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Abstract: The lightweight network structure cannot sufficiently extract effective semantic information from feature
maps, and the unreasonable design of the semantic information and spatial detail information fusion block leads to a de-
crease in segmentation accuracy. To address these problems, a global attention mechanism with a real-time semantic
segmentation network (GaSeNet) is proposed in the paper. First, a global attention mechanism is introduced into the se-
mantic branch of the dual-branch structure. The convolutional neural network is then guided in the two dimensions of
channel and space to focus on the semantic categories related to the segmentation task to extract remarkably effective se-
mantic information. Second, a mixed hole convolution block is designed in the spatial detail branch, and the receptive
field is enlarged while maintaining the size of the convolution kernel to obtain additional global spatial detail informa-
tion and compensate for the loss of key feature information. The feature fusion module is then redesigned, and the deep
aggregation pyramid pooling module is introduced to fuse feature maps of different scales comprehensively, thereby im-
proving the semantic segmentation performance of the network. Finally, the proposed method is tested on CamVid and
Vaihingen datasets. Compared with the latest semantic segmentation algorithm, GaSeNet improves the segmentation ac-
curacy by 4.29% and 16.06%. Experimental results verify the effectiveness of this method in dealing with real-time se-
mantic segmentation problems.

Keywords: real-time semantic segmentation; global attention mechanism; multiscale feature fusion; hybrid dilated con-

volution; convolutional neural network; pyramid pooling; receptive field; feature extraction
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Table 1 Ablation experiments on CamVid test set and Vaihingen test set %
Camvid Vaihingen
FHEIE MR FIF MR PISORE SFRERR FIE K
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Table 2 Network structure calculation comparison

BiSeNetV2 GaSeNet
Pk mf/i'm GFLOPs ﬁ{f/{?ﬂ GFLOPs
X4 L 1.16 1.763 1.57 2.101
2RI 0519 15.152 0.519  15.497
FHERESHIR 1672 12,627 1302 10.997
JER I 3.634 31.8 3.674  28.595
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Table 3 Evaluation results on the CamVid test dataset %

eSSl I WERR R F o8
K& 93.9 96.88 96.86
AR 90.47 94.88 95.00
F 47.00 54.94 63.95
P 96.93 98.12 98.44
MNTIHE 87.23 94.36 93.18
AR 81.83 91.49 90.01
(EReZ7NES 57.27 59.14 72.83
A= 7221 80.87 83.86
R 89.78 95.46 94.62
(FON 62.35 84.04 76.81
SEFES 64.64 70.91 78.52
RRfIEN 76.69 83.73 85.82

(a) Ji P | (b) i =l

B9 CamVid ##7% RGB B& & HNE
Fig. 9 CamVid dataset RGB images, labels and prediction
results
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Table 4 Performance results of different methods on the

CamVid test dataset
ML PSR (s T) GFLOPs
BiSeNet [ResNet18§] 65.60 175 34.0
BiSeNet
[Xception39] 68.70 116.25 —
BiSeNetV2 72.40 68.95 31.80
BiSeNetV2-L 73.20 33 118.5
DDRNet-23 76.30 90 12.10
PP-LiteSeg-T 73.30 91 153
GaSeNet 76.69 66.5 28.595
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Table 5 Evaluation results on the Vaihingen dataset %
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Fig. 10 Vaihingen dataset RGB images, labels and predic-
tion results
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Table 6 Performance results of different methods on
the Vaihingen dataset %
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