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Super-Resolution Infrared Remote-Sensing Target-Detection Algorithm
Based on Deep Learning
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Abstract Owing to the infrared diffraction limit, the resolution of infrared remote sensing images is generally low,
which makes precise detection and recognition of infrared targets difficult. To address this problem, an infrared
target super-resolution detection algorithm based on deep learning is proposed. The algorithm comprises two main
parts. The first part implements Wide Activation for Efficient and accurate image super-resolution (WDSR) to
reconstruct infrared remote sensing images, and uses infrared images processed by the downsampling method of the
sensor as the training set. The second part involves target detection based on Faster region-based convolutional
neural network (Faster RCNN). A multiscale feature transfer network structure is proposed. The low-level features
are input to region proposal network (RPN), which reduces the simplification rate of weak and small target pixels.
In addition, a nonmaximum suppression method is used to reduce the suppression of dense target detection frames.
Compared with Faster RCNN using the same training set, the proposed algorithm increased target detection
accuracy, the overall recall rate, and the recall rate of small targets by 5.33%, 12.22%, and 13.25%, respectively.
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Table 1 Structure of ResNet101

Layer name Output size Conlfig
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Fig. 3 Diagrams of multiscale feature extraction networks. (a) Feature extraction network in Faster RCNN; (b) multiscale

feature extraction network
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Table 2 UAV data parameters

Parameter Value
Array size 640X 480
Wavelength range /um 7.5~14.0
Pixel size /pm 17
Focal length /mm 35
Angular resolution /mrad 0. 68

Data format U16(Unsigned 16 bits)
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Fig. 6 Impact of resolution on the accuracy of dataset recognition
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Fig. 7 Comparison of results. (a) Direct detection results; (b) training with infrared data; (c) after super-resolution
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Table 3 Detection results

Algorithm T N AT AN P /% R /%

Salience algorithm 196 289 52 93  67.80 79.03
Faster RCNN 180 214 68 34 84,11 72.58

SROD 202 228 46 26 88.59 81.45
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Fig. 9 SROD ship detection results of the entire image
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Fig. 10 Comparison of detection results of different methods. (a) Real target; (b) detection result of saliency

segmentation; (c) detection result of SROD; (d) detection result of Faster RCNN
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Table 4 Target type statistics

Number of detected targets

Algorithm Parameter Large Medium Small  Total

target target target

T' 48 58 96 202

AT 1 3 42 46

SROD AN 10 8 8 26
I 58 66 104 228
P /% 82.75 87.87 92.30 88.59
R /% 97.91  95.08  69.56 81.45

T' 43 51 86 180

AT 6 8 54 68

Faster AN 19 9 6 34
RCNN N 62 60 92 214

P /% 69. 35 85 93.47 84.11
R /% 87.75 86.44  61.42 72.58

() (©
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Fig. 11 Ship targets of different sizes. (a) Large;

(b) medium; (c¢) small
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