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Image Semantic Segmentation Algorithm Based on Improved DeepLabv3+

Abstract

Abstract: Mainstream image semantic segmentation networks currently face problems such as incorrec
segmentation, discontinuous segmentation, and high model complexity, which cannot be flexibly and
efficiently deployed in practical scenarios. To this end, an image semantic segmentation network that
optimizes the DeeplLabv3+ model is designed by comprehensively considering the network parameters,
prediction time, and accuracy. The lightweight EfficientNetv2 is adopted to extract backbone network
features and improve parameter utilization. In the atrous spatial pyramid pooling module, the mixed strip
pooling is utilized to replace the global average pooling, and a depthwise separable dilated convolution is
introduced to reduce parameters and improve the ability to learn multi-scale information. The attention
mechanism is employed to enhance the model's representation power, and the multiple shallow features
of the backbone network are extracted to enrich the image's geometric details. The experiment shows
that the algorithm achieves 81.19% mloU with a parameter size of 55.51x106, which optimizes the
segmentation accuracy and model complexity and improves model generalization.
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Abstract: Mainstream image semantic segmentation networks currently face problems such as incorrect
segmentation, discontinuous segmentation, and high model complexity, which cannot be flexibly and
efficiently deployed in practical scenarios. To this end, an image semantic segmentation network that
optimizes the DeepLabv3+ model is designed by comprehensively considering the network parameters,
prediction time, and accuracy. The lightweight EfficientNetv2 is adopted to extract backbone network
features and improve parameter utilization. In the atrous spatial pyramid pooling module, the mixed strip
pooling is utilized to replace the global average pooling, and a depthwise separable dilated convolution
is introduced to reduce parameters and improve the ability to learn multi-scale information. The attention
mechanism is employed to enhance the model's representation power, and the multiple shallow features of
the backbone network are extracted to enrich the image's geometric details. The experiment shows that
the algorithm achieves 81.19% mloU with a parameter size of 55.51x10° which optimizes the
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Fig. 1 Optimized DeepLabv3+ network structure
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1.2 BTML

EfficientNet J& 73 B H2 HH (1 — Fft 37 1) 42 B 2%
% MM 4%, & K H EfficientNetv2™ 1E Ky
DeepLabv3+ RS IR TP 2%, 2% 451t 2
Bz 1 .

# 1 EfficientNetv2 M4 &5 1S4
Table 1 Network structure parameters of EfficientNetv2

) 2% 25 1 T 2 KGR EiEs  BEH
3x3Conv 224x224 24 1
3x3Fused-MBConvl 112x112 24 2
3x3Fused-MBConv4 112x112 48 4
3x3Fused-MBConv4 56%56 64 4
3x3MBConv4 28x28 128 6
3x3MBConv6 14x14 160 9
3x3MBConv6 14x14 272 15
Conv2D&Pooling&FC 77 1792 1

EfficientNetv2 £ MBConv ] & fiti = 5] N T
Fused-MBConv, 4112 J&7~ | Fused-MBConv #ll
i AL MBConv F EARSEH . iU SR AR 484
1% 22 (nerual architecture search, NAS) Fl 4 i 7 A ,
KIGESE RS HIN MR, NAS & — MR
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A1 i MBConv F#5 0 S0 0E , 7T o 35 45 RS 2
SRR AR GPU/CPU 3% . I HdE 25 bk
AR b FER IR R, SRR/ IR A, $2
B3R . EfficientNetv2 8 % il sk ER

r=d.S°. P (1)
s A NBRMERZ; S B Il 25 step (1) )
K PASHE; o o AL LG AN E
%, ©=0.07, v=—0.05.

