£61% FE8H/20024F4B/HMeERBFEHE

It Bl St FFIHE

il £ 2 [ 4115 55 0 SCRPAERY 4 B XA %
32 PR 230 I 2%

ARE, XKW, ke

VPG TR eI S AL TR 2= B, YLVE RS 330013

FE R A AR/ B AR ERor FRR 2 UL R B 5 R A e 10 ey BR P 4 10 Rl 65 223 ) 4015 5 0 SCARRAE 1Y) L0 i
B 24 5] T M % BiUnet, JH T35 8 R B 0H o % M4 LU BiSeNet V2 B A & a4, BT BT HOE X 32 401y
S LA KB Rl )R o 08 A ConvNe Xt 45 RS H X 20 15 S B F 47 08 88 T Ak, 4 53096 X4 Bt 2 220 B 4 A an iy
B RRAE 32 AR 5 LUk, 45 6 i i 24 -F R 2 U B0 235 1 BB 08 il & S () RUJEE o AR B R S8 i U3 s it AT BB it 18
WSS BN T RN 2 B X /N HAR Y Ar FNRE ) s e, B NS R DHE R G 2 F T A b A A0 S N S
fE o 78 H WA BG4 0 B0 5 T Rl S S0 TE S8 T BT 4R MR A I 45 3 O R R AR ME R RT AT . fEARBUE & S5 OR
[A) 3= 1 0 4% JE A7 6k b 52 56, 52 06 45 S 6 BH , BiUnet XY 26 A9 - 4 43 K5 [ mloU (mean intersection of union) ik #] T
88.66% , 4 Lt T BiSeNet V2 M 45 1) 80. 02 %6 #& T} 8. 64 A~ 43 s, 31 L3k Wi Al [ 45 1) 43 HIKG B2 349 1 F J& T Transformer il
Al B H L FE R

KPR AR WGAE ET MY WEES s EER 8

RESES TP391.4 XHEFRERG A DOI: 10.3788/LOP231461

A Pointer Meter Bilateral Image Segmentation Network Integrating Spatial
Details and Semantic Features

Zhu Yaohui, Wu Zhigang, Chen Min

School of Energy and Mechanical Engineering, Jiangxi University of Science and Technology,
Nanchang 330013, Jiangxi, China

Abstract Aiming at the characteristics of small target image segmentation of pointer meter and the limitations of existing
methods, a bilateral deep learning backbone network called BiUnet is proposed for pointer meter image segmentation,
which combines spatial details and semantic features. Starting from BiSeNet V2 algorithm, the semantic branch, detail
branch and bilateral fusion layer are redesigned in this network. First, the ConvNeXt convolution block is used to adjust
and optimize the detail branch to improve the feature extraction ability of the algorithm for pointer and scale line boundary
details. Second, the semantic branch is redesigned based on the advantages of the U-shape structure of encoder and
decoder to integrate different scales of semantic information, which improves the special segmentation ability of the
semantic branch for small objects such as pointer and scale. Finally, a bilateral-guide splicing aggregation layer is proposed
to fuse the detail branch and the semantic branch features. The ablation experiments on the self-made instrument image
segmentation dataset confirm the validity and feasibility of the proposed network design scheme. Comparative experiments
with different backbone networks are carried out on the instrument dataset, the experimental results show that the mloU
(mean intersection of union) of BiUnet’s instrument segmentation accuracy reaches 88.66% , which is 8. 64 percentage
points higher than the BiSeNet V2 network (80.02%). Both of them have better segmentation accuracy than common
backbone networks based on Transformer and pure convolution.
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Table 1 Comparison of detail branch parameters of original and improved BiSeNet V2
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Fig. 3 Comparison of semantic branch structures. (a) BiSeNet V2 primitive semantic branch; (b) improved semantic branch
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Table 2 Ablation experimental results

Detail branch ¢ Aggregation o /4 mloU /% #Param. /10°
branch layer Background Line Pointer_mid Pointer
Baseline Baseline BGA 98. 54 58.15 85.91 77.49 80. 02 3.34
Improved Baseline BGA 98. 88 65. 68 89.35 85.93 84.96 7.19
Baseline Improved BGA 98. 96 67.98 89.55 86.01 85. 62 3.26
Improved Improved BGA 98. 94 68. 25 89.79 84.88 85. 47 5.76
Improved Improved BGCA 99. 29 78.02 89.67 87.67 88. 66 4.93

