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Abstract: To address the issues of multi—scale object segmentation errors, poor correlation between multi—
scale feature maps and feature maps at different stages in the Deepl.abv3-+ network, the following
modules are proposed to incorporate, including a global context attention module, a cascade adaptive Scale
awareness module, and an attention optimized fusion module. The global context attention module is
embedded in the initial stage of the backbone network for feature extraction, allowing it to capture rich
contextual information. The cascade adaptive scale awareness module models the dependencies between
multi-scale features, enabling a stronger focus on the features relevant to the target. The attention
optimized fusion module merges multiple layers of features through multiple pathways to enhance pixel
continuity during decoding. The improved network is validated on the CityScapes dataset and PASCAL
VOC2012 augmented dataset, and the experimental results demonstrate its ability to overcome the

limitations of Deeplabv3+ . Furthermore, the mean intersection over union reaches 76.2% and 78.7%
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Fig.1 Improving the overall network architecture diagram
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Fig. 2 Global context attention module
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Fig.5 Visualization results of attention in the improved network
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Fig. 6 Visualization results of feature maps in the improved network
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on the Cityscapes validation set
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+GCAM+CASAM+AOFM1,2 ResNetl8 74.3
Baseline ResNet50 73.8
+GCAM+CASAM+AOFM1,2 ResNet50 75.6
Baseline ResNet101 73.9
+GCAM+CASAM+AOFM1,2  ResNetl01 76.2

5, JF I ResNet101 £ 2y 14 Rl 5 56 19 B T M 4% .
2 2 0] & ), CASAM XHERE (14 38 B2 i B K
Y DeepLabv3-+ W £ 4 [t , MIoU 2 & 1 1. 9%,
[ &, i A GCAM . AOFM1.AOFM2 {ii % £ fiy
Gy EVEREEORN IR REE B AR TR, RE
AOFM2 B XK BE By el 540k 0. 1% B AE PR 7
B 2 R T AR AN B B0 A B T AR

BAER AR

ZKATERE
R2 B MLKTE Cityscapes I8 IF & F B RRSEIE
Table 2 Ablation experiments of the improved network

on the Cityscapes validation set

Deep- GCA CASA AOF AOF ¥ MloU
Labv3+ M M M1 M2 /M /%
N, 52.7  73.9
N N 58.2 74.2
NG NG NG 64.3 75.8
N, N, N, N, 66.2  76.1
N/ NG NG NG NG 67.5  76.2

Sy — 25 W R CASAM (WA 80Pk, 7
Cityscapes Il i £ - X} CASAM Fl ASPP 19 it il
g5 AT AT AR X L, X LRSS R AN 7 o . He
701 WL, CASAM AT LAUAS 28l 5 A T RUJEE 9 4
I, 38 3 3 5 22 RUBE AR AIE 22 [R) 09 DT 1, DT 2k 5
T AR R H AR G T AT NSRS AN S 1 R)
It Bk — 2004 T BRI % .

ASPP

7 CASAM 5 ASPP 7 Cityscapes i & By XFEE
Fig.7 Comparison of CAMSM and ASPP on the Cityscapes test set

3.2.3 ANIRIBEAE Cityscapes B4 I b
R VE A AR SO 4 AR (1 1 fig L 7E Cityscapes
R b5 HAB S 2 R AT TR LR, Ik
SHI7N o SRR W] A SCRT $ A5 I 14 43 R ROR G
T H Ath 57 7% | tb SegNet, DANet, SETR-MLA .
Deeplabv3+ (CCNet,UperNe,OCRNet, Segfor-
mer 73 42 T 9.5%.2.3%.0.1% .2% 4. 8% .
3.7%.2.8%0.0. 3% , A SCHIEAER FE | 5 SE-
TR-MLA FEA R (02 80 ) 83 Wb, 265
KA A SR Ak A A TR PR RE B AR B I =
AN, R A BE T AR S HETE Cityscapes SR 4E |
18 25 28 ) T 45 SR L BT 4 O IR AE 2 A 2R B AL T
P, 5 Deeplabv3-+#H kb , 4 3C 75 6 46 1
Bt B 22 ROBE B AR I 4T KA RS B

X3 A EEXTE Cityscapes IWiF & 3T LE
Table 3 Comparison of different algorithms on the

Cityscapes validation set

PRk WM& ZHE/M . MU/ %
SegNet VGG16 50.85 66.7
CCNet ResNet50 60.8 71.4
UperNet ResNet101 86.4 72.5
OCRNet HRNet 72.8 73.4
DANet ResNet50 58.9 73.9
Segformer MiT 101.2 75.9
SETR-MLA T-Small 311.8 76.1
DeepLabv3+ ResNet101 52.7 74.2
AL ResNet101 67.5 76.2

BT 2.9%.3. 1%, X J&H S CASAM Xt £ R
BE AR AT T R £ 4% e S o G s B 2 B
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PRGN i 5] A AOFM, Fl F ECA X E in FREGIX A BE RS R = T 2. 4% 2. 2%
K, A 0 28 B A T 58 () i B BE 0 o Rl AL Sk T SO b JRE B A I 2% BE R Al
HAran 4 N M“Bit54 ", GCAM 8951 A f W 4% AL TS SC T 7 5k B TN 45 SR R AT nT Ak, AT

