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TEX} H 5286 v, R 3R F Dice, AUC, Accuracy , Specificity , Precision 5/~ #4845 VE Jhy 244 (9 25 o g 1
& WA 4, Hovh DL Dice \AUC 1 Accuracy 1F h fie 32 28 09 PEAS $8 Bk , 76 A /N5 A8 17 50 249 B R 09 PEAG
HA5 -

Dice J& f5 1 45 ¢ f 5 (19 53 B 46 A5 L 43 %145 R AARTE (ground truth) P AR 52 T80 AR o5 G i AR T AH, 58
E 4 #EIH 1. AUC(Area Under roc Curve) {8 4 4b T ROC (Receiver Operating Characteristic) it £ T 77 1l
FUR RN o $8 AR B T 1403 43 1 H SR P RE MR o Acccuracy J& 38 X T 45 1 19 I 3 B0 e 4 | 4 2 48 1E 6 o0
KWFEARL S BFEARZ . Specificity 72 48 75 52 B Dy 1E 8 B9 4 A b 0 8 4] Wy i %8 . Precision /& 48 7E 47
5 SRy TE B (A A v T A ) D )
24 MEZIIXTEE

TE I 28 Bl 3 7 55 — 20 v, SR FH VD e bR 10 R B2 T 43 5 48 ARG R Al D) 4% 36 47 00 20 19 5% 6 Ak, 45 31 SGUnet,
IF HoA T 56 0E % W 25 54 = 8 B SGUnet 5 28 #L ) Unet, 90 5% 22 200 J5 19 MobileV2+Unet #4717 XF b,
25 R SGUnet AR T L I AE o 5 Unet M kb, SGUnet 19 2 50 29 4 Unet 19 3.8% , Mults—-Adds 21 K
Unet A9 2% ,Dice, AUC Fil Precision =4~ PEAT 48 45 o 2 32T, $2 TH 840 51 8 5.84 %6 ,5.48 %, 3.48% , Accuracy
W T T 0.73% . 5 MobileV2+Unet 4l b , SGUnet i1y £ 5 Z: £ i Al Mults—Adds 43931 H 5 3 1/10 Fn 1/4,
1E 43 E P RE L SGUnet KK MobileV 2+ Unet, H AR SZ I B4 40 55 1 iR .

F1 BEM L% SGUnet 5E A Unet.MobileV2+Unet % §E X1 bk &
Table 1 Improved network SGUnet and basic Unet, MobileV2+Unet performance comparison table

Network Params Mult-Adds Dice AUC Accuracy Specificity Precision
Unet 13.39M 1.928G 0.444 6 0.843 4 91.16% 96.47% 53.79%
MobileV2+Unet 5.289M 171.226M 0.502 5 0.855 4 91.31% 95.34% 53.68%
SGUnet 516.014k 39.494M 0.503 0 0.898 2 91.89% 95.95% 57.27%

f£ SGUnet B 3l Eim A ECA B84 7+ T BRI PERE B r R B9 ECA B8 5 HA R M9 SE fidk,
BB I CABEER™ 2 5 H T SGUnet #6481 | #F 47 X6F b 5206, LA SR 56 31F BT i A ECA B8 358 A 7F SGUnet
W2 rf i L A AR SO R SE T 45 A B b 3 8 AN [R] 0 S 8O0 SE B0 S5 RS2 I . SEIG 25 SRk 2 B .
(CABEH G 50T B e T 4 R 5 8 ECA B 5 5987 1D kernel size F R ) .
BT % 2] ECA BLH i B A [l 2 S 30 48 M pe A B e, A SCi 3T a, b, e =R %, WAL S,
FEHEAT T Ak % L F2 50, e 28k IR a e T Jr 48 10 T 28 Pk R B A, ELOR BT R MERB X LE DL 3k 3
F2 ESGUnetHIERM F NN ECA RS & M8 SERHR . CAIER N BRA MEREXT bL 3

Table 2 Performance comparison table of ECA module, classic SE module and CA attention module added on the basis of

