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Abstract: Precise optical image localization is crucial for improving industrial production efficiency and
quality. Traditional image processing and localization methods have low accuracy and are vulnerable to en-
vironmental factors such as lighting and noise in complex scenes. Although classical deep learning net-
works have been widely applied in natural-scene object detection, industrial inspection, grasping, defect
detection, and other areas, directly applying pixel-level precise localization to industrial components is still
challenging owing to the requirements of massive data training, complex deep learning models, and redun-
dant and imprecise detection boxes. To address these issues, this paper proposes a lightweight deep learn-
ing network approach for pixel-level accurate localization of component optical images. The overall design

of the network adopts an Encoder - Decoder architecture. The Encoder incorporates a three-level bottle-
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neck cascade to reduce the parameter complexity of feature extraction while enhancing the network’s non-

linearity. The Encoder and Decoder perform feature layer fusion and concatenation, enabling the Encoder

to obtain more high-resolution information after upsampling convolution and to reconstruct the original im-

age details more comprehensively. Finally, the weighted Hausdorff distance is utilized to establish the rela-

tionship between the Decoder’s output layer and the localization coordinates. Experimental results demon-

strate that the lightweight deep learning localization network model has a parameter size of 57.4 kB, and

the recognition rate for localization accuracy less than or equal to 5 pixels is greater than or equal to

99.5%. Thus, the proposed approach satisfies the requirements of high localization accuracy, high preci-

sion, and strong anti-interference capabilities for industrial component localization.
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H R F A A9 Hausdorff #5585, WF »

da(2,y)=d\ (X, Y)+d, (Y, X), (5)

LZ:mina’(x,y), (6)

dk\(X’ Y ):
|X | rex €Y
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1
d (Y, X )=— ind(x,y), (7)
‘ v

Ho XL Y [0 A X, Y S B8 e AR
Y RN MR H s e S A bR bR B B S X RN
T i 5 B b g S S AR AR A
i P AT LAAS BB a0 S R L
S IEANBEAR [ B A A bR o R T A S LA
A5 A R B 2 ER & R H DAL Hausdorff #E
2 (Weighted Hausdorff Distance, WHD) R % i
ATy, Bl .
dwn(x,y)=dw(X,Y)+dw(Y,X), (8)

dW(X,Y)=S+s‘;lp,1;ry)r}d(l‘,y), (9)
1
dW(Y,X>=m2MQdP(I,y), (10)
d,(x,y)=p.d(x,y)+(1—p, )dpn., (11)
S=>p.. (12)
1 1
M, [f(/l)]:(mlgf"(/l))a. (13)

X e B E N 10, M, ) Y fH bR R,
€00, 1 1R SCH P 44> AL AR X Bz A BE 3816 .
3.4 MKEH

S T Y 25 3% A4~ ILWLNet, 45 4 Jin A Haus-
dorff &5 bR R IR fr) 50 A B i 22, M TLWL-
Net R 45 s BN T

L(p, G)=dyy(p, G)+ Lo (C— Clp)), (14)
Forp: GO SR A bR 25605 H be i 9 AR AR H A
B, C=|G|,CCp) Ja WMy b5 A 8k
for| x|<< 1
- |z|—0.5 for |z|=1
Lo ()R BR300, 53k HLUSR L - T pR R

_Jo. 5a*

L., (2) (15)

4 F5ZERHH

4.1 ZHHIEESIIZRRE

AT FE 4 56 UE ILWLNet (475 8 , A 3C ik
S Kt B o Bl g — I A IR AL E {7 K dle
A IR0 Bl 3k 358 5, IR 5 rp o AT AR AR Al A
Ja B s B DL TR 7 R S — AT . B AR T LR
WL E 7 BOHE £ I i a2k 318 gk R 5
TN SL LY ol e N (N S BN D S O -

P 4k = - 20 A ML 7 s 4 IR B 3t 529 5K,
JE P 5 Ao e AR AR il T A s B P DL T 7
=17

K7 i 4ol

Fig.7 Dataset sample

ILWLNet Il 5 F0 9 2 59 55 8 34 iz 17 7
Ubuntul6. 04 #:/E RS0 TAESG [ 68419 Bk
i & W F . CPU, Intel Xeon(R) CPU E5-1650
V4 3.6 GHz 12# ;47,32 GB, &, Nvidia Ge-
Force 1080Ti; ¥ 4 B & 40 T : CUDA, 10.0;
cuDNN, 7.6.1.34; ¥ & 22 3] #£ 22 , PyTorch
1.0.0;Python, 3. 6 fiiAS o $EFF Loss {H i /) R
IR Sy BRI 36 E 1Y) e R Y, S I 5 A S
Bl B AR 1R

x1 BHUBSHRE

Tab. 1 Model super parameter setting

Super parameter Value
Learning Rate 4X107°
Optimizer SGD
Radius 5
Batch size 64
Momentum 0.9

