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Real time semantic segmentation method for images
based on Transformer-CNN

LI Zhongxu

(China National Tobacco Corporation Beijing Company, Beijing 100021, China)

Abstract; To improve the quality and real —time performance of image processing tasks, a semantic segmentation technique
combining Transformer technology has been studied and designed. During the process, the spatial and channel weights of deep
features are utilized to improve image segmentation accuracy. The key parts of the feature map are determined through sub region
partitioning, and channel sensitivity weights are added for information optimization. Different scales of feature maps are fused into a
unified feature representation. On the Visual Object Classes Challenge 2012 dataset and Pascal Person Part dataset, the experimental
results show that the research method reduces the loss value to near 0 and remains stable when the training iterations reach 29 in high
contrast images; The experimental results on public video datasets show that the research method achieved a processing speed of
approximately 9 milliseconds per frame on 1 080 p resolution and 30 FPS video data, with an overall processing delay controlled
within 0. 3 seconds. This indicates that the research method has stronger real —time image feature extraction performance and can
perform more accurate and reasonable image semantic segmentation.
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Fig. 4 Analysis of training loss scenarios
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Fig. 5 Analysis of task processing elapsed time
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Fig. 6 Image feature extraction accuracy analysis

HE 6(a) HILE G a] UL, Transformer—CNN
TE RS AL 2 ANFFIERS  RRAE SR UERR 30 99. 7% ;
TERMG AL 14 A FRAE I, 47 AE $2 BCHE ) 5 T F 2]
98.8%, FEIE 6(b) HEHLIEIME H 7] UL, Transformer —
CNN 7EENRAL T 2 AS4FAE B 0 F5 AF $2 OB R

(a) F5 B ZRAFBENL

99. 4% ; FEPGALT 14 ANHFAE IR (1957 Ak 42 BB 5
TRER] 98. 2%, VLW ST T5 12 BE 0% S M A M £ X
IR P RRFIEE S . BEPLAh R — iR R R 21T R
TSy LA RN T R

(b) BE R

(c) Transformer—CNN

B7 BEBIEXSEBRSH

Fig. 7 Analysis of image semantic segmentation effect
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Fig. 8 Amount of error pixels occurring during semantic segmentation of images
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