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Abstract: Aiming at the problems of low detection efficiency of traditional binocular-vision feature-detec-
tion algorithms, as well as the insufficient attention to globally important features and the excessive pa-
rameter count of most network models, a method of continuous-casting-billet localization and measure-
ment based on TransUNet binocular vision with a multiscale attention mechanism was proposed. First-
ly, left and right images of continuous-casting billets were collected with a calibrated parallel binocular
camera to build a dataset. Subsequently, taking TransUNet as the backbone, an improved Transformer
layer was introduced to extract global context information; a Global Spatial Group Attention (GSGA)

module was appended after every decoder block to enhance focus on globally salient features through a
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grouped multiscale attention mechanism; and a Convolutional Block Attention Module (CBAM ) was in-
serted after each encoder-decoder skip connection and bilinear interpolation to boost key-point recogni-
tion by combining spatial and channel attention. Finally, 3-D coordinate reconstruction and distance
measurement were performed on the network’ s key-point coordinates by leveraging binocular-vision
principles. The experimental results show that compared with the Transformer model, the root-mean-
square error and normalized error are reduced by 33.8% and 36.83%, the number of parameters and
floating-point operations are reduced by 10.58% and 8.21%, and the single-batch inference time is
shortened by 32.30%. In 3D ranging, the relative error of measurement reaches 0. 137 %, which is sig-

nificantly better than the traditional feature detection algorithm and meets the binocular vision localiza-

tion and measurement requirements.
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A A 700 A AS [ 5080 7 4 L A 390 i 22 % Bl /DS
AT AT BE SR IE 7S PP AL AE SR B RLAE BT AT
IO UE 45 b 1R 22 o A B B — b R U4
ST LA e v 4 T A DA B R
3.3.2 REAAE A AR 4R AR L

PG 3 B9 TransUNet 255 8 19 4 3% vk, 78
U BV i S bl i s A N 1 L R [
hy W £ X BE S 56 B 2 I R T A X BB A (U-
Net, HRNet, TransUNet, Transformer 2¢) 3 3%
AETR] 1) 250 B 38 580 5 s B 5 — g FH i AL 7K SF- B
(HE2 0.5) Bl AL E % (0 [l £15°) | /oy M e 75
(6=0.01) Fl 32 JF P8 #& (+£20% ) %, fr 47 B A0 2
IR 2 WS (B IE B R S 54 TE I B T I% ) |, fie
KNG %8 B R 50, 52 By - ¥ 28 1k 5 80k 15~20
B, 101 45 pR BT K I MSE 1 Dice 1 9% b8 800 41
BB BOMALH B AR R R BTN 5. 2R 2 R Ry
AR S 5 JFUB R HRNet, U-Net, TransUNet il
Transformer ™4 G& %t 1 o

12 2 AT, 55 U-Net R 2% % He 2407 A 1% 22
W 73,77 Y0 FH — AR 22 98 > 79. 7006, AH R

Type 1:10.9%

Type 2:10.9%

Type 3:7.1%

Type 4:71%

U-Net HRNet

P12 R [RIASE BAE R 4  235 50 LT # 4k

Fig. 12 Compare and visualize the results of different models on datasets

3.3.3 AXHFHEMELRTIL

2 i TransUNet X 45 %y 1 7% 5% #6 A2 A7 151 ¢
SHE AT R AR R, SR SRR = AR T D S A
YR A bR ) R AR bR Y 2 4 T 58 BT T i AR

R2 HREBEESEEEELL
Tab.2 Comparison of algorithm performance on the

same dataset

Bk N/M N;/G Ep. Ewn/% T/ms

U-Net 5.70 25.73 4.902 1.473 88.35
HRNet 22.65 18.34 5.357 1.245 118.36
TransUNet  93.20 59.01 3.541 0.858 102.21
Transformer®’ 93.20 60.61 2.178 0.552 108.23
ARICHEE 83.34 55.63 1.282 0.299  75.20

TransUNet

T TransUNet (4 £ 34 7 #1522 980 /0> 63. 68 %6 Fl I
— AL 2 2 0 65, 15% I H 2 80 AR
10. 58 % F¥E s iz B i /0 8. 21 00, B KA JiE b
PETE TR E MR XA TR RS 8.
5 Transformer™" X H ¥ J5 A 15 22 3l /0 40. 96 %
FNE — 16 35 4% 22 8 /0 45. 83 %, — & T2 J b 42
FETORE BE R B OB HE kBT AL HE B R R (IR
30.52% o 5 HoAh 32 9 A b AR SC IR TE G
SR NORG B A R R T L P R A R i
PR

DU Fift 3% 5 B0 () 0 T R AR 25 R an | 12 B
L H B R e Sk A% R B B IR R o R B 4
E A, DA LT o iV SR T 05, DA S0 0l LS A
P 5 T AT LD T 52 B G B A ) 2
CASKIR R O

Transformer?!! Ours

AR o A0SR 3 BT 7R g0 T DU A A [ 258 Y B
T BE 10 040 45 R G DI RS R R 22 Y
P H L R B L S {1 A A0 4 e L S e Y0 O
JEZ5
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Tab.3 Comparison of measurement results of four types of continuous casting billets using algorithms in this article