55, UL BiSeNet V2 1E fy FE 2 7E AL R B4 4 1
PR, H -3 0 BDRS FE mIoU 35 8 17 80. 02% . sktit
A L E B IEN mloU ik 8 T 84.96% . Bk 1E
line , pointer_mid . pointer = /> 2& Il = 1 43 H K FE ToU
P4 B AR T B0 UE T % S W R AT UE B SO A Y
SR TE T S X 2 B L AR BP0 AR DL B AR BN B
P R 2 B RE T o (4 B8 i s 4 1 S % o i o SO i
J5 o, B mloU 3K B 1 85.62%, AH & T R 4h
BiSeNet V2, #& TF B &, B3 1 o X3 B ook i) 43 %%
PE o T B A0 S M ST i G [ R o A NS T

..

©

O 26 1) G J3E AT /N B 1) R B, R R R AR T AR AR
T 2 ) b A o EORS BE A TR [ AR AT 5B
TR 6 A T 52, B A R AE 1 36 BUR 6 55 9F B 10 Jr
AP A BGA B, (5300 1 7 24 43 FORS B2 42 7 2
88.66% , 1EAX & %I i 2k (line) 43 2% b Y 4 B kS ¥ L
BCGA T REFATIHEI0OMNAE M. K REBUET 5
BGA 5 E M, Fr i BGCA XU i gl & T 26 A TRl 2
BT SC(F B BRI 3 43, B b T XS Rl S R
i % 2 M2z 20 1 T4

Xty a5 R AT AT AR BOR I E S TR . Ho

@ @

BSR4 5 (a) BiSeNet V25 (b) 41745 St 5 (o) 3 St 5 (d) A T2 kit (e) 2 M4

Fig. 5 Visualization of instrument segmentation results. (a) BiSeNet V2; (b) improved detail branch; (c¢) improved semantic branch;

(d) improved aggregation layer; (e) ground truth
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Table 3 Performance of BiUet algorithm and other algorithms on the instrumentation dataset

IoU /% .
Backbone - - - - - mloU /% mAcc /% aAcc/% #Param. /10° Flops /10’
Background Line Pointer_mid  Pointer

PoolFormer' " 97.11 16.19 81.63 44,11 59.76 65. 60 97.13 12.59 9.82
Twins 97.21 15. 06 83. 14 46. 00 60. 35 66. 39 97.23 25.95 16. 44
Swin-T"" 97.20 15. 28 83.46 46.77 60. 68 66. 44 97.22 31.06 25.59
BEIiT"" 97.74 29.47 88.72 73.51 72.36 78.05 97.77 23.96 18. 46
ViT 97.75 30. 30 88.85 74.90 72.95 78. 87 97.77 23.76 16. 65
ConvNeXt-T™ 97.26 17. 14 84.68 48.97 62.01 67.91 97.28 34.92 25.11
BiSeNet v2!'*! 98. 54 58.15 85.91 77.49 80. 02 87. 60 98. 57 3.34 12.31
CGNet'™! 98.74 61.25 86.01 81.98 81.99 87.93 98.76 16. 64 25.95
Fast-SCNN" 98.82 64.05 87.72 84.43 83.75 89.49 98. 84 1.95 3.19
MobileNetV 3 98. 88 65. 39 87.68 84.81 84.19 89.77 98. 90 11.83 42.26
BiUnet (ours) 99. 29 78.02 89.67 87.67 88. 66 93.72 99. 30 4.93 20. 82
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ASTA] 3 25 A 3R R A B0 45 55 EE o () AR HE 5 (b) ViT; (¢) BEIT;(d) Swin-T;(e) Twins; () PoolFormer; (g) BiUnet

(ours) ; (h) MobileNetV3; (i) Fast-SCNN;(j) CGNet; (k) BiSeNet V2;(1) ConvNeXt
Fig. 6 Comparison of the results of different backbone networks in instrument image segmentation. (a) Ground truth; (b) ViT;
(c) BEIT; (d) Swin-T; (e) Twins; (f) PoolFormer; (g) BiUnet (ours); (h) MobileNetV3; (i) Fast-SCNN; (j) CGNet; (k) BiSeNet
V2; (1) ConvNeXt
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