4.2 EMER

T FE 4 5 UE ILW LNet 19 # 58 L A SCF|
Precision, Root Mean Squared Error (RMSE) I
Mean Average Hausdorff Distance (MAHD) #f 17
it . HAtRAKXWT .
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(16)

(17)

(18)

(19)

i . TP (True Positive) 2 7~ T 1E # , 52 B Ry
K ;FP(False Positive) % 7~ FU £ 15 , SEFBR A H
FN 275 W00 £ 15, S B M8 TN 267 J000 1F
bR AR s N R R MR U, C, R 5 1R E
v Sz B FRR 9%, C, 3208 1000 A 45 ¢ ok 1R
H AR5
4.3 ZWHERESW
4.3.1 st

FEA R S o, 2545 7% O R E LE ) U1 2R %0
Pt Xt A5 7 5 A5 1 B 1 5 ), 6 I R 0B L 58 E 4
Pt A0 32 B0 A 6 DA BC EE 2R AT 925, Train: Val
cTest 73 W E M 10%:10%:80%,20%:10% :
70%,30%:10%:60%,40%:10%:50%,50%:
10%:40%,60%:10%:30%,70%:10%:20%,
80%:10%:10% , 7£ ¥l 8 F1 Il 9 iy Loss [ £k ¥

350

300
£250
<
>
% 200
2

150

0 200 400 600 800 1000
Iterations

F8 Kl — I 2R iy loss iHh £k

Fig. 8 Trainning loss curves of dataset one

Loss values

150

0 200 400 600 800 1 000
Iterations

K9 s 409 loss ith £k

Fig.9 Trainning loss curves of dataset two

43 W XF R loss_1~loss_ 9, ffi I ILWLNet & 2|
Y, X 8 Bl AN TR L EE 1 B8 VI 25 5t K N 2 i AR
Loss {H/E 7T 04k Ab 31, LA F 4387 I 2 3 A v 46
2 PREL Loss {8 1928 A0 O o

& 8 R E 9 FT AN, WG R A 4 A I 2ok
Loss {H 15 0425 £ 35— 380, Bl 2 I 85040 ek 1)
B, W S R . b RO R T AT
40% , 200 R 3% AR 5 FEAS WL SL, SR )5 % ik T AR
SE AR BR BN R R 5 U SR B R T T
20% H/NT % T 40% , 600 R 3% AC 5 A Uk 8,
SR G B W TR E s IR EE & 1 1026, 1 000 1
WIEA s, 456 R 3ME 4, BRI
AAETE 20% Lb B, 4 B 48 R wT U4 £ 98 %6 LA
b ABJE SN T IR B E ALK BE /N T4 T 5 pixel (IR
BIRK T2 T 99. 5%, I e e A ol g i K T 45
F50% . 5 R B AF 2] i 75 A B BOHE A L,
ILWLNet H 7 % 150 5K 72 47 A6 % 45 4 1 £ 4 B
AT SR A RO BEAE T Tl A RE
b i FH 55 o

A LA Precision, MSE Fl MAHD 1 2 i 4
Febn , R R B B 9 1 2 808 A8 1000 %405
15 31 J5 A 1 W SO A B ILW L Net 4 31, 4 3
515 2 90 32k 4E 19 Precision il RMSE {4 ; H v,
Y2 AR 50 ik 4 AN 3 A R s = e Ac R . e
R RE AT 1 2 B O - A A J 0 o g A
P SRR b AR T E R ENTETS,
iR 2 MK 3PN

WL R 3IME 4T LLE T, ILWLNet W 45 7]
DL IEAT Z2 0 0 RS o 0 o X IR B8 5 L A
20% DA B, 7R 25 /N T 48 F 5 pixel 1 LI EUAS

2 ILWLNetZEHIBEE—hHEMMKLER

Tab.2 ILWLNet localization test results on dataset one

(Train, Val, Test) Precision/% RMSE MAHD Model

(10%,10%,80%)  95.40 2.55 5.11

(20%.10%.,70%)  99.20  1.96  3.92
(30%.10%.,60%)  98.60  2.72 5.44
(40%.10%.,50%)  99.43  1.97  3.93
(50%.10% ,40%) 100 1.45 2.90
(60%.,10%,30%) 100 1.45 2.91 o7k
(70%.,10% ,20% ) 100 1.98  3.96
(80%.10%.,10%) 100 170 3.40
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Tab.3 ILWLNet localization test results on dataset two

(Train, Val, Test) Precision/% RMSE MAHD Model
(10%,10%,80%) 74.50 4.12 8. 24

(20%,10%,70%)  98.18 2.24  4.49
(30%,10%,60%)  98.90 1.98  3.96
(40%,10%,50% ) 100 1.85 3.7
(50%,10%,40%) 100 1.68  3.37 —_—
(60%,10%,30%) 100 2.05 4.10
(70%,10%,20%) 100 1.59  3.17
(80%,10%,10%) 100 1.52  3.01

