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Multi-resolution Feature Extraction Algorithm for
Semantic Segmentation of Infrared Images

XU Huilin', ZHAO Xin"?, YU Bo', WEI Xiaoya', HU Peng'*
(1. School of Artificial Intelligence, College of Anhui University Of Science and Technology, Huainan 232000, China; 2. State
Key Laboratory of Mining Response and Disaster Prevention and Control in Deep Coal Mines, Huainan 232000, China)

Abstract: A multi-resolution feature extraction convolution neural network is proposed for the problem of
inaccurate edge segmentation when existing image semantic segmentation algorithms process low-resolution
infrared images. DeepLabv3+ is used as the baseline network and adds a multi-resolution block, which
contains both high and low resolution branches, to further aggregate the features in infrared images. In the
low-resolution branch, a GPU friendly attention module is used to capture high-level global context
information, and a multi-axis-gated multilayer perceptron module is added in this branch to extract the local
and global information of infrared images in parallel. In the high resolution branch, the cross-attention
module is used to propagate the global features learned on the low resolution branch to the high resolution
branch, hence the high resolution branch can obtain stronger semantic information. The experimental results
indicate that the segmentation accuracy of the algorithm on the dataset DNDS is better than that of the
existing semantic segmentation algorithm, demonstrating the superiority of the proposed method.
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Table 2 Ablation experiment of MRBlock

Models Residual Block Basic Block MAGBIlock ASPP Input feature MPA% MIOU%
Model 1 - - x_1 90.8 81.07
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Table 3 Performance comparison of popular algorithms

Methods MPA% MIOU%
FCN-8s 8.16 5.74
FCN-16s 63.32 48.3
FCN-32s 58.37 42.32
U-Net 78.12 72.35
DUC 78.35 69.61
DeepLabv3+ 90.4 82.3
MRFE-CNN 92.72(+2.32)  84.1(+1.8)
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Fig.9 Comparison of training indicators . (a) LOSS curves graph, (b) MIOU curves graph
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Fig.10 Comparison of results. (a) Original image, (b) DeepLabv3+, (¢) MRFE-CNN, (d) Real label
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Table 4  Performance comparison of MSRS
Methods MPA% MIOU%
DeepLabv3+ 68.43 56.37
MRFE-CNN 71.82(+3.39) 58.14(+1.77)

AR, fEAILAIEGEIESE MSRS |, &
SR RAR T DeepLabv3+5yE MIOU #2717
1.77%, MPA $2F+ T 3.39%, {ERH T # L A R

AR5 5 DeepLabv3 + 5% 7E MSRS ¥

0.20 4 —— MRFE-CNN

epoch

(@)

DeepLabv3+‘

LI FIIZRE) LOSS 24k i 26 5 MIOU 21k it
LEWE 11 frac. aTRVEM, EixEURE b, M
T DeepLabv3+ 8%, AR ITEEIIZNT LOSS
W Shs B B, MIOU B o

MRFE-CNN 5 DeepLabv3+ 7E A FL 21 4 H i 4k
MSRS _E TR R P 12 Frs o S %) B IR F )
5, ATLIAE W, 1 MRFE-CNN 238 F &5 B v
A BAHXT DeepLabv3+ 7 #ICR A, ik —PIHIE T
AL IR A U

DeeplLabv3+
—— MRFE-CNN

50

MIOU_MSRS
]

w
S
L

204

epoch

(b)

Bl 11 IZRIBARLLEL. (a)LOSS 224 HIZEIE, (b)MIOU Z&1k i 2k &

Fig.11

(@) (b)

Comparison of training indicators . (a) LOSS curves graph, (b) MIOU curves graph

j. A LAMTEEN

(©) (d)

12 MRREEL R . (a)fiEl; (b)DeepLabv3+; (c)MRFE-CNN; (d)ESEAR2%
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