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Abstract: Aiming at the problems of large parameters and low semantic segmentation accuracy of real-time
semantic segmentation networks for true-color microvascular decompression (MVD) images. This paper pro-

poses a U-shaped lightweight fast semantic segmentation network U-MVDNet (U-Shaped Microvascular De-

Wi B #A: 2022-06-10; 1217 H#A:2022-07-05

ESWE: F AR KB RIIH (No. 20200404155YY, No. 20200401091GX); 3K BLE2 TR 5.0 (K
) Wi H (No. Bqegezx2019047)
Supported by Jilin Province Science and Technology Development Plan Project (No. 20200404155YY, No.
20200401091GX); Bethune Center for Medical Engineering and Instrumentation (Changchun) (No.
BQEGCZX2019047)


http://dx.doi.org/10.37188/CO.2022-0120
http://dx.doi.org/10.37188/CO.2022-0120

1056 HhEYEE (R0 H15 5

compression Network) for MVD scenarios, which consists of encoder-decoder structure. A Light Asymmet-
ric Bottleneck Module (LABM) is designed in the encoder to encode context features. Feature Fusion Mod-
ule (FFM) is introduced in the decoder to effectively combine high-level semantic features and underlying
spatial details. Experimental results show that for the MVD test set, U-MVDNet achieves 0.66 M parameters,
76.29% mloU (mean Intersection-over-Union), and 140 frame/s speed on NVIDIA GTX 2080Ti. And when
input image size is 640 x 480, the real-time (24 frame/s) semantic segmentation is realized on NVIDIA Jet-
son AGX Xavier embedded development board. The proposed network has no pretrained model, fewer para-
meters, and fast inference speed. The semantic segmentation performance is superior to other comparison
methods, and a good trade-off between segmentation accuracy and speed is achieved. Furthermore, U-MVD-
Net can also be easily developed and applied on embedded platform with superior performance and easy de-

ployment.
Key words: microvascular decompression images; encoder-decoder; real-time semantic segmentation; U-
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Fig. 1  Architecture of U-MVDNet
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Tab.1 Architecture details of proposed U-MVDNet

Layer Operator Mode Channel ~ Output size
1 3 %3 Conv stride 2 32 256 X256
2 3x3 Conv stride 1 32 256 X256
3 3 %3 Conv stride 1 32 256 X256
4-5 nXxLABM dilated 2 32 256 X256
6 3x3 Conv stride 2 64 128 x 128
7-8 mxLABM dilated 4 64 128 %128
9 3x3 Conv stride 2 128 64 x 64
10-12 IXLABM dilated 8 128 64 x 64
13 I1XFFM - 128 64 % 64
14 1XxFFM - 64 128 x 128
15 IxFFM - 32 256 %256
16 1x1 Conv stride 1 10 256 x256
17 Bilinear interpolation x2 10 512x512
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Tab.3 Training parameters

Parameter name Parameter selection

Policy Initialization Power
Learning rate
poly 0.16 0.9

Policy Momentum Weight decay
Optimizer

SGD 0.9 1x107*

Enter picture size 768 X576

Batch size 8
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W 2% U-MVDNet 45 3501, FLIH il 52 5640 2 7F 5
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FT MVD B il 242 1 T 2k, 72 MVD
UGIEAE I 58 BLPEAL, WA I 2 Hh 45 L0 A S )
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TR, Ik Rk 2. 4, 8 1 4. 8. 16, 4N
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Tab.4 Results of LABM encoder with different com-

binations of dilation rates

Name Dilation rates mloU(%)
LABM_N2M2L4 2,48 72.35
LABM_N2M2L4 48,16 72.08

9% B4 @l 92 56 . 7F LAB block H, ¥ LAB
block 1% A FRAE 55 H ARPAE SEA TR HRAE .
Z< 5 s, Horp, “Params” FEn S 50E, “FLOPs”
FEH R, fEn=2, m=2,1= 4}, LAB block
HOIN AR ERAE JS HERR BE 4R 5 T 0.73 %, ERf
K H) 73.08%, RO . FIKARAE N T G i
i, ARSI T E B .

x5 TEIZETH LABM 4Ri52R4E R
Tab.5 Results of LABM encoder with different settings

Concatenation Params(M) FLOPs(G) mloU(%)
0.30 2.81 72.35
N 0.54 4.03 73.08

i i 7 DR B T Al SC 56 . XF LAB blockl, LAB
block 2 1 LAB block 3 43 5llfsi HIANFIE =Y LABM
K AB A 2R TR EE o FR 2R 6 ATLUE Y, m A
(ELXTRG B B 19 52 ) L n B K, mA LG5 500 & 0 4 A4~
LABM B 0] DAARASRG A A9 3 #4550 . Mn, mAN
IR 3] 4 i, FLOPs B AR K, {H 43 FI0KS B2 %
KT o BRUL, 765 B RT3 4 4% B 22 B] A5
iy, BBk 2, mby 4,10 4.

