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Infrared Armored Target Detection Based on
Edge-perception in Deep Neural Network
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Absrtact: Automatic detection of armored targets has always been the most challenging problem in the field
of infrared guidance. Traditional models address this problem by extracting the low-level features of an
object and then training the feature classifier. However, because traditional detection algorithms can not
cover all object patterns, the detection performance in practical applications is limited. Inspired by the
edge-aware model, this study proposes an improved deep network based on edge perception. The network
improves the accuracy of the armored contour through an edge-aware fusion module. By exploiting he
changes of objects and has high detection and recognition accuracy. The results show that the proposed
armored detection network model can effectively improve the accuracy of detection and positioning in
infrared images.

Key words: armored vehicle, infrared image, target detection, edge perception, homing missile, pyramid
pooling
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Fig.1 Model frameworks of object detection based on edge-aware
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Table 1 Statistics of detection results

Result
TP (True Positive)  FP (False Positive)
Negative FN(False Negative) TN (True Negative)
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Classification

Positive

DR=TP/(TP + FN) (1)

FPPI=FP/(FP +TN) @)
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Table 2 Characteristics of different test subsets

Subset

Characteristic

The target is fuzzy, the contrast is low,

A and some turrets are covered.
The armored target is small, and there
B are many bright areas in the
background.
c The armor area is large and full of the
whole infrared image.
The armor boundary is not obvious and
b the background is super saturation.
£ The noise is very large and the internal
details of the target are uneven.
The armored target is fuzzy and
F partially  occlused, and some

caterpillar bands are coved by weeds.
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Table 3 Detection Rates under Different Testing Data Sets

Datasets Models

SDD DenseNet ResNet ConvNet YOLO-v2 Proposed
A 73.32% 84.34% 86.61% 85.90% 89.15% 90.06%
B 62.41% 65.43% 72.15% 77.00% 77.59% 77.14%
c 69.12% 73.22% 74.35% 72.24% 77.09% 78.07%
D 78.28% 87.08% 89.40% 86.01% 88.36% 89.44%
E 51.91% 52.90% 59.75% 59.11% 58.69% 59.58%
F 48.65% 51.55% 60.11% 52.17% 60.20 60.21%
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Fig.6 Results of different comparison algorithms for different images, where (a)-(f) respectively represent the different images
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