%4 ILWLNet # 32 i 8] i 45 3R
Tab.4 Testresults of ILWLNet inference time(ms)

- GPUffel  CPUMI{H/Z#  ILWLNet%%
U mbE PEE R
100 5k 8. 34 86. 58 94.92

F /0986 I HERR T YRR R & T 99% 5 1
GRBAR AR 50% KILLL B iR 2= /N T T
5 pixel i #E i 20T LUK 5] 100% . B & Y 2 5085
B 358 0, 3K 4 R A 2 ) RMSE Al MAHD % 22
(B 52 S AR /NI R A R b A e Y TR 2 )
K £ (YOLO3, 162 MB) , ILWLNet £ % i) 2 %
wAEHE A, HA 57 4 kB, XJEH T ILWLNet
2% 1 Decoder Fil Encoder I 2 445 /0 Y 32,
F I Bottleneck 4% A A8 B #2105 8107 X H N &8
AT X AR A5 FURN 23 3 46 AR, PR b R 2 B i
B8 /N o I A B in AL Hausdor ff i 25 4 i
B 18 A R 5 7 A bR AT HE AT O B T A g
Loss & 50k 47 P 2R 1109, ILWLNet fE % H T %
T F Y ORS e 2 A . 55 4, ILWLNet W 2% R H
Up _Block 5 Down_Block i X} [ ¢ 4iE J2 fill & LA
K 22 9% Bottleneck 4Bk, A ALHRE T+ T % 1A 7 45 1y
JELe PR H A AF R 2T R G BSR4 5 2,
T & # 7 f4 Jn AL Hausdorff B 25 , % B ILW L Net
3T AR B B R . T A 1L
WL Net 15 5 2 8055 /0N, A AH 55 20 ) A 1)1 5
R RT HUAS bl A G 1) 25 R L ) 3R 2 FN 3R 3 AN T
Bt Bb S 56 50 A6 45 A5 B0E 52 5 i, ILW LNet JR
A IE T /NFEAS IS5, 150 2 Tl 24 AR e
B INEA SEBR T K

F A R T ILWLNet 4 2 s [] 0] 2 285 2, )

IR 3100 5K 5 Horp  TLW L Net [ 45 R 7] #fE 2
SE- s a] A 8. 34 ms/frame, [ {H 43 E 1 S 35 B
] 4 86. 58 ms/frame, ILWLNet it % {K iz 17 i d]
S35 94. 92 ms/frame, T 2 Tk Y6 2 5 150K i
ENL Y 200 ms/frame 753K o
4.3.2 MXERAELERE HH

TE A E 1 000 Rk AR 2 i 72, B /) loss
{8 X5 I8 149 4 8030 >4 TLW LN et 75 1% W I 25 5 7 1
AR T K5 ILW L Net [ 2% 19 52 by 5 7
SO R 3 4L A Al AT E . B 10~
12 43590 S T 3080 4 — CBHE 4R —ORUBUIE 4R
SENLAE R Hop 8 —AT ORI JE R G A R
1 8 B 2 AR A P &ad 13— 1k 45 3 Y 25
B AT BRI TE AR E P 20t Otsu B i
A3 E 5 B AR D ES DO AT s A R D o 2 1
e 5 Rl

MEE =470 DIFE ), ILWLNet i i Encoder-
Decoder ZE kv LU Jit i J 1] (EME R DR,
B G ) B He SUAE B (U L4 %1) , Decoder
R R R TR K PR T SE R R RS L
Hh ILW LNeCEf Fl i 18 AR 2R & P 5 5 47 o0 a5
A bR E 3 i A Hausdorff B 85 3E 47 1 4 &% G Bk,
P U, A 58 v 11y B v A DX SR R B B T
P R o B4 AT A H il X 38, BTG AT A3 5 Otsu [ 3
JO7 43 1 7 1 8 b0 XA Ay L ok L BB =
T T8 CHER I P £ ad Otsu [ 3& B 4> E1 )5
45, 0] LA BR oL 5 X F A R
4 JHC Al IX 334 o B DR A 3 A o A AR AR AN £
KHL

Pl 10 e — 1% S PR ¥4 52 380 D16 B (A 488 4 32
S DL AL IV RS S SR (U
) e 22 S B A T B s 2 R R R R 5 A
BIAA 225K . B 11 A — R Ay =y 88 L 5 BT 1
o, N BB S T (A A B s e ) o eSS TR
TR AL S8 1 B AUL A ASEAR DG BE 45 7 %, S A 4
RARATHr4n. 05 5 R S 245 1 R B, ILW L Net
SRR AN AR LA IE 0 2 3 A B A 0 A7 RS o
A7, T FLE 22 056 28 1 3 43 Bt 1 235 14
Fr 0 7 L BORAT SR ARG

