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Thermal Imagery-based Object Detection Algorithm
for Low-Light Level Nighttime Surveillance System
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ABSTRACT

In this paper, we propose a thermal imagery-based object detection algorithm for low-light level
nighttime surveillance system. Many features selected by Haar-like feature selection algorithm and
existing Adaboost algorithm are often vulnerable to noise and problems with similar or overlapping
feature set for learning samples. It also removes noise from the feature set from the surveillance image
of the low-light night environment, and implements it using the lightweight extended Haar feature
and adaboost learning algorithm to enable fast and efficient real-time feature selection. Experiments
use extended Haar feature points to recognize non-predictive objects with motion in nighttime low-light
environments. The Adaboost learning algorithm with video frame 800*600 thermal image as input
is implemented with CUDA 9.0 platform for simulation. As a result, the results of object detection
confirmed that the success rate was about 90% or more, and the processing speed was about 30% faster
than the computational results obtained through histogram equalization operations in general images.
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<Fig. 1> Haar-like features
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<Fig. 2> Provide a high response in areas containing objects by Haar-like features
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<Fig. 4> Trained feature data set on the result of the thermal imagery
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<Table 2> Detection statistics using proposed algorithm

Case Frames Detected True True False False
frame Positives Negatives Positives Negatives

Average 45212 31,694 78% 68% 4% 8%

Maximum 56,343 49,897 90% 94% 6% 9%

Minimum 45,981 29,882 65% 43% 3% 7%
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