EfficientNetv2 >R Fi 3 (¥4 i3t 2027 >3 74 1k
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SR IE, RN AR BEFNZ ALV RE .
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MBConv

Fused-MBConv

K2  MBConv Fll Fused-MBConv 25 #4 %} LE ]
Fig. 2 Structure comparison diagram of MBConv and
Fused-MBConv
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1< expand
H_Pooling

Hx1

B3 RO KIBAEIE
Fig. 3 Mixed strip pooling module
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=N T, (6)
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1.3.2 REW 7 B ER

P 1R 22 1 6 B BE % 72 DR FFRFAE 7 HF R AR R
AT 7S B AR AT T, BRERUKZ . ASPP
Bl S 2 AT R I K RO IKRER, G
AFERANERAE, KiBEEZ REER) EF R
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Fig. 8 Pixel predictions and ground truth labels
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2.3 WA Bt Sy

B 5k 3 B R 7R R AL Y DeepLabv3+1 24l
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A2 PR ERHER G N R SIS, (R AE EF
TR JZRFAERNIR JZ 8 SCRFAE A o 0 28 B2 A8 A5 B
JEIT7E PASCAL VOC 2012 $#54E 3T ANH 5 T
W% . ASPP AR HR ek S R A [R]: 2 B S50k
PUSEES, SRIGUF AR 1) s 3k
2.3.1 ANFEEF M RIXT HiRG

FEAE LTRSS, FRAE 4R UM T f 24 71
B E REVEVER, [R5 FEXT DeepLabv3+
R (PR AE SR UE T 25 3E 1T B 3. 7E PASCAL
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SR T A [7) B 1 48 25T sk 5 1) DeepLaby3+
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Table 2 Performance comparison based on different
backbone networks

SEEG BT M 4% mloU/% S E/M
1 MobileNetv2 76.90 5.13
2 ResNet101 80.23 56.85
3 Xception 79.71 71.30
4 SwinTransformer 83.68 92.93
5 EfficientNetv2 81.19 55.51

R 20 WL, ¥ F T M 2% 4t 4 EfficientNetv2
J&, mloUik# T 81.19%, Z¥ & N55.51M. &
SR SIZIG 1 MobileNetv2 i /b (240 &, H
mloU Lt EfficientNetv2 7> T 4.29%. SE4 2 Hhfif
ResNet101 f) 2 % & fl EfficientNetv2 # Z 4 K,
{H EfficientNetv2 42 BURE B2 5 & oSG 4 1) mloU
BARIL R T 83.68%, HHESH & H @iz KT
EfficientNetv2. Zid%55 7047, EfficientNetv2 454
Pk 7 ARG A B R AR SR OIS B, 6 T B
Tbryy sl AR
2.3.2 ASPP i sEle

ARSCHE ASPP BLH A 5N T UR BE W] 3 B K 4
FURIMSPM, ik H R4 & 10 ASPP LR, T
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Table 3 Comparison results of ASPP improvement

RGN AR
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experiments
HH  GAP MSPM DSDConv  mloU/% SPPT/ms
1 N 78.64 59.84
2 N J 79.85 65.10
3 J 79.99 51.63
4 J N 79.74 43.46

Wi 3 AR En, BRA fE FH MSPM Al
ASPP L) GAP, E4R mloU A firg 7, (H M
I (8] A BT T B o AN 3 5 0 5 A F MSPM,
MY mloU ik — 43 2 7527, 1 B 7090 i () 42
BB T RRAK . 5B 5 NTREE AT 4 B K s
R, DA 0.25% (RS B, A6 Tl DU i ) 45 3] (2 35
RTbo WA SRR 4 124 7 AE I N-ASPP
B
2.3.3 ANFEEEFIPLH] ER b Lk

TR AU A 0 2 8 v A B A E A
Tk AR 20 X 2 TR0 HY 75 B B OV IR A ARRAE
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FEFIALA S R MR, s FEE A —
¥, ARWET EfficientNetv2 & T 4% Fl F ik ASPP
B, 51N AR ER AW AT L. X B
SR MR AFTR.

