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Comparative study on effectiveness of image features
in assessing smokescreen interference
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Abstract: As a common passive interference method in modern battlefield , smoke screen jamming has excellent photo-

electric countermeasure effect, strong tactical application mobility and high cost-effectiveness ratio. In view of the lack

of research on quantitative assessment of smoke screen interference based on images,five methods are used to extract

features from infrared images of targets under smoke screen interference,including grayscale features, LBP-based tex-

ture features, Haar-like rectangular features, directional gradient histogram features and depth features from the per-

spective of tracking. By calculating the similarity between the feature extraction result and the subjective score,the a-

bility of different image features to characterize the target under smoke screen interference is obtained. Through the a-

nalysis and verification of the data obtained from eight sets of field tests,it is concluded that the three features with

better target representation ability under smoke screen interference are the directional gradient histogram feature , the

Haar-like rectangle feature and the depth feature.
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Fig. 1 Infrared imaging guidance block diagram
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Fig. 5 Schematic diagram of VGG-16 convolutional neural network structure
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Fig. 8 Feature comparison flow chart
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Fig. 10 Scoring results of 5 features on the same set of data
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Tab.2 Ability of 5 features to represent 8 groups of data results

2057
1 2 3 4 5 6 7 8

FHIE

Corr 0.733 0.775 0.927 0. 808 0. 837 0. 588 0. 896 0.923
Lbp 0.672 0. 606 0. 879 0. 941 0. 955 0.930 0.753 0. 871
Hog 0. 643 0. 708 0. 966 0.987 0. 988 0. 964 0. 933 0.976
Haar-like 0.731 0.718 0. 934 0.926 0. 872 0. 872 0. 931 0. 963
Deep 0.783 0.733 0.976 0.970 0. 664 0. 853 0.921 0. 863
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