SGUnet
Network Dice AUC Accuracy Specificity Precision
SGUnet 0.503 0 0.898 2 91.89% 95.95% 57.27%
SGUnet+SE 0.496 1 0.892 6 91.95% 96.32% 58.27%
SGUnet+CA-32 0.496 8 0.886 7 91.89% 96.25% 57.79%
SGUnet+CA-16 0.500 8 0.8917 91.93% 96.18% 57.87%
SGUnet+CA-8 0.501 5 0.886 9 92.00% 96.30% 58.55%
SGUnet+ECA-3 0.497 8 0.8913 91.80% 96.11% 58.37%
SGUnet+ECA-5 0.503 8 0.898 2 92.10% 96.34% 59.04 %
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Fig.5 Three options for ECA module placement
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Table 3 Comparison of network performance of three different schemes a, b, and ¢

Network Dice AUC Accuracy Specificity Precision
0.501 6 0.898 2 92.10% 96.34% 59.04 %

b 0.501 2 0.896 4 92.03% 96.18% 58.54 %

¢ 0.500 4 0.894 5 91.97% 96.26 % 58.32%

TE W 28 14 205 — 20 etk v, 8 Cheap Operatlon%ﬁiﬁé}“ it 27 A B AR, T — 20 5 I 2% 1 R/N DA f s
B, MR T A 3 19 SGUnetV2 5 Unet, HIR BE AT 43 25 45 FLSGH (19 Mobile V14 Unet, ff JH 306 5% 22 S0H# (19
MobileV2-+Unet 7EA5 B /N b gef7 5 b UL 5% 4, TSGUnetVl 1Y L Al b A TR 28080/ 100k, Mult—Adds 98 /)
13M, fE R R i 455 b B A4 120 S i 4

#F4 SGUnetV25HMMENWSHILER

Table 4 Comparison of parameters between SGUnetV2 and other networks

Network Params Mult-Adds Dice AUC Accuracy Specificity Precision
Unet 13.39M 1.928G 0.444 6 0.8434 91.16 % 96.47% 53.79%
MobileV1+ Unet 3.932M 481.35M 0.4989 0.8554 91.31% 95.34% 53.68%
MobileV2+Unet 5.289M 171.226M 0.502 5 0.884 6 91.54% 95.87% 56.68%
SGUnetV1 516.054k 39.504M 0.503 8 0.898 2 92.10% 96.34% 59.04 %
SGUnetV2 416.752k 26.575M 0.499 2 0.8989 91.73% 96.12% 56.14%
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Fig. 6 The effect of finger vein segmentation
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J3 A5 VR J2 R AIE , Last decoder layer S W 28 5z 5 — J2 i % 2 v e £ BB 48 #0 kS0 4% o X Lo ) 48 0 e — J2 i
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Fig.7 Segmentation visualization of each patch of finger vein
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MMCBNU _6000 P> 4l 4 L #EAT 7 xF b S8 o 7 SCR 0 Y & 20 137 F1 48 b5 Dice 28 %0 e 8 1
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/NI HAR 7350 0.206,0.5%0,1% « SGUnet V3 1£ 2 ¥t , iz 5[] A3+ 5 B B3, F H SGUnetV3
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Table 5 Experimental results of SGUnet series network and large—scale network on SDU-FV data set
Network Params Mult-Adds Dice AUC Accuracy Specificity Precision
R2UNet 8992 - ————— 0.902 9 91.87% 98.21% 62.18%

DUNet 2673 M7 - ————— 0.913 3 91.99% 97.26% 64.20%
Unet 13.39M 1.928G 0.444 6 0.843 4 91.17% 96.48% 53.79%
SGUnetV1 516.054k 39.504M 0.503 8 0.898 2 92.10% 96.34 % 59.04 %
SGUnetV2 416.752k 26.575M 0.499 2 0.898 9 91.73% 96.12% 56.14%
SGUnetV3 145.25k 10.453M 0.497 3 0.899 2 91.60% 95.81% 55.34%
®6 SGUnet RIIM 4% 5 KB L7 MMCBNU_6000 & ERSSI R

