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Abstract: To meet the stringent requirements for both accuracy and real-time performance in applications
such as autonomous driving, a real-time image semantic segmentation algorithm based on a triple-branch
network is proposed to achieve a favorable balance between segmentation accuracy and inference speed. In-
spired by PIDNet, a triple-branch architecture is designed to extract fine-grained detail information, se-
mantic contextual information, and edge cues from the input image, respectively. An efficient pyramid

pooling module is integrated into the semantic context branch to capture multi-scale contextual information
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and enlarge the network receptive field. In addition, a lightweight multi-scale channel interaction attention

mechanism is introduced into both the detail and edge branches to enhance feature representations. Fea-

tures from the three branches are subsequently fused, and a semantic segmentation head is employed to

produce the final result. The proposed network achieves 79. 2% mloU at 88. 5 frame/s on the Cityscapes

dataset and 80. 5% mloU at 140. 1 frame/s on the CamVid dataset. Experimental results demonstrate that

the proposed method performs semantic segmentation efficiently, providing an effective trade-off between

real-time performance and accuracy while significantly outperforming existing baseline methods.
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Fig.1 Image semantic segmentation
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Fig.2 Framework of real-time image semantic segmentation based on three-branch network
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Fig.4 Multi-scale channel interaction attention module
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Tab.1 Pytorch code of multi-scale channel interaction at-

tention module

Algorithm: Multi-scale channel interaction attention

mechanism, MCIAM

XERCHWE ROAHS WInput: (Feature map)

Output: Y (Feature map enhanced by our pro-
posed MCIAM)
class MCIAM (nn. Module) :
def init_ (self,% size=3):
super(MCIAM,sell). __init__()
self. avg_pool=nn. AdaptiveAvgPool2d(1)
self. convl=nn. Conv1d(1,1,kernel_size=*£_size,
padding=+_size//2,dilation=1,bias=False )
self. conv3=nn. Convld(1,1,kernel_size=# size,
padding=+k_size//2*3,dilation=3, bias=False)
self. conv5=nn. Conv1ld(1,1,kernel size=#/ size,
padding=+k_size//2%5,dilation=5, bias=False)
self. conv7=nn. Convld(1,1,kernel size=# size,
padding=+_size//2*7 ,dilation=7,bias=TFalse)
self. conv9=nn. Conv1d(1,1,kernel_size=*£_size,
padding=F£_size//2*9,dilation=9 ,bias=False )
self. sigmoid=nn. Sigmoid()
def forward (self,x) :
y=self. avg_pool(x)
y_transformed=y. squeeze(—1). transpose( —1, —2)
yy=self. conv1(y_transformed)
ys;=self. conv3(y_transformed)
y;=sell. conv5(y_transformed)
y,=sell. conv7(y_transformed)
yo=self. conv9(y_transformed)
Y=yt Tyt oyt
y=y. transpose( —1,—2). unsqueeze(—1)
y=sell. sigmoid(y)

return x*y. expand _as(x)
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Fig. 5 Three-branch feature visualization results
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Tab.2 Ablation experiment of efficient pyramid pooling

module
Method mloU/% FPS
Baseline 76.2 103. 5
Baseline+ASPP™! 78.9 79.3
Baseline+ DAPPM"" 79.0 92.3
Baseline+PAPPM" 78.7 98.2
Baseline+EPPM(Ours) 79.2 88.5
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Tab.3 Ablation experiment of multi-scale channel inter-

action attention module

Method mloU/% FPS

Baseline 78.7 93.1
Baseline+ SENet ™ 78.9 85. 2
Baseline+ CBAM™” 79.0 82.8
Baseline+ECANet™ 79.0 90.6
Baseline+MCIAM(Ours) 79.2 88.5
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Fig. 6 Comparison of heatmaps with and without MCIAM
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Tab.4 Ablation experiment of feature fusion module

Feature Fusion mloU/ % FPS
Add 78.7 96. 6
Concat 78.9 95.7
Bag(Ours) 79.2 88.5
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Fig. 7 Qualitative comparison of results on Cityscapes dataset
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Fig.8 Qualitative comparison of results on CamVid dataset
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Tab.5 Quantitative comparison of results on Cityscapes

dataset
Method Resolution GPU  mloU/% FPS
MSFNet"™  2048%1 024 2080Ti  77.1 41
CABiNet'™ 2048%1024 2080Ti  75.9 76.5
BiSeNet'”  1536%768 1080Ti  74.7 65.5
BiSeNetV2™' 1024512  1080Ti  75.3  47.3
STDC™ 1536%768 RTX3090 75.3 74.8

PP-LiteSeg'™ 1536%768 RTX3090 74.9  96.0

HyperSeg™'  1024#512 RTX3090 75.8 59.1
SFNet'®  2048*1 024 RTX3090 77.8 87.6
DDRNet'”'  2048%1 024 RTX3090 77.4 108.1

PIDNet-S™ 2 048%1 024 RTX3090 78.6  93.2
Our Method 2 048+%1024 RTX3090 79.2  88.5

FRBE Y. UL, 5 PIDNet Bk M L, A 3C
TR 28 o O T L AR AR T SR A o S A E I R
TE T S ) B 1 R P N S O T A A T A
B IR E T BEAR Y A
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Tab.6 Quantitative comparison of results on CamVid dataset

Method GPU mloU/ % FPS
MSFNet'* 2080Ti 75. 4 91.0
PP-LiteSeg'™" 1080Ti 75.0 154.8
BiSeNetv2™ 1080Ti 76.7 124.0
HyperSeg™" 1080T1 78.4 38.0
DDRNet' RTX3090 78.6 182.4
PIDNet'*'! RTX3090 80. 1 153.7
Our Method RTX3090 80.5 140. 1

. Trade-off between accuracy and real-time performance
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Fig.9 Comparison of accuracy and real-time performance

of different algorithms
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