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Abstract

In order to improve the loss of details in the traditional semantic segmentation model, which leads
to the decline of information, we propose an improved DeepLabv3+ network segmentation model.
Firstly, replace the backbone network with the MobileNetV2 network. Secondly, the source image
is decomposed by constructing a four-channel non-separable wavelet low-pass filter, and the
high-frequency subimage of the source image is extracted. Thirdly, the common convolution is re-
placed by deep separable convolution and the adaptive refinement feature of convolutional atten-
tion module (CBAM) is introduced to improve the segmentation effect of the network model. The
experimental results show that on the VOC data set, the mean intersection over union (MIoU) of
the improved model is 0.94% higher than that of the original DeepLabv3+ model, the mean pixel
accuracy (MPA) is 1.34% higher than the original DeepLabv3+ model, and the accuracy is 0.19%
higher than the original DeepLabv3+ model. On the BDD100K data set, mean intersection over
union is 0.53% higher than the original DeepLabv3+ model. The DeepLabv3+ mean pixel accuracy
is 0.15% higher than the original DeepLabv3+ model, and the accuracy is 0.13% higher than the
original DeepLabv3+ model. Both subjective and objective results show that our model is better
than the original model.
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E[NEA)ZHR A

TEEGAC BRI I, g BR300 N T R E 0 BUR #1750 BT 12 0 B 4 #1751 (8]
[9] [10]« T XA EG E) 77 EE[11] [12] [13]. - T5 %mgﬁﬁﬂﬁ&uqnaumﬁ%$@ e
By RIJTVE[LT] [18] [19]. IXLEAE 48 BUR 73 #1051 K 2 B M H BUR IR B A5 B AT /0 i ab 3, DRIt 1
TR b REAE U BB EUES FEAEH .« EE T /N R AR 46 1 G o3 B R B BRI B

FvERe, JEHRE AR R AILEEE, UARISEIHK.
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Figure 1. Channel attention and Spatial attention structure in CBAM
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Figure 2. Low frequency and high frequency of image
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Figure 3. Overall framework of our model
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SEG ) R G IMEAEALFE 254 Intel(R) Xeon(R) Silver 4210 CPU@2.20GHz, &47NAEAN 24G, &K AN
NVIDIA Quadro RTX 5000 {1 EHL EdEATIH), F2)7 &% T CUDALL.0 BA K CUDNNIO0.1 (VR 2= STHESE |
LI R MBI B, RIS 5 o) ARG B 70 R S5 R R N B . VRESIY Bt o R (1 £ 1
ARG, RHESRIUN A KA, 5 I RAREUN, AU R XS P BEAT ROR, S B 1 [R] B OR
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RS R AR . VRS Bl Epoch Bl 50, Batch size B 8, BAY () # /N 1 R K B N 0.00007;
T B, Epoch ¥ & Jy 100, Batch size & }y 4, %1% ¥ H y 0.00007.

4.3. ST

N T B M st JE AR AL MERE, A SCiE ] MIoU (Mean Intersection over Union), MPA (Mean Pixel
Accuracy, KHIFIERUERZR), Accuracy (HEREE) =N aFRRIEANE o B Bk PR .

LA VOC ##ate A, 2RSS 20 MRS —AH R, kKRR, KA k1 K50, i
FOREIAE, jARORTINE,  py Rk | .

1) MloU BR3358 b, THEBTA R BI S RIREE Z LU~ I8 (E . HE— 28501 MoV T A= F -

13 Pii
MioU = +1Z - .
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T By
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3) Accuracy B A= FUIN IEAf AR R . iHHE AR
TP+TN
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TP+TN+FN+FP

Hrr: TP (True Positive FTIE]) 5 Tl i &5 M, H I IERG . FN (False Negative {5 5 i) % 7w 5
FrAI, FAME .. FP (False Positive)fe iR IERY, FALSTMI N IER], SEbr&&Bl. FN (False Negative)& i
B ), FERVFI A S5, PR IER] . TN (True Negative) s 254, RERSFHIA [ 5], S2hp 2 [l o
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e EEAT AL, A5 R AAE 1.
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Table 1. Comparison of objective indicators of different Classical semantic Segmentation methods on VOC datasets
= 1. FEIZHBIZEN S EFEE VOC HESE EEIEFRELER

RS MIloU% MPA% Accuracy%
DeeplLabv3+ 76.29 86.51 93.39
UNet 61.68 72.44 91.28
PSPNet 70.31 83.04 92.83
Our Methods 77.23 87.85 93.58

4.5, FNEIM4E{E BDD100K HiiEE&E FaMR LA R

WA SC AT B BB AR AL S E A7) LRI B et (38 U4y IR 7E BDDL100K $idi4E Rt it th, 45
RIFE 2.

Table 2. Comparison of objective indicators of different Classical semantic Segmentation methods on BDD100K datasets
* 2. TRZHIFEN 7 EI753£7E BDDI00K HiiEsk EEVEFRELE

IR 2% MloU% MPA% Accuracy%
Deeplabv3+ 51.75 59.52 90.09
UNet 48.35 56.31 91.35
PSPNet 33.28 39.57 86.62
Our Methods 52.28 59.67 90.22

4.6. Wavelet #3314 gEISIE

N7 B IRE Wavelet BEH I PERE, FRATE I Wavelet #5245 1531 55 JEUAR AL /E VOC %di 48
EREATR GRS, SIS SR WA 3. I Wavelet BEHLE, MloU $215 0.79%, MPA $i¢& 0.31%, Accuracy
$Ei 1 0.11%. kW] Wavelet BEH0T- 70 BIE 55A B IR THRCR -

Table 3. Wavelet module performance
%= 3. Wavelet #EHR 148

PR 2% 155 Y MloU% MPA% Accuracy%
K51\ Wavelet #Hk 76.44 87.54 93.47
FI\ Wavelet #ish 77.23 87.85 93.58

4.7. EEM

JE B 4(a) . R PSPNet AbHE /5 1045 Rl 4(b)Frax, M2 ERsr & BRG B fA h
Bl 71 12 3h p1 oy H1 e A H 2 BAT IR e U 90 &1 13, A8 H] UNet BERLARFE 5 1045 R a1 4(c) B,
FUR AL S AR 0 0 ENTS IR BEAT /N 2 70 s S SRR BE s B AT ARy vl e 4, AU 2
R o e 70 &1 2/3. A8 DeeplLabv3+ab B 5 45 R W <] 4(d)Ffra, R BIR &I DeepLabv3+177£ 73 #1
ATERER L, MRS LA, WRSRIBBA 0 B5E 4r; 1880 LI R RIS A O BOA SR E .
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Figure 4. Comparison of Segmentation effects of different models
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