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Fig. 1 Background modeling results of different algorithms. (a) Original images; (b) ViBe algorithm;

(¢) GMM algorithm; (d) proposed algorithm
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Fig. 2 Process of noise estimation by three-frame differential transformation algorithm. (a) Input image sequence;
(b) grayscale change curve of sequence A; (c) grayscale change curve of sequence B; (d) frequency change curves

of sequence A and sequence B
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Fig. 3 Experimental results of dynamic or static background under different scenes. (a) Original image of static

background; (b) gray histogram of Fig. (a) box 1; (c¢) gray histogram of Fig. (a) box 2; (d) original image of
dynamic background; (e) gray histogram of Fig. (d) box 1; (f) Figure (d) gray histogram of Fig. (d) box 2
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Fig. 4 Dynamic and static background partition results under different scenes. (a) PETS2006 image; (b) freeway scene;

(¢) lake scene; (d) division result of Fig. (a); (e) division result of Fig. (b); (f) division result of Fig. (c)
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Fig. 5 Target extraction process under dynamic background. (a) Original image; (b) 1% level threshold; (¢) 2™ level

threshold; (d) elimination of false detection; (e) morphological operation
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Fig. 6 Process of light adjustment algorithm and corresponding grayscale straight maps. (a) Background image of 297™

frame; (b) original image of 297" frame; (c) set of pixels whose gray value is equal to G ; (d) final results
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Fig. 7 Results of each stage of foreground shadow elimination method. (a) Original image; (b) foreground mask;

(¢) foreground to background ratio; (d) ratio gradient; (e) gradient graph binarization; (f) convex hull of point

set; (g) convex hull intersects foreground
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image 5 image 4 image 3 image 2 image 1

image 6

8 AR BILE R, () UG R (b) FAH K 5 (o) CodeBook H % s () GMM # ik 5 () KDE 5% ; (D PBAS 5.9
(g)ViBe 535 ; (h) fr #2591k
Fig. 8 Processing results of different algorithms. (a) Original images; (b) Truth graphs; (¢) CodeBook algorithm
(d) GMM algorithm; (e) KDE algorithm; (f) PBAS algorithm; (g) ViBe algorithm; (h) proposed algorithm
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Table 1 Evaluation index results of different algorithms

Image 1 Image 2 Image 3
Algorithm
R. P, Ppye F R, P, Prye F R. P, Powe F
CodeBook 0. 740 0.709 0.729 0.724 0.773 0.639 3. 835 0. 700 0. 877 0. 287 2.817 0.433
GMM 0. 786 0.693 0.726 0.737 0.762 0.722 3.068 0.741 0.905 0. 548 1.031 0.683
KDE 0.870 0.695 0.661 0.773 0.699 0. 466 6.363 0.559 0. 659 0. 804 0.615 0.724
PBAS 0.651 0.667 0.872 0.659 0.812 0.714 2.967 0. 760 0.963 0. 500 1.223  0.658
ViBe 0. 600 0.662 0.914 0. 630 0.747 0.712 3.204 0.729 0.925 0.539 1.062 0.681
Proposed
0.968 0.698 0.583 0.811 0.989 0. 697 2.549 0.817 0.960 0.538 1.057 0.690
algorithm
Image 4 Image 5 Image 6
Algorithm
R, P, Ppye F R. P, Ppye F R, P, Ppwe F

CodeBook 0.932 0.412 9.586 0.571 0.728 0.652 3.637 0.688 0.519 0.701 1.639  0.597

GMM 0. 445 M 5.537 0.524  0.695 0.584  4.400  0.635 0.507 0.725 1.600  0.597

KDE 0.414  0.585 6.028 0.485 0.294  0.644 4,776 0.403 0. 245 0.777 1.928 0.372

PBAS 0. 336 0.513 6.734 0. 406 0.312  0.866 4.047 0.459  0.641 0.672 1.571 0. 656

ViBe 0.162  0.613 6. 444 0. 256 0.441 0.555 5.022 0.491 0.605 0.683 1.578  0.642
Proposed

0.928 0.805 2.037 0.862 0.858 0.775 2.150 0.815 0.671 0.729 1.353  0.699

algorithm
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Fig. 9 Processing results of mid-wave infrared image by different algorithms. (a) Original images; (b) Truth graphs;