F 6 MINRTHA 512 x512 B, NEIRENIRIDERLER
Tab. 6 Results of encoder with different depths when
the input size is 512 x 512

n m / Params(M) FLOPs(G) mloU(%)
2 2 2 0.52 3.95 72.35
2 2 4 0.54 4.03 73.08
2 4 4 0.55 4.11 73.84
4 4 4 0.55 4.20 73.37

RS TE I SE L. 7F U-MVDNet 1, il LAB
block SR H2 BURRE, LB FH FFM Sk @l & 4R 1iE .
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Tab.7 Results of FFM decoder with different compon-

ents
FFM Pooling mloU(%)
w/o - 73.84
w 77.11
w \ 77.34

mloU PERETH AL 56 b THRRY ik BT
mloU PEREMRZM, &1 T 2 RFHACE . 7R85 —
Asziyrh, 2B T U-MVDNet H Y BT A7 97 K 4
L5 — A8, U-MVDNet 3k (3% 3
PREGR, B 5N 2 Y R B, gk 8
Fim, M BRITA 1Y ik E BT, mloU 47 B 211
AR GEREIAN 77.34% %] 75.61%). HHY KRR
2 Y B R bR S AT, mIoU tL B T T
W, N 77.34% 53 76.81%, SCEGE5 AR, Pk
HRUF mloU PEfEA W &5

< 8 U-MVDNet B3 3% Z 53 mIoU RISZM
Tab. 8 Effect of dilation of U-MVDNet on mloU

Concatenation mloU(%) Params(M)
U-MVDNet 77.34 0.66
U-MVDNet_w/o dilation 75.61 0.66
U-MVDNet First 3 X3 conv (r = 2) 76.81 0.66

34 SKIGXTEE

SA5IE U-MVDNet (1453 FIPERE, 43517 MVD
BRI ISIC 2016126 + PH22 $iiide A 7558
3.4.1 MVD # ¥ %X 5% 5

ARICEEA LAB block fil FFM #5 8 T 52319
M2, HAE MVD B D Taes . Bk, (T
A MLEE MVD IIZR8E HER R 8., 58 Wit
I pRECFI /ML SGD T 5 AL 100 #2014k, SR
J&, 7E5 NVIDIA GTX 2080Ti F #4713k, $FA%
768 x 57657 ¥ T il e B 5K i, I 5 CGNet®,
EDANet™! 1 ContextNet®® #f 47 H 4, X 3 Fh ¥
LB JE T SL I AR 2, BERS LL/NI S 8
PB4 E 55

M 9 A[LIFE H, U-MVDNet #1644 66 T4
S8, S8R i/, #2380 T EDANet™), 43 F K
JEME T EDANet®™ 415 T 1.78 %o FRILZ 4P,
ContextNet®" J& iz PR (1 SERS P 45 2 —, Fb AR ST
LRI, SR, 245 19 43 RS 0 Bl 75.81%, 1L
U-MVDNet J# /> T 0.48 %, 1fii HZ%$1 It U-MVD-
Net 2 22 F5 A~ 38 35 A [] 43 50 0 28 () b 35 ml
DL & B, U-MVDNet 7ECRIERS BE 1Y AT $2 TR A
PR HE S B, A S E G FERR R I B
T AL ARk . R, S T TR,
A SCHEHE T T 4% 100 55 B I 25 56 45 2
E 4CEE L PR RR) TR, MVD SHiE£E T
()R A AR 5 SR &1 5 CRZ JE D30 1) /7 R BT ms
MU ZRFN GG UE 2% th 4 7] LLF i, U-MVDNet A
Pl A X1 2%, 435 2 s U A T PRSP AR

#9 MVD QX ELWLHER
Tab.9 Experimental results on MVD test set

Method Params(M)  Speed(frame's™') mloU(%)  c¢n5 cn7 cn9 cnl0  aicaten7  picaten7  pica aica pv
CGNet!) 0.94 87.4 71.95 81.26 829 7129 69.85 71.64 87.16 67.37  65.66 50.42
EDANet?” 0.69 125 74.51 83.03 84.02 7031 77.25 75.09 87.98 70.37 68.18 5434

ContextNet?*"! 0.88 163.3 75.81 82.14 84.15 7491 78.08 76.67 87.84 72.08 69.77 56.65
U-MVDNet 0.66 140.8 76.29 8225 8545 748 7691 76.32 87.85 74.08  69.83 59.12

W 5 fros, RS —d0 b, JA A SO
) U-MVDNet ] #E8f 5 17 “aica” 4> HAFL, H
PRECRRIE M . 7RSS A =31, CGNet™ £
W0 AR RIR G, JF HAESE — 5] CGNet*)|

EDANet®), ContextNet!* J&A #ERf 37 “cnl10” 1)
Wan L BU Rl RTANIS R T - i 7 S R o
=%, HA U-MVDNet #E#1 7 #] T “aica” .
S5 DUF AN F.3) h, U-MVDNet X} “pica” 1443 %
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Fig.4 Loss curves
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ContextNet
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K5 MVD SRS iyl iens e R
Fig. 5 The visual comparison results of different methods
on MVD validate set

3.42 U-MVDNet &3 Mo #47

A ISIC 2016 B A% FE 19 B 45 1 PH2
Bl 5 5k gE— 2 V7S U-MVDNet 1y 5e ek, 52
g, H4 ISIC 2016 a5 i i I ZR4E, PH2 4K
AR B AL, Jf7E 5 U-MVDNet #H[R] 9 2F
BN TS, R, ] Jaccard R4 (JAC).