Table 6 Experimental results of SGUnet series network and large-scale network on MMCBNU_6000 data set
Network Params Mult-Adds Dice AUC Accuracy Specificity Precision
R2UNet 4892 - @ ————— 0.905 8 92.94% 97.22% 54.68%
DUNet 26.73M — === == 0.912 5 93.30% 97.89% 58.82%
Unet 13.39M 1.928G 0.437 2 0.847 4 91.03% 95.70% 49.49%
SGUnetV1 516.054k 39.504M 0.538 4 0.934 4 94.11% 96.79% 60.44 %
SGUnetV2 416.752k 26.575M 0.527 9 0.9354 93.75% 96.31% 57.55%
SGUnetV3 145.25k 10.453M 0.520 2 0.933 3 93.68% 96.36 % 57.23%

AR SO 9 5 1 J2 A AR o SGUnetV3 W 45 5 KA 28 3L W 2% R2UNet, DUnet 4 L , £ W48 bR 4% 305,
TR AE i 45 o B8 v A7 AR MR R B 1S 0, 3K R AN T ShE SR A, 25 R R AR I 48 KONRITR AL S8 B i iX — B K
22 DA B e A 20 & B SEEL, T LU SGUnetV 3 I 4% 2 i 241 o

E MMCBNU 6000 4 £ I, SGUnet £ 41| M 2 7E VL fig 5 i # i:f R2UNet, DUnet, SGUnetV1 ) Dice
FRBOGRBN T B 9 0.538 4, 8 — L Bl IR 45 ) AUC HR AR AR I B R AL M 4% . SGUnetV3 H AUC, Accuracy
W8 bR BB A R R 3, 3T T R 8 59 R2Unet, DUnet, Precision 3§ ik 44/ F4 5 /X T DUnet, 55 R2Unet,
DUnet 7& Specificity & #5 L AH H AR M 22 825/, B F SGUnet V3 A5 R K /N 55 R0 9 2% A1 22 K, I HLAE 3 4
ShR T RS R 4%, 5 ELEN A Unet 4 H , SGUnetV 3 W 25 i £ 143 #1591k B, 140 5 88 50 R /N T 45 &
145k, 3% — 25 FEALUE B T 90 4% A i Rk o
27 5REUMEMITEEE

R T U B AR SO 0 S B M AR SCAE TR BE 0 B85S 1 NVIDIA &9 19 ik A 207 & L #8238 SGUnet & 741
W2, IF AT T MR SE S o e Ah AR SO — 26 28 MU0 52 o A N 28 T AE A% G2 19 Unet [ 5 A SCO7 I B K
AN G R R RIS AT I R A 2 A D5 T AT RS L. SRR A R NG 7 R 8N

R7 SGUnet RFIMKXEHTRELZMEESDU-FV HIEE FH TR BIFE
Table 7 Experimental data of SGUnet series network and other lightweight networks on SDU-FV dataset

Network Params FLops Mult-Adds Dice AUC Accuracy Specificity Precision
Unet 13.39M 1.95G 1.928G 0.444 6 0.8434 91.17% 96.48% 53.79%
Squeeze Unet 2.893M 296.05M 287.61M 0.501 7 0.863 0 91.02% 94.72% 51.90%
Mobile_Unet 3.932M 498.13M 481.35M 0.502 5 0.8554 91.31% 95.34% 53.68%
Ghost_Unet 6.783M 130.46M 128.97M 0.485 3 0.886 4 91.84% 96.75% 58.47%
Shuffle_Unet 516K 68.27TM 57.97M 0.5116 0.8859 91.48% 95.28% 54.49%
SGUnetV1 516.054k 42.9TM 39.504M 0.503 8 0.898 2 92.10% 96.34% 59.04%
SGUnetV2 416.752k 29.26M 26.575M 0.499 2 0.898 9 91.73% 96.12% 56.14%
SGUnetV3 145.25k 13.13M 10.453M 0.497 3 0.899 2 91.60% 95.81% 55.34%
2.7.1 AR XD

