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Robust Small Dim Object CFA Detection Algorithm
Based on Local Contrast Measure in Aerial Complex Background
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Abstract: Arobust and effective small dim object detection algorithm is the key to the success of an infrared
tracking system. To help solve practical tracking problems, we propose a small dim infrared object detection
algorithm with a high detection rate, a low false alarm rate, and a short processing time. First, using Top-hat
filter and adaptive threshold operation based on a constant false alarm rate, original images are pre-processed
to obtain the suspected object area, greatly reducing computation time and detection probability, while
maintaining a constant false alarm probability. Second, we define a novel and effective local contrast
measurement operator, and introduce a local self-similarity measure of a local saliency map, enhancing not
only visual saliency, but also improving signal-to-noise ratio. Finally, a simple threshold operation in the
saliency map can be used to detect the real object. Many simulation results show that our proposed algorithm
is superior to existing detection algorithms in a complex background.

Key words: object detection, infrared small object, constant false alarm rate, adaptive threshold, local
contrast enhancement, visual saliency map
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Fig.1 Preprocessing results for suspected object
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Fig.2 Preprocessing results: (a) Original infrared image;

(b)Suspected object area; (c) Detection results
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Table 1 Detection rates for different infrared video

75 Top-hat Hik  MAX-Mean  DoG Hik LCM 53k ARSLE:
1 50.34 30.67 57.21 90.64 97.54
2 65.77 45.55 77.92 90.31 100
3 45.91 32.54 60. 10 85.66 96.99

T2 ANFILLAMIAT AN FIRS I B9 R 12 H b i e %
Table 2  False alarm rate for different infrared video

F5  Top-hat ik MAX-Mean  DoG Hik LCM &% AEE

1 77.73 90.76 70.13 13.01 2.74
2 50.01 84.43 68.54 11.85 0.57
3 74.79 80.45 89.14 12.94 1.12
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Fig.3 Detection diagram for different scene
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Fig.4 Qualitative comparison for all algorithms
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