Dice Z %1 (DIC). #E#iTE (ACC) | %571k (SPE),
RAELE (SEN) K PEAl U-MVDNet it B2 Jik 55 &t 4
SrHEIPERE.

TEMREE |, U-MVDNet 4351 5 DeepLabv3©!
HI CA-Net™ HE47 T L, 455 W5% 10 s . U-
MVDNet ) Z#(i2{{A DeepLabv3 Fl CA-Net Z
e 11/ 48011/ 88, (AR T RAREE 2 Ab, HoAth (1) 2
WMABAR IR B T e flt, HEA e b i i B 3
P 6 CRZ I DL FIFL T WD J s 17 e g b 4 11 285
SRR S, 3E g T DL & B, U-MVDNet
(R 25 ST 4230 TS PR A I, REAS 2 1 i /R — 230
TSR /INX S, B R 4RI PERE

10 ISIC 2016 + PH2 MK E LIS ER
Tab. 10 Experimental results on ISIC 2016 + PH2 test

set

Params Speed DIC JAC ACC SPE SEN

Model "My (frame-s?) (%) (%) () (%) (%)

DeepLabv3P! 582 98.7 88.6 812 919 89.1 959
CA-Nett™ 2.79 130.3 88.7 80.5 932 913 969

U-MVDNet  0.66 175.1 89.3 81.7 932 933 943

Original image

DeepLabv3

CA-Net

U-MVDNet

Ground truth

6 ISIC 2016 + PH2 Jli4E 1 i nT g AL A Lb
Fig. 6 The visual comparison results of different methods
on ISIC 2016 + PH2 test set

3.5 WAL MR

AR 25 5 R R RS A 2 ik A SUOF B
NVIDIA Jetson AGX Xavier FHEATIR ., SFE500
TEARE S E0N R 11 FoR . 2Eim A N2 e
R HEE CGNet™, EDANet?, ContextNet!*
FEA[R 3 BER A I 50T FEATXT b, IF o 45
R EIRG L

f#FH MVD IR A A i A U2 B0IE A SC
Jr & U-MVDNet YERE. & 12 ATLLEH, 4
43 HE 3 R 640 x 480HT, A SC T 2 77 1 7F NVIDIA
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Jeston AGX Xavier FSCHL T 24.2 frame/s {4 4b B
TR, IR E] TSR AL PR, AR ERS E ALF
HA A E Tk

* 11 AR ERRE IR

Tab. 11 Two different hardware environments

Jetson Xavier /&
GPU Volta GTX 2080Ti
CPU 8#%Carmel ARM 81%17-9700K
AT 32GB LPDDR4x 11GB GDDR6
W AFA 58 136.5 GB/s 616 GB/s
CUDAHKLL 512 4352

R 12 FESHETHMRER
Tab. 12 Test results by different methods with different

resolutions
Method Size Times/ms Speed/frame's” mloU/%
640 %480 65.7 15.2 70.31
CGNet?"
768 %576 69.2 14.4 71.95
640 x 480 423 23.6 73.2
EDANet®!
768 %576 45.2 22.1 74.18
640 %480 345 28.9 74.81
ContextNet?”!
768 X576 36.1 27.7 75.81
640 %480 41.5 24.2 75.76
U-MVDNet
768 x 576 43.6 22.9 76.29
4 +F &

PAAERIRIESE b, AR X MVD H 89 148 F A
SR HER 2 . AWFFER T T T b
RS A, A R AT 73 ) DR 3 RS JEE g
FRRF L, T AR DR M 52 6 MIVID R B IfL 7R
MR 5 UTER LT L EIFFEAE L,

S 3K

At 1 S5 R TN R v, B D S B e 2 )
SKZR HRES RIS T2/ 1N SUE B, MRS es
BRHHRLE T RSP ARRFE

MVD Hr, AR 38 AR 0T B ZH 2R 0k A
T i AR R 2, (R AR i B AR 2.5 em, F
RARVN, FEAR PG /D i L, DA B RS B
(IR, 52 M AR BB, AR R il 2 AN,
SEAR P2 A EERE, EEREK
B 14 & o AR SCHRE MR 19 S T i ot A R Ao
Z P ER 23, S AR ERE T, AR R
SRR AL TR, AR AR s % i
BRI, B Fatd B 22 2 J A, A5 A5 s
BT FARCM, WD T ARG I ERER A A
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