23 9] A PR B SGUnetV1 B 4 R T 248 31 (1 52 3 PR A Squeeze_Unet, Mobile_Unet, Ghost_Unet, B 9%
1E 2 i I Shuffle_Unet 5 SGUnetV1 # 24 , {H J& SGUnetV1 7£ Flops. Mult-Add ¥ T & % 8 Fr L 4 51 e
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Table 8 Experimental data of SGUnet series network and other lightweight networks on MM CBNU_6000 dataset

Network Params FLops Mult-Adds Dice AUC Accuracy Specificity Precision
Unet 13.39M 1.95G 1.928G 0.474 1 0.8834 92.42% 95.80% 49.24%
Squeeze Unet 2.893M 296.05M 287.61M 0.5105 0.9216 93.08% 95.34% 52.60%
Mobile_Unet 3.932M 498.13M 481.35M 0.500 3 0.905 4 92.06% 94.52% 53.37%
Ghost_Unet 6.783M 130.46M 128.97M 0.5110 0.924 3 93.01% 96.43% 58.38%
Shuffle_Unet 516K 68.27TM 57.97M 0.479 2 0.906 6 91.80% 94.15% 46.33%
SGUnetV1 516.054k 42.9T™M 39.504M 0.538 4 0.934 4 94.11% 96.79% 60.44%
SGUnetV2 416.752k 29.26M 26.575M 0.527 9 0.9354 93.75% 96.31% 57.55%
SGUnetV3 145.25k 13.13M 10.453M 0.520 2 0.933 3 93.68% 96.36 % 57.23%

Shuffle_Unet Ji /s T 25.3MFlops . 18.46M. Hi 1t 7] WL SGUnetV 1 #55 K/NE 45 — 25 5l B A T AR 2 i i Bl
SRIF , 433 58 — A B H Cheap operation {8 SGUnetV 1 H3B o4 8 194 AU 15381 T i — 22 A9 M 4% SGUnetV 2,
fifi 455 78 2 R IR & 416.752Kk, Flops 9 29.26M , Mult-Add & 26.575M . #%J5 , i 12 F) FH 43 20 45 BRI AE A5 )8 58
B4 PR 4 15 B B 241 SGUnetV 3, S5 HAT 145.25k, Flops {24 13.13M, Mult-Add 2 A7 10.453M.
2.7.2 H>EER

AR SCAE P AT B T8 B DK EE 45 1 I0IE T SGUnet R 9 M4 w2t . SGUnetV1 Y PERE B T T 4% Fh
BRI L)L K Unet, 78 SDU-FV 3088 4 7, Accuracy #84R735 8 T 92.10% , AUC 35 ) T 0.898 2, Dice & %k
70.503 8; SGUnetV 2 #F — 25 i 45 45 AU /N [R5, SR IE T X 28 114 43 0 1% i, H A& T8 bR 5 SGUnetV1 14>
FHAT , AUC F8 b5 B 2 B T SGUnetV1; S A IR SGUnetV3 HA5 145.25k 340, H AUC #8415 8] T i
1 0.899 2, FE HoE 845 b HUARME 22 T V1, V2 (H 3 DUAE 09 52 5 9 0 48 Fl Unet, iX — R 2 E K. 7
MMCBNU 6000 £ 4% % I, SGUnetV1 4 1f &8 8 1 I A 1 52 52 M 2%, A L T L il Unet, SGUnetV1 )
AUC, Dice, Accuracy 3% 3 /> Je 45 br 40 9 3k T 0.051,0.064,1.69% ; SGUnetV2, V3 WAL FE Specificity,
Precision #§#5 - AH H T Ghost_Unet® 85 , & MR8 b bt iz 8 ok 7 A o9 2%
2.7.3 STRHE KR

