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Study on Deep Learning Algorithm for Foreground Subject Segmentation of Non-specific Category
Images

CHEN Xianglong and LI Haijun
School of Information and Intelligent Engineering, University of Sanya,Sanya,Hainan 572022 ,China

Academician Guoliang Chen Team Innovation Center, University of Sanya,Sanya, Hainan 572022, China

Abstract By incorporating SENet channel attention mechanism on the basis of Mobile Unet network, the image foreground sub-
ject se-gmentation algorithm is improved. The algorithm introduces deep separable convolution to reduce the number of model pa-
rameters, while utilizing skip connections and multi-scale feature fusion to improve the segmentation accuracy of the model. Du-
ring the training process,a spatial pyramid pooling module with hollow convolution is used to increase the receptive field and im-
prove the model’s recognition ability for large-scale objects. Experimental results show that the improved algorithm achieves 96 %
MIOU (Modular Input/Output Un-it) segmentation accuracy on the PASCAL VOC2012 dataset,with an accuracy rate of 0. 971,
which is superior to various existing image segmentation algorithms, such as the FCN fully convolutional neural network algo-
rithm. In terms of speed.the processing time of the model for each image is between 1. 7s and 2. 5s. The improved algorithm has
a faster inference speed compared to traditional fully convolutional neural networks, making it suitable for real-time image seg-
mentation on mobile devices. Through comparative experiments,the effectiveness of the Mobile Unet models before and after the
improvement,as well as the FCN model,in foreground subject segmentation of images under bright and dim conditions is com-
pared,and the conclusion is drawn that the improved Mobile Unet model has the best performance. Finally, the algorithm is de-
ployed,a GUI visualization operation interface is designed,and an. exe executable file is generated.

Keywords Subject segmentation, Neural network, Receptive field, Parameter quantity, Segmentation accuracy
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Table 1 Network model parameters

layer Filters Size Input Output
conv_1 64 1%1/1 512%512%3 512%512%64
dsp_1 Dwise_1 64 3%3/1 512%512%64 512%512%64
max_1 2%2/2 512%512%64 256%256%64
Dwise_2 128 3%3/1 256%256%64 256%256%128
dsp_2 Dwise_3 128 3%3/1 256%256%128  256%256%128
max_2 2%2/2 256%256%128  128%128%128
Dwise_4 256 3%3/1 128%128%128  128%128%256
Dwise_5 256 3%3/1 128%128%256  128%128%256
dsp_3 Dwise_6 256 3%3/1 128%128%256  128%128%256
max_3 2%2/2 128%128%256 64%64%256
Dwise_7 512 3%3/1 64%64%256 64%64%512
dspt Dwise_8 512 3%3/1 64%64%512 64%64%512
- Dwise_9 512 3%3/1 64%64%512 64%64%512
max_4 2%2/2 64%64%512 32%32%512
Dwise_10 512 3%3/1 32%32%512 32%32%512
dsp.s Dwise_11 512 3%3/1 32%32%512 32%32%512
- Dwise_12 512 3%3/1 32%32%512 32%32%512
max_5 2%2/2 32%32%512 16%16%512
conv_trans_1 512 3%3/2 16%16%512 32%32%512
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Fig. 15 Pseudocode of Mobile-Unet algorithm process
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AR 2 TN G b A 2 Aub 20 P R

Input. 77 % kA7 £ 0k 4 %1 1 B R
Output. % W] 5 £ 1k K14

1. while & U3 [F7 BT A7 %5 B 43 #  EE do

2. function % #fE 4458

3. Vi Ji PIL. ImageEnhance J& , % & 2 5
4. end function

5. function FE k4%

6. A F . D5 AR TR S AT PG SR R A 4
7. end function

8. function 7§ 5ti& W 1k
9. A RS DY 3 5

10. end function

BAHB R TR 6@

11. end while
12. 15 3 e 2 F IR ER

&l 16 55 A0 kb B & R o R 0 Oh AR RS
Fig. 16 Peudocode of model processing image process
3.3.8 MEAEARGAL
W 17 frs , 8 5Ext U 4 AT R AL 3, AL 45 5 —
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Fig. 17  Overall model process
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Table 2 Experimental environment