B 12 2 R G E A 5 R . d] BR 22
S B85 g A ok 7 EE, DU 2 AR 38 B A R
I, AT AT — R R TE o LR L 2 B T RO T
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P 75 o0, B v BRI PO AN ok — , 1 A G A LRSI B 45 2R AT DL TLW LNet 88035 A fUE
B DERC J7 125 ] g 2%t AR DRI , 5 8 0 O B Y 52 F T BE B 22 30 4 o7, il ELE 3 Al e Uy
Wiy , A% 48 58 o S VERE 2 32 B H R e . a0y T BB AN W E AL [] o SR 4 B T T IR AR

F10 Bl S — g iase (7 45 2R

Fig. 10 Localization test results on dataset one

BRITL B 5 i Ik o 45

Fig. 11 Localization test results on dataset two
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Fig. 12

4.4 HELLIE

N T ¥ IE conv_async, Down_Block_1,
Down_Block_2, Down_Block_3, Up_Block_1,
Up _Block 2,Up _Block 3, $#1iF Pf 2 il & (Encod-
er 55 Decoder X} i/ )2 padding M it & , ic N Fu-
sion) LA K& WHD 4689 1 BE 19 22 1, % ILW L Net
HATIH BT 5T, SE B 45 R an 3R 6 s o I 2
TE B 42 — , H Train: Val: Test 54 4 L 9] &

O S = R 45

Localization test results on dataset three

FH50%:10%:40% .

ik 5 AT LU N A WHD B TL-
WLNet 52 AW S, B WHD A& He ] LU 2%05C
WX i 1 SO R B P 5 AR AR R OG R . i
P UL E WHD B H A A He b i) 5 B R
FH 2 ML) 3X 34 B, LI AR K /N Ry 85. 1 kB,
W AR 87,9400, 1 WA SR R R ] £ )
bottleneck 2% B 475 vl LAWK &% , AS 3 40 Eb 88 ILWL-

x5 AEKRBEITER RIS EL

Tab.5 Comparison of impact of different strategies on model performance
conv_  Down_ Down _ Down _ Up._ Up._ Up._ ) L

asyn Block 1 Block 2 Block 3 Block 1 Block 2 Block 3 Fusion WHD Precision Model

N, N, N, N, N N, N, N, — —
v 87.94% 85. 1k
v v 93.62% 109k
NG NG NG N N N 92.91% 92. 2k
v v V v v v 87.23% 75. 7k
N, v N, N, N N, N, N, 85.82% 54. 8k
v/ v v N v v v v v 100% 57.4k
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Net, B8] S B i B 7 27. 7 kB, 2 10 4 i 2K F
£ 7T 12.06% . B & — : H A & Fusion A &
WHD #5& Je , H Al A5 P [7) B — , B AL R /N oy
109 kB, 351 % 0 93. 62 5 A1 44 e & — | i i
Encoder 5 Decoder % 5 JZ= (4 fill £ fiff 75 15 51 % 1
THA 5. 6800 AR R S HOW N T 453 24 kB, %
BFAH X8 85 R 8 A B 7 58 2 N 2 i — e R B b T
DL HUCAS A0 X 8 0 i R 0 %R . T i
conv_async, Down_Block_1, Down_Block_2,
Down _Block 3, Fusion il WHD #% 3k | 45 b %5 AP
B R T 4. 9700 AR /NE/N 7. 1 kB,
2] bottleneck_i #EH AT BT 4080 24t | IS %
2 bottleneck i HEHGLIEIG N 1 2% By AE L, T
P& AR B R o & W o >R ] conv_async,
Up_Block_1, Up_Block_2, Up_Block_3, Fusion
FIWHD 8B, B AR FE AR AL s BT B, B A
SR /N 9. 4 kB, W Up_Block 1 4 JE XF 5 4
FURN 23 1 45 BUR 8] 1 BB A S 8 i L (1
JEWA 5 Encoder 1Y% 1 )2 Rl G, % TR 1] 22 42 T
B KK, Bl E A ILWLNet 835 i
Fusion #5 Je | HAb AR P ] B & — , A 0 2 $0 i 4
FCHC B — AR T 30. 3 kB, (H 2 IR A SR AR AR T
2% Z£ A, % W Down Block HY bottleneck 1 5%
LA & Up_Block il & [ conv _async £ e n] 45 5% [
RABIA 28 i, Fusion 58 X5 T+ 00 28 % K 14 58 1)
$ETHE ) TARKAAE T ;8 3 e — AT
Fo 8, Fusion M B 2 T+ 4. 97 % B9 TR0 R (45 45 B
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