(¢) CodeBook algorithm; (d) GMM algorithm; (e) KDE algorithm; (f) PBAS algorithm; (g) ViBe algorithm;
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Abstract

Objective  Target detection is an active research field of computer vision and forms the basis of applications such as
video surveillance and live streaming. Numerous algorithms are used in target detection including traditional methods
such as optical flow, frame difference, background modeling, and deep learning, the latter of which has developed
rapidly in recent years. However, with the exception of background modeling, most of these algorithms are limited
by factors such as budget constraints as well as low processor performance, real-time capability, and accuracy.
Thus, background modeling is widely used in real applications. This method also has limitations, however. For
example, background modeling will lead to poor video quality and texture and a lot of noise when processing grayscale
images such as infrared video. In the present study, we address these limitations by proposing a novel statistical-
based adaptive background modeling algorithm that shows high accuracy and an improved recall rate.

Methods We build a grayscale histogram for each pixel in an 8-bit grayscale video and update it on each frame.
Then, we estimate the true background from the histogram mode and obtain the noise threshold by using an improved
three-frame difference method. From the results, we divide each frame into two regions: a static region and a
dynamic region. For the static region, we simply apply single Gaussian modeling to the obtained noise threshold to
determine the foreground. For the dynamic region, we utilize an algorithm based on kernel density estimation
(KDE) for the detection. Moreover, we resolve the illumination shift and shadow by calculating the grayscale
difference between the background and the input frame.

Results and Discussions In the proposed algorithm, a period of 13 ms is required to handle one frame with
320 pixel X 240 pixel on an i7-7700HQ platform, which fits the real-time requirement. To prove the high
performance of the proposed algorithm, we compare the results of other traditional background modeling algorithms
including CodeBook (CB), ViBe, KDE, the Gaussian mixture model (GMM ), and the pixel-based adaptive
segmenter (PBAS) on public test dataset CDnet2014 (Fig. 8) with the infrared dataset obtained in the present study
(Fig. 9). These datasets contain various scenes including mall, highway, avenue, office, river, infrared park, and
infrared sea. Target detection under these scenes faces several common challenges such as shadow, static target,
complex background, dynamic background, and low-quality images. The results (Table 1) show some of the
advantages of the proposed algorithm. In particular, (1) the new algorithm shows the highest recall rate, at 90% in
most scenes, which efficiently ensures the integrity of the target. (2) In the mall and office scenes, the previous
algorithms except for CB absorb the static foreground into the background. (3) In the river scene, a slow, large,
and homogeneous color foreground caused by a canoe led KDE, PBAS, and ViBe to incorrectly consider the front part
of the canoe as the background, thus causing incomplete detection of the back part. (4) In the mall and avenue
scenes, abundant shadows are present that interfere with the detection result. The proposed algorithm not only
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preserves the intact foreground but also eliminates the shadow to some extent. (5) Numerous dynamic background
areas are present in the highway and river scenes that result in huge amounts false positives. The proposed algorithm
effectively decreases the false alarm rate. (6) In the office scene, foreground motion causes the camera exposure to
adjust several few times. At the moment of exposure adjustment, CB and PBAS are unable to rapidly adapt to the
new illumination, which causes false positives that last for long periods. (7) The images in the infrared park and
infrared sea scenes are low in contrast, resulting in extremely poor image quality. Only the proposed algorithm can
effectively distinguish the foreground from background. The maximum recall rate of the previous method is 0.671,
and the false positives are abundant; that of the proposed algorithm is 0.900, and the false alarm rate is significantly
decreased. All these results show that proposed algorithm can significantly increase the detection recall rate and
integrity of the target with a low false alarm rate and considerably rapid processing speed.

Conclusions According to the experiment results, the proposed algorithm adopts various detection strategies for
dynamic and static regions and combines the advantages of various algorithms to significantly improve the recall rate
of target detection in grayscale video. Moreover, it can also detect targets with complex motion pattern with no prior
knowledge, which makes this method highly robust in many applications. This robustness results in an overall better
index compared with that in common background modeling algorithms. Further, the proposed algorithm can
effectively enhance the target detection performance in monochromatic and infrared video. However, its shadow
elimination is inadequate, and the accuracy of some scenes requires further optimization.

Key words machine vision; motion target detection; background modeling; adaptive threshold; illumination
variation
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