REf% 3 4 M AR IR 42 )= bR SO 8, N4 & 1 H AL ZE SR AN & 8 B, N A AR O i A
x4 A EE LT Cityscapes IIFE PR EF ML R

Table 4 Prediction results for each category of different algorithms on the Cityscapes validation set

MNT #HF W OB ZE sod Bk e e, AT N FE4E HAT MIoU

Sk ﬁﬁ%ﬁ oo R AT *ﬁ/m\ﬁ#ﬁ%ﬁi&ﬁ;%eﬁkﬁﬁiﬁzﬁikii T
SegNet 89.8 75.4 81.7 38.7 58.7 60.3 57.9 59.8 70.1 56.7 80.6 72.4 58.3 89.6 62.3 68.4 67.6 51.3 67.9 66.7
CCNet 91.1 78.8 86.3 50.9 60.2 61.5 66.8 61.4 73.2 58.0 84.4 75.2 59.1 79.2 73.7 83.1 76.3 66.2 71.2 714
UperNet 924 79.6 87.4 51.2 58.1 62.9 67.4 63.5 73.4 59.1 86.6 76.3 60.3 85.6 77.1 83.1 77.5 64.6 71.4 72.5
OCRNet 93.3 79.4 88.1 51.8 59.6 63.7 68.3 63.7 74.2 58.9 87.3 77.8 61.4 86.9 78.4 84.2 78.6 66.7 72.3 73.4
DANet 93.6 80.1 88.3 47.4 58.9 64.5 69.1 64.5 74.1 60.7 87.6 78.3 60.6 87.9 79.9 86.7 79.2 68.6 73.3 73.9

Segformer 93.8 80.5 88.9 55.4 61.9 66.1 72.6 66.0 784 61.3 87.9 79.4 62.7 90.6 82.2 86.9 81.6 69.5 76.4 75.9
SETR-MLA 94.2 80.3 89.6 55.9 62.3 66.4 71.8 64.3 77.5 62.8 88.7 80.2 62.9 90.4 82.6 86.7 81.9 69.4 77.1 76.1
DeepLabv3+ 93.8 80.2 88.6 53.2 59.6 64.5 69.5 63.4 76.1 60.4 87.3 78.5 60.3 89.1 79.3 85.6 79.9 67.6 73.7 V4.2

A3 94.3 81.1 89.4 56.6 62.6 66.7 71.2 66.7 77.2 62.7 88.2 80.7 62.8 90.8 82.7 87.2 82.3 69.5 75.2 76.2

SegNet

SETR-MLA

DeepLabv3+

ASCH

A 02 ¥ OB & X % B B R fFf B K F 4 Xk E H
BTSN 4 OB & B OB w OB T AT OE E X E K AT
E M oA ﬁ # % KA 3

B8 AREE L7 Cityscapes i &£ ATl &5 R AT L 1K

Fig. 8 Visualization of prediction results of different networks on the Cityscapes validation set
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H{H #5 % . SegNet . DANet, SETR_MLA , Deep-
Labv3-+ LA K A% SCHUHE W 4%, O T i 8 6, 77 4E
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SCIT R J7 1T LU O ) P e RUOEE H A
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CRREIE A TR A AT DA EAT AR A R A
FLAR Bl 0, B 2 5 e, HA % D AR R
AR T A R A RO

3.2.4 AREEEAHPASCAL VOC2012 5 iF 4
RN

oy 6 A SC 0 2% 1) 2 A1 AR SCHE PASCAL
VOC2012 s B4 4 kAT 1508 R L T A
) 590 A P B, T3 5 7, A SR 1 05 B A 0 ¢
B, & SegNet, DANet, SETR-MLA . Deep-
Labv3+ .CCNet,UperNe .OCRNet,Segformer 73
B4 T T 8.6%.2.4%.,0.4%.5.8%.7.2% .
6.3%.5%.0. 126, I X b TS BE TH R A B A
B 2 R, AR SO itk R 2% S B T = Z A AR
L P S0 1A SO A Rz AL PERE

HEWRE

GNEA

5 5 . L I T A 8
47 K FoE R ;az £ o5 R
% iz’.a ¢ %%

SegNet

Sy S WL M X FE AN [6] 95 Bk 7E PASCAL
VOC2012 B ik 4 1 i F00 4 28, 151 9 %o 93 0 4% 2R
AT AL . SRRV EEENE R b AL
T3 ¥ Y A A AR 22 2R IME B 1 R R B AR 43 )
Ui se e AR S E L T BT B H AR
U 38

#5 FEEEEPASCAL VOC20128IF &£/ XL

Table 5 Comparison of different algorithms on the
PASCAL VOC2012 validation set

DANet

Bk HTM% ZHE/M  Flops/G  MloU/%
SegNet VGG16 20.32 22.3 70.1
CCNet ResNet50 47.2 60.1 71.5
UperNet ResNet101 53.4 64.5 72.4
OCRNet ResNet101 69.4 68.4 73.7
DANet ResNet50 10.34 51.4 76.3
SETR-MLA  T-Small 180.62 65.2 78.3
Segformer MiT 100.4 63.9 78.6
DeepLabv3+  ResNetl01 32.7 56.6 72.9
A3 ResNet101 40.2 62.3 78.7

SETR-MLA DeepLabv3+

B9 FEMZFE PASCAL VOC2012 38 1iF £ &Y 7 7T #1144
Fig. 9 Visualization of prediction results of different networks on the PASCAL VOC2012 validation set
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