KREE W B RAF/ 4k T /mm Y% R 2 /mm AR 22 /%%

mm HE ROUE fi wAL(H Bfic A (H
] K 300. 34 301. 120 300. 212 0.780 0.128 0. 260 —0.043

B 68. 30 66.718 68.534 1. 582 0.234 —2.316 0. 343

K 301.90 299. 581 302. 035 2.319 0.135 —0.768 0. 045

’ T 31.20 32.456 31.345 1.256 0.145 4.026 0.465

5 £ 204.12 205. 165 204. 345 1. 045 0.225 0.512 0.110
Te 30.58 32.417 30. 312 1.837 0.268 6.008 —0.876

4 IS 262.68 261. 949 262. 805 0.731 0.125 —0.278 0.048

T 100. 96 100. 795 101. 015 0.165 0.055 —0.164 0.055

2% 3 AT AT, X 4 Fh i 5 0K i D 6 48 X 13
2276 3 mm Z W HIXHR 22 /N T 1%, 554 D
KB BSR4 B % B4 B 04 A R T A T 7 A X
R 25 A XHE RN, 430 R 0. 048% F10. 055% , HH
P 12 v 508 4 4% 2 70 3 B B0 1Y) o B AT HD, BEAR K
H /b 1) 3% B B0 5 ALK TUORS B B B EL AR AR B 2 1Y
5 PR RS BE 25 o X T 2 BUORN 3 U A i 65 B0 BE
ARSI A R R R 22 K, A iR B T 4,026 %6 i
6.008% . AT HEMIE A AN F - K 58 018 K % 1
P55 K TE 1 B R AR B M S 1R DL AR HLER
SE S BAF IR 2

DA HE 1 1R 3 4% B A K i RN 4 R B AR 1
K3 6, an 3 4 FroR A SO Sl 5

SURF, ORB™ , Proposed ORB' , Proposed
FAST', Transformer'*' A &2 HRNet'* 1§ J& 2% >J
BVETE = 4 RE I A 25 58 . SURF 2R ] Hes-
sian 8 fH =3 000, F§ 1E £ =90, VT fit 77 & N
FLANN+RANSAC ; ORB % & 5 1F 15 5t =250,
RERF=1.2,&F8EH=8, LI J % i
W R B + 5 i 4B L s Uik ORB/FAST 835 24k
5 SCHRT — B, RRAE O A B R B R IR (E AT
20% o VRBES N USRI I 25 S5 1 5 AR SCE
2 B R A5 HE S R g R R B Ak
> RS AE ) T A B I N TF IR U 2, R Al
B G O A Y = 7 W A VS N O = R T
AR

x4 EREENSZERLL

Tab.4 Comparison of common algorithm measurement results

‘ 1A 5 I K 3D 4 R34 5 PR 3

o Wi RS/ mm B RS /mm MR ZE/Y% RS/ mm BRS / mm MR/ %

SURF 306.170 1.941 258.311 —1.663

ORB" 295.340 —1.663 267.785 1.944
Proposed ORB 298.773 —0.520 — —
Proposed FAST! — 300.34 — 261.800 262.28 —0.330
Transformer™’ 299.934 —0.135 261.734 —0.208

HRNet™ 301.023 0.227 262.609 0.125

ARSI 300.212 —0.043 262..805 0.048

HI 3R 4 T, AR SO VE N T 1 RLE R K il
14 TR 328 B 0 R 0 1) 00 RS 2 B B i T A ST A

Bk, 15K R I AR X R 2536 5 0. 043 % , AH
5T 2% ) 51k Transformer ™', A X} 1% 22
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> 0.092% 5 A4 F R B 2% 2 51k HRNet ™ | H]
X iR 220k 2> 0. 184 %6 o Hy b Al UL, AR SC i K i
P4 RS 32 35 v GRS 00 R, A Ak b B T T
B
3.4 HELXIE
3.4.1 FiE GSGA A3 09 F 20

A% SCH I T Rl S 5 1 T 2ok I 4 R Ak A
Ay VE B IR H GSGA A 50 . FEARIE XS T
AR S 246 G Al 0RO A R I O 8 FH A TR 3% o
WREAR R SEAT YN LR, 20 3 T AN i i ) B
(None) IR AR AR VE BB (CA) BRI = )
B (SE) 2 R i 2 S 8 (PSA) F1 (ASPP)
DL RTINS SCHE A GSG A BB 45 U A 5, R
H E e B E e/ Y6 W I0UEE A WIS A 5] 22 RBE
T BT TR M R I 5

K5 GSGARRAZMRIEHAMIE

Tab.5 GSGA module effectiveness verification ablation

experiment

gl AR R E e E e/ %
None 2.0253 0.546 1
CA 1.6477 0.3850
SE 1.5578 0.3653
PSA 2.602 8 0.844 1
ASPP 2.266 0 0.657 3
GSGA 1.2816 0.298 6