F4  AFEEREIIPHIVERER HE

Table 4 Performance comparison of different attention

mechanisms
SEEG Backbone Attention mloU/% FPS/(frame/s)
1 EfficientNetv2  ECA 79.58 16.71
2 EfficientNetv2 SE 79.43 15.79
3 EfficientNetv2 CBAM 80.20 14.32
4  EfficientNetv2 NAM 80.25 16.63

H# 4 0] %1, NAM A LG SE 1 CBAM, 14 fE
HEWHEMEE, HLECABAREEE T —&4, H
mloU e Tt 1 0.63%. Zi& i, ASCiE$E 1 I 6E
TSR NAM, - #5 BB 58 474 58 1 3 R 55

Vol. 35 No. 11
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2.3.4 ANFIRRHRIKE B SE
JAE I N-ASPP #E . NAM. 7% 2 R fiEfal &
(shallow feature fusion, SFF)%% & A5 B 161 A 21
M H A EE R T 5 AR, Bl mloU Al
SPTT {E NS ER T Fa bR,  SEIGEHE IR 5 Fros .
5 N FIRHR A R S 45 IR

Table 5 Ablation experiment results of different modules

Efficient- mloU/ SPPT/
2H 5 N-ASPP NAM SFF
Netv2 % ms

1 J 78.94 59.84
2 J N 79.74  43.46
3 N N 80.25  60.13
4 N v v 80.80  44.40
5 J N VooV 8119 44.92

I AR S HIZH 1, 274, ¥ ASPP 4
JR P Ak 45 9 VR B S T AL AR TR 5] N IR T
BB, AL mloU Tt T 0.8%, Tl i
(Bt R ME B kD 7o H 1, 3T A H
Xof i X 1) v 4 SCRRAE {3 B NAM, - BLAR T
I E) =47 B i, {E mloU 5 WA 42T . it 20 5]
3, AMLEE AT H, [R5t S ) N-ASPP
BERANAM, mloU IR i [A] 35 4k 2245 BT i3
I S AR, T & AT SFF A R fifhs
DX AN, AA DA 2k e /b F50 i 1] DA AR AR
mloU #2512 7 81.19%. L& M1 S, Wil 7T
PRI R T —EEH .
2.3.5 AEIEELZ [A] %] b SE6

WA SCHEH 5% 5 FCN. SegNet. PSPNet.
DeepLabv3+%5 28 fiLif X 7 F 4 /£ PASCAL VOC
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Table 6 Performance comparison results of different models
on PASCAL VOC 2012

Bk ERNTES mloU/%
FCN-8s VGG-16 68.17
SegNet VGG-16 69.31
PSPNet ResNet101 73.66

DeepLabv3+ MobileNetv2 74.89
DeepLabv3+ Xception 78.31
ASCEL EfficientNetv2 81.19

#7 DeepLabv3+Iidl il J57E PASCAL VOC 2012 %54k
bxptegs
Table 7 Comparison of results on the PASCAL VOC 2012
dataset before and after DeepLabv3+ improvement

ik ERRLES mloUl% — ZH&/M
J& DeepLabv3+ Xception 78.31 70.25
ARSCH I EfficientNetv2 81.19 55.51

AT B H X EE DeepLaby3+H02E R 2
FIVERE, X5 A orE B AT AT AT B dr,
B0 e MWEB—ATHRIL, 5 I 45 35 A K 0 Al
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AR Sk s B8 AT T 2 7 Ab 3L AR I I AE AR
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Fig. 9 Training loss curves for different models
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Fig. 10 Comparison of segmentation results on PASCAL VOC 2012 dataset
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Table 8 Comparison of results on the WHU dataset before

and after DeepLabv3+ improvement s - A S BT R AR 7 WHU 2 B iin 48 -
Gz BTM%  mioUl  ZHERM  RIFHIA EAFH SRR, (ERDSHR, PR
Jii DeepLabv3+ Xception 85.41 70.25

MG IRZ MRS, 4006 T HARR > EIERRRL, (R
WL T A SRR BAT — 2 SRz AL e

R E EfficientNetv2 87.92 55.51

ML 8F H, AT I DeepLabv3+
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Fig. 11 Segmentation result comparison on WHU dataset
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