8.9 43 51 24 SGUnet, Unet il 45 B 7 ik 9 I £ 119 73 1) 285 S BT 78 6 A4S B8040 45 v 43 501 328 B[] — ke J&1 7 b
W 4% 43 B PR BE E 4T He 4, B 8 R Unet 43 ) 8% SR IF A BLAH |, Squeeze _Unet, Mobile_Unet, Ghost_Unet fll
Shuffle_Unet [ 43 1 55 A7 BT ke it | (E 350 20 B 40 04 100 %685 O 8 A AR 4 i 4350 10 ke, DA R 4 0 45 3] A i 725 4% 1k
SRS F . M% SGUnet VI ANUFEMERETE bi L3R A5 T H (i 280, 52 BR 045 21 1) 1 48 1 50573, 3
FF A N L 14 2, N SGUnetV 3 119 4331 & Hb BT A5 2 (9 £0AHE W] DL Y, 30 0 1 48 1) 6 40 10 48 o 7T DA 56 56
HiA>E . B4R A9 SGUnetV1 . V2 1 V3 7E MMCBNU _6000 %4 4 5 |t [6] R F& B8 T 5 K 0 43 20 &4 8, 7T A
TH A Ml AT O o 5 B L A e I A A T 43 O R R BAR T AR B T L Unet AT 9 43
2 R B A I T T R R R A L 0% A AR 4 R X S 5 TR B AN L SGUnet 1E il 21X PASE
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Fig.8 The actual segmentation effect diagram of SGUnet and each lightweight network on the SDU-FV dataset
2.74 SEEMEEIE
# 9. 1043 E 5 T SGUnet £ 81 M 4% 5 & it 42 4 4L 9 46 78 NVIDIA 42 R 414 A X F 6 F o #1 5k
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Fig.9 The actual segmentation effect diagram of SGUnet and each lightweight network on the MMCBNU _6000 dataset
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Table 9 The running time of SGUnet series and other lightweight networks to process a single SDU-FV data set image on
the NVIDIA embedded platform

Network Time/s

NANO TX2 NX AGX

Squeeze_Unet 5.146 0.686 0.663 0.388
Mobile Unet 5.699 0.519 0.505 0.288
Ghost_Unet 2.719 0.684 0.722 0.358
Shuffle_Unet 3.208 0.766 0.654 0.426
SGUnetV1 2.735 0.455 0.386 0.283
SGUnetV2 2.789 0.523 0.427 0.302
SGUnetV3 2.827 0.569 0.458 0.306

F10 SGUnet RFI W% 5 H M2 R %K M4 7E NVIDIA #x N3N F & £ 4032 53K MMCBNU_6000 $(47 £ B 7 11z 1T BT 18]
Table 10 The running time of SGUnet series and other lightweight networks to process a single MM CBNU_6000 data set
image on the NVIDIA embedded platform

Network Time/s

NANO TX2 NX AGX

Squeeze _Unet 5.241 0.679 0.699 0.357
Mobile_Unet 5.435 0.524 0.737 0.284
Ghost_Unet 2.791 0.612 0.734 0.346
Shuffle_Unet 3.221 0.766 0.652 0.418
SGUnetV1 2.779 0.457 0.405 0.270
SGUnetV2 2.873 0.525 0.418 0.290
SGUnetV3 2.928 0.570 0.467 0.291

H 151 10 AT LA 2] SGUnet 28 1 455 B PASE LS/ A RE 8 B8 P J7 T AR i T DR B 22 LR b A 7 ¥ 0 1
K 10Ca) . (b) H AT 4%, SGUnetV 3 468 Bt /)y T DAL B9 52 5 A0 A58 B, IE W] A SC B0 8 6 Ak 07 12 OR B4 5 A
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An Ultra-lightweight Real-time Segmentation Network of Finger Vein
Textures

ZENG Junying', CHEN Yucong', LIN Xihua', QIN Chuanbo', WANG Yinbo',
ZHU Jingming', TIAN Lianfang’, ZHAT Yikui', GAN Junying'
(1 Faculty of Intelligent Manufacturing , Wuyi University ,Jiangmen , Guangdong 529020, China)
(2 School of Automation Science and Engineering, South China University of Technology,
Guangzhou 510640, China)

Abstract: Among biometric recognition technologies, finger vein recognition has attracted the attention of
many researchers because of various advantages, such as noncontact collection, living body recognition,
forgery difficulty, and low cost. The finger vein extraction is the key step of finger vein recognition
technology, which directly affects the accuracy of the finger vein feature extraction, matching, and
recognition.