2 5T AL, 51 A ERE I HLE B E T e
B R 2R (None) , Hh 2 8 2% 19 SE #11
CA R ER A SIS E,,.=1.557 8l 1. 647 7 5L
{7 B FGEE S RAEZAT S PR REEE, ZR)¥
B PSA A ASPP £ M X £ (E,,..=2.602 8 I
2.266 0), RWIML 5 2 RO Jr i il Rg 51 A JT A% e
o MEZ T ARSI GSGA B E,,. .=
1.281 6 1 E,,..=0.298 6% Y {5 ¥ ik W 2 45
S6 A0 i R E (SE)$& T 17. 7%, B ik 1 i
i 4 JRy AR A g R RN 4 21V O ML A R e
g IR Tl B AR ) I F
3.4.2 I iE CBAM-Block £ 3 & fm {5 B ¢4 A
b

AR R 52 5 ok WA CBAM-Block 7 9] 4%
AN TR AS7 B %k TR R AR I AR S e ELR R
PR At X T A5 R 1Y 2l A8 A5 F CBAM-Block

1B Gt % 25 B A 0 2% 22 18] 9 = )2 Bk RO 2 1Y
P8GR B R EL M 2.0253 FRER1.578 2,
H E,.. WEA TR, X 3R U7 B BR & 4 o A
CBAM-Block AJ L4 #5 By #5578 3 58 45 41 & b i) 5
BEREAE FE A0 A TR AE DT $ 1 A 2
() 4 T A M o Ak, FE RS AR R B A
CBAM-Block, E,... M\ 2.025 3 F [% %] 1.521 3,
E... )\ 0.546 1% T R 5] 0. 385 4%, I LLF 1 7E
X A7 B 4% A CBAM-Block A] L) 55 - b F1) Fi 5
A3 HER B RRAE L, T 32 8 A BORE E. Hisi s 4
ALE, IR B AR B BR 0% 4 R M RS A% R R A
CBAM-Block Bt , 5 R /8 E,, . L 2.025 3 F
Fe 2 1.281 6, H E.. M 0.546 1% T F& 2
0. 298 6% R e, o] LLF H 7 i CBAM-Block
BB AT LA AR oo 455 AR 6 T RS 4 SR R A R )
TARAE LN AE J) o SCE A R WK 6 R, Hoh
“NUFRRIN

F6 CBAMERIINLEHMIWER
Tab.6 Experimental results of position ablation intro-

duced by CBAM module

S BRBRERE MAMASARE E.. E e/ %
1 2.0253  0.5461
2 NG 1.5782  0.3780
3 NG 1.5213  0.3854
4 NG NG 1.2816  0.2986

3.4.3 BAEBATARAMAE YR

SRy B U A5 55 BT T I 4 G 0 R R ) B2 ) DA
Ji if 19 TransUNet % 28 Sy J ofE 452 584 %5 A Ak 19
Transformer ¥ & JJ HL I . CBAM £ DL & GS-
GA B Y AT T Rl 5250 . SC 5 45 R Aank 7 fr
7, TERREGI AN E it IR W] 4y B & DSC
A EMSA 2t # A9 Transformer ¥ & J1 #L i ,
CBAM H5 1Y 72 75 2 15 i 01 fiff 4t 8 — )2 Wk 8K 07
I iff A% 5% K B2 [8] B 51 A CBAM-Block 4k , GS-
GA 5 W27 B Al i &5 K B 51 A GSGA Bk,
kb g O Q748 1y 2 B H B 51 AT
TR T AL

i 2 7 Al 1, 9256 128 TransUNet JE /AR Y
S 56 2 7€ TransUNet J& o #55 # b 5] A Bt 3 79
Transformer ¥ & ) HLHI 15 E.,... F B 15.65%,
E... FFE18.02% , 3% 3R Wl sk # J5 1 13 72 71 WL
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Tab.7 Introduce different module ablation experimental

results
528 TransUNet TF CBAM GSGA  E.. Euw./%
1 N 3.541 0.858
2 NG NG 2.9870 0.703 4
3 N NN 2.3217 0.589 1
4 NG N/ v 2.0253 0.546 1
5 NG NN O) @ 1.2816 0.2986
6 N v @ @O 1.3519 0.3284

A TR R MR . SCK 3 7E B LA R
CBAM #i ¥t |, E... T B 34.43%, E,.. T %
31.34%, /8 T CBAM-Block 7£ $2 ft 5 Ks 40 45
fER N T E P VE o S50 4 785258 2 i S Atk - B
MIMA GSGA B E .. TRE42.82% ,E . T FE
36.35% ,IEBA T GSGA B iy A3 8500, 3 m 7 4%
BN T MG WA E R E e RER
HY A A BE 1 o SC0R 5 R SE I 6 7F S0 0 3 KL Al L [R]
B 0 GSGA £ Ht fl CBAM #2 Bt | JF gl 48
CBAM Hl GSGA & He 75 fif 14 4% R B 79 51 A
L SEE 45 B W], 24 GSGA HEF /£ CBAM Z Hif
M S S g R R4 r ke L H
CBAM B35 T GSGA B i FH BB, B
RUGK B T AR E e FRE6L.82% . T B
61.72% B T L b 45 AR H A A R o

AP T — B Rl G 2 RO T T L

S E WK
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