Intel(R) Core(TM)

e i7-9750H CPU
B E 20GB W # 512GB B A% &
TR Windows 10 64 fiL
TS Pycharm
REFESER TensorFlow
Python #t A Python3. 6
TensorFlow TensorFlow- NumPy OpenCV- Keras
Python & . ° Python
1.13.2 GPU 1.13.1 1.19.5 151,48 2.1.5

4.1 Bt FFHY Mobile-Unet 48 i)l 4
4.1.1 BmEHAHK

1) 24 2] % (learning rate)

TEYN G B v, 2 2] 22— A T ZE W S8 168 B IR
ZHCEH I . A SO E/INR 27 > 281/ 0. 001, TR AR
VIl AT I . SR E A 2% 2 %0 0. 01, Y Zhid #2 i &
IR 2 0 P, 2 I 408 A R AR U i i 50, 7 432 30 ) ¥ e A
BRI 5% 5 . o SR B Jm AR e A . PRI MG, 8 ek X BE ST
¥ 2 3] R 0,001,

2] F 0 0. 01 BYIZREE 5645 2 0 AR S0,

WnlEl 18 B, IR B 0. 166, MR LUK (E A
0.439,

= ep002-loss0.166-val_loss0.439.h5

18 AL SCHF 1
Fig. 18 Weight File 1

25 2] Foh 0,001 BFYIEREE 5015 2 B9 A & SO
WA 19 i . I 25 42 31 2 (8 0. 179, I3 45 451 2
0. 385,

= ep002-loss0.179-val_loss0.385.h5

K19 AU S 2
Fig. 19 Weight file 2
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T F T 9 46 0050 B R B E AR AL

2) 4t & K/ (batch size)

it R /NFE B R I R T FH B RE AR B . T Mo-

bileNet 045 H X% 45 52, R AT DL 3gk 48 45 Kk 9tk & /s (i) 4
328 64), IR RN SR B, AR SO it R/ 32, A |
At /N 64, YISt B R B S B T E S R B R TG

e/ KNy 32, 8K T AT R B & T IR R E

DI 5 %0 (number of epochs)

Hi T MobileNet [ % #H % # 5% . i 8 H 75 2380 1l 45
FORC. AR SO 1 WS 56 UE B 04 40 R AR R i T e
YL EE VG Bl 15~25 4~ epochs, 73X 478 Bl Y L 1125 ) 5
RUR I T B A E R R AR A TR 3R

D FT LA

FURL A 8500 5 A AT 1 25, i ) numpy 9 random oA 4§
e BEHLIT AL B 6 18 B s 1 90 % A T U2k, 10 % A T 1
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4.1.3 RELH

B epoch (YN AFEHD 2 J5 23 L2 ) — 1>, ho A% LAY AL
HICF AN 20 PR o BRAT RO BCEE SO ELE T IRt 9 1 22
00 265 2% J2= BRASUAEL o I 8 A AR AT LA B4 B TG P T 3
SR AT I 45
ep002-loss0.330-val_loss0.345.h5
ep003-loss0.076-val_loss0.419.h5
ep003-loss0.385-val_loss0.409.h5

ep006-loss0.041-val_loss0.571.h5
ep011-loss0.022-val_loss0.842.h5

s M N s

20 ACE M3
Fig. 20 Weight file 3

4.2 SDEHMEILLEI
4.2.1 PAZEMHT >R AR
D) ek #E 7 9 Mobile-Unet 23 #3% 5R E L anid 21 R,

Bl 21 WISE 40T BCHERT 9 Mobile-Unet 23 #1288 B
Fig. 21 Mobile Unet segmentation effect before improvement under

bright conditions
BORAEAN AR ) R R M L E 32 B g,
PR3 F I 2 A B Ak
2) W) 1 Mobile-Unet 4> FIBCR &L W0 18 22 iR,

Bl 22 BHSEAME T Bl S 9 Mobile-Unet 43 #2505 B
Fig. 22 Mobile Unet segmentation effect after improvement under

bright conditions

BORIEA BRI 3 VR v o L 30 2 op B ROR B 2 RS

K23 WISESAFT FCN SRS 5 5]
Fig. 23 FCN model segmentation diagram under bright conditions
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R A I i# 5 19 Mobile-Unet,
4.2.2 BESEHTHSE ARSI
1) BT 19 Mobile-Unet 43 BIRCR &, W0 24 s .