Most of the existing finger vein segmentation networks consume considerable memory and computing
resources, and deploying them directly to the embedded platform is difficult. The design of lightweight
deep neural network architecture is the key to solving this problem. However, most lightweight models
have problems, such as sharp decline of segmentation performance, limited computing power, and real—-
time issue et al. To solve the above problems, this paper proposes an ultralight weight real-time
segmentation network of finger vein textures=SGUnet. The SGUnet network realizes real-time finger vein
texture extraction on an embedded platform, which is called finger vein segmentation. Moreover, there is a
need to comprehensively consider the segmentation performance, network parameter size, and running
time.

First, the encoding—decoding structure is adopted in the overall network, and the hourglass shaped
deep separable volume is used to actively reduce basic model parameters to realize the preliminary
lightweight of the model. The lightweight and efficient attention module is used to realize the local cross—
channel interaction without dimensionality reduction, improve network segmentation performance, and
solve the problem of performance degradation during model compression. The attention module uses a one—
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dimensional convolution neural network to weight the channel in the operation process, while the introduced
parameters of the attention module have little effect on the model” s burden. Second, most convolutional
neural networks have a feature graph redundancy phenomenon. These redundant feature graphs have great
similarities. They can be obtained from similar feature graphs through some simple changes. To solve the
problem of partial feature graph redundancy, a swap operation is used to replace some “slack” convolution
cores. A similar feature map is obtained through a simple mapping transformation, which ensures the
consistency of network output, reduces the part of the convolution kernel, and realizes the second step
lightweight of the model. Finally, to further reduce the number of parameters of the channel convolution and
the problem that each group of information in group convolution cannot flow, the characteristic information
of each group is randomly disrupted and reorganized using the method of characteristic information
interaction to realize the information flow between group convolution, further compress the network, and
ensure the performance of the model. After the above three steps of lightweight operation, an
ultralightweight real-time segmentation network of finger vein textures is finally obtained.

To verify the efficiency and real-time performance of this algorithm, two public finger vein databases
are used: SDU-FV of Shandong University and MMCBNU-6000 of Quanbei National University of
Korea. In the training process, four—fifths of the dataset is randomly selected as the training set and the
remaining one—fifth as the test set. In the training and testing, the blocking strategy is adopted for the
original image. Each image is divided into multiple patches. When the width and height are five steps,
multiple continuous overlapping blocks are extracted from each image. The probability that the pixel is a
vein is obtained by averaging the probability of all prediction blocks covering the pixel. To ensure that the
memory limit and real-time performance of the hardware platform are not exceeded, selecting the patch
with a step of five in terms of index and time is appropriate. After the network outputs the patch results,
according to the order of sub patches, the overlapping sliding window strategy is adopted to retain the
central region results, discard inaccurate image edges, and resplice them into a complete original image.

In the experiment, SGUnet is compared with different segmentation networks, and the comparative
experiment is conducted on the embedded platform. Compared with the traditional Unet segmentation
network, the parameters of SGUnet model are approximately 1% , and MultAdds are approximately 0.5%
of the traditional Unet segmentation network. We verify the network performance on two public finger vein
datasets: SDU-FV and MMCBNU-6000. The results show that the segmentation performance of SGUnet
network is not only better than that of large segmentation networks Unet, DU-Net, and R2U-net, but also
surpasses the classic lightweight models squeeze-Unet, mobile-Unet, shuffle-Unet, and Ghost-Unet, Its
performance indexes accuracy, dice and AUC reach 94.11%, 0.538 4, and 0.935 4, respectively. Compared
with previous work, the proposed network has made great progress, in which the final parameter is only
145K and Flops is only 13M, and it surpasses previous lightweight models. Moreover, SGUnet network
meets the low computing power requirements of the embedded platform and can be easily deployed on the
whole series of NVIDIA embedded platforms to realize the real-time segmentation of finger vein veins. The
test speed of finger vein veins extraction is as high as 0.27 seconds/piece.

Key words: Finger vein segmentation; Lightweight network; Embedded platform; Model compression;
Real-time segmentation network; Image segmentation; Convolutional neural network
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