—_—

24 B S AF T G RTHY Mobile-Unet 43 #1280
Fig. 24 Mobile Unet segmentation effect before improvement

under dim conditions

R o 5 BE A% R B BT LB T R BT
13 4 SR A B o U0 1 L O Lt R R A
2> HEJ5 19 Mobile-Unet 4 E1SCR &L NE 25 Fis .,

B 25 BT Mt S i Mobile-Unet 43 #1205 B
Fig. 25 Mobile Unet segmentation rendering after improvement

under dim conditions
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Fig. 26  FCN model segmentation diagram under dim conditions
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4.3 MR

ARICHIRA T 7 MR . 1) MIOU(Mean Inter-
section over Union) : ¥ 3¢ 3, 4 B 25 2R 5 H 9 AR % 10 & &
T AR LA — 3% 41 T AR A 7 (B, 2048 AR B =y B AT 5 2) MSE
(Mean Square Error) : ¥ 25 , 48 8 & Il 5 L PR Z 0] 1Y
¥R 22 04 5 AE 1% F8 bR B B G 5 3) Average_time: Zb PR
B 5k 115 1 X I TR] 32 98 AR B AT 5 4) loss - Y11 25 4R 11 431
KA LR BT 35) Val_loss: MR 4 A48 26 AH %95 45
A B 4T 5 6) Acc(accurate) « YI 25 42 A9 U B {8 . 12 38 A i i
57 Val_ace: MR AR A9 B0 (A 2 35 br it B 4. Zad s2 56
738 g #E J5 19 Mobile_ Unet 52280 (1 X N7 4 b5, B 14 8 45 0
3 5,

%3 M5B Mobile_Unet 5 B 3E A 6 45
Table 3 Improved Mobile_ unet model evaluation index
MIOU MSE Average_time  Loss  Val_loss Acc Val_acc
0.96 0.056 1.7~2.5s 0.154 0.165 0.971 0.965

4.4 REEIMEBEIEARITLE
2% 4 5T B R 9 Mobile_ Unet #8581, 2 i3 J5 19 Mo-
bile_Unet # % 5 FCN #% 8 4 45 45 # % L. . MIOU
(Mean Intersection over Union) A 3¢ ;s MSE(Mean Square
Error) J 75 7% ;s Average_time i &b 3 45 7K A% (19 SF- 25 B5F ] 5
loss YN ZRAE M4 A s Ace IR AE M EH A .
4 BALPERE IR bR L

Table 4 Comparison of model performance indicators

E&id &
Moli(iifjlnet Moéil;ﬁnet FEN
loss 0.156 0.154 0.161
MIOU 0.95 0.96 0.93
ACC 0.969 0.971 0.966
Average_time/s 1.9 1.7 2.1
MSE 0.059 0.056 0.064

% 4 h, S B9 Mobile-Unet 5 2 #E 1 89 Mobile_Unet
AL . loss AKX T 0. 002, MIOU 2% T 0. 01, ACC & T
0.002, VY 4b FREF (] 45 585 T 0. 25, MSE F&{X T 0. 003,

e i# J5 B9 Mobile-Unet 5 FCN #H I #, loss fH AR T
0.007,MIOU #£%: T 0. 03, ACC & & T 0. 005, 3 14 4b B i
[ 4555 7 0.4s, MSE F&{% T 0. 008,

25 AR G LR B A 27 TR

25
21
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0 17
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Fig. 27 Bar chart of performance comparison of different models
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