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Abstract

Foreground segmentation (FS) plays a fundamental and important role in computer vision. In
recent years, scholars have put forward many effective methods. However, these methods are
limited in low illumination scenes. In order to improve the performance of FS in low illu-
mination scene, a simple but effective method is proposed via feature extraction and RGB-D
camera. Firstly, the coined Iterated Robust CUR (IRCUR) is used to get candidate fore-
ground for depth image sequence. At the same time, the RGB image sequence is segmented
using the simple linear iterative clustering (SLIC). Then, feature extraction is performed on the
candidate matrix region corresponding to the super-pixel block. Then, the neural network is
trained by using the acquired super-pixel features. Experiments show that the average F-measure
value of this method is 35% higher than that of other methods only based on RGB images.

Keywords: Foreground Segmentation, Features Extraction, Super-Pixel, Neural Network

1 Introduction

Foreground segmentation (FS) technology has
attracted extensive attention in video processing
and lays an important foundation for subsequent
target detection and recognition. In recent years,
many excellent algorithms have been proposed
for different scenes [16, 17, 19, 22, 27]. They
have achieved good results in different application
scenes, such as slow motion, shaking branches,
fluctuating lake surface, etc.

The existing methods can be divided into
three categories: pixel based method, deep learn-
ing based method and subspace learning based
method. Some famous pixel based methods are
Vibe [2], Gaussian Mixture Model (GMM) [24],
pixel-based adaptive segmenter (PBAS) [12]
which use spatial domain or neighborhood pixels

to establish a model to realize FS. These methods
are simple and easy to understand. However, when
the background is complex, the detection perfor-
mance will be affected because it only depends on
the pixel value. The deep learning based meth-
ods [16, 17, 19, 22, 27] extract features on the
basis of pixels and time complexity is relatively
high and their performance is better than pixel
level based methods. However, the deep learn-
ing based methods need a lot of annotation data
to train model and their generalization ability
needs to be improved. The methods based on sub-
space learning mainly includes robust principal
component analysis (RPCA) [5] and its extended
models [8, 10, 28] which can accurately extract the
foreground in a simple scene. If the background
is complex, the foreground matrix contains a lot
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of background information. In addition, their time
complexity is high. The performance of the above
methods in low illumination scenes will be limited.

In order to improve the performance of FS
in low illumination scenes, a simple but effec-
tive method is proposed based on feature extrac-
tion and RBG-D camera. The method is divided
into three steps. Firstly, the coined Iterated
Robust CUR (IRCUR) is used to extract can-
didate foreground matrix. Meanwhile, the RGB
image sequence is segmented using the simple
linear iterative clustering (SLIC). Secondly, the
one-dimensional image and two-dimensional fea-
tures are extracted from the candidate foreground
matrix. Finally, the extracted features are used to
train the neural network classifier.

The contributions of this paper are as follows:

⋄ A dataset for low illuminance FS is made using
RGB-D camara, which contains 1730 annotated
RGB-D images and three challenging scenar-
ios, such as: illumination change, intermittent
movement and similar color.

⋄ A method is proposed to effectively extract the
features of super pixels from the candidate fore-
ground matrix. It includes one-dimensional and
two-dimensional feature extraction of outliers
in super-pixel blocks corresponding to matrix
decomposition.

⋄ Based on the proposed feature extraction for
super-pixel , a FS algorithm based on feature
selection is presented. Although this algorithm
belongs to supervised algorithm, it has strong
generalization ability based on feature classifi-
cation of outliers.

2 Related Works

2.1 Pixel Based Method

Stauffer et al. [24] propose a gaussian mixture
model which is established for each pixel, and
the model is updated by linear approximation.
Though GMM has been widely used, and the
problem of converging to the worse solution is usu-
ally encountered if the main mode is stretched to
over control the weak distribution. An appropriate
splitting operation and the corresponding crite-
rion for the selection of candidate modes is applied
to solve this problem. A new idea is adopted
for target detection, and the random principle is

introduced into target detection. The basic idea is
to randomly sample each pixel within the radius
of R as the background model of the pixel, and
the default sampling point is 20. Then, for the
new pixel, compare its value with the background
model [2]. In order to improve the detection abil-
ity of the model to complex models such as such
as illumination variations, rippling water, camera
jitter, color features and texture features are fused
using Choquet fuzzy integral [9].

2.2 Deep Learning Based Method

In recent years, the method based on deep learn-
ing [3, 19, 23, 26, 29] has achieved satisfactory
results in FS. Braham [3] is the first researcher
to apply convolutional neural network to FS.
The structure of ConvNet model [3] is similar
to lenet-5. The steps of ConvNet are as follows:
background extraction, data set generation, model
training and background subtraction. Wang et
al. [29] adopts an improved CNN model with dif-
ferent patch size. The size of the patch is 31 × 31.
A new model is proposed using multi-scale full rev-
olutionary network (MFCC) architecture, rather
than patch wise algorithm. In order to capture the
motion characteristics of foreground target in time
domain, Sakkos [23] presents a model to track the
temporal changes in the video sequence by apply-
ing 3D convolution to the latest frame of the video.
To deal with various difficult scenes, such as light-
ing change, background or camera motion, camou-
flage effect, shadow, etc. To solve these problems,
a two robust encoder decoder neural networks is
proposed, which generate multi-scale feature cod-
ing in different ways, and only a small number
of training samples can be used for end-to-end
training [18]. Some of the best performance archi-
tectures, such as FgSegNet [18], are usually too
suitable for training video based on the detection
of single frame spatial appearance cues. A new
compact multi-threaded automatic encoder depth
structure is presented for robust moving target
detection. It has better generality than FgSeg-
Net [18], and the required weight parameters are
nearly 30 times less than FgSegNet [18]. Motion
and change cues are estimated using a multi-
modal background subtraction module combined
with flux tensor motion estimation [21].
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2.3 Subspace Learning Based

Method

Recently, the method based on subspace learn-
ing [6] has attracted scholars’ attention in the
field of FS because of its excellent effect. Cans
et al. [6] Propose Robust Principal Component
Analysis (RPCA) which is a subspace learning
method and is widely used in FS. When the
scene is complex, RPCA cannot well realize mov-
ing target detection. The concept of Common
Vector Approach with Gram-Schmidt orthogonal-
ization is applied to sperate foreground [13]. In
order to highlight the foreground information, the
original video is divided into three parts: back-
ground information, noise information and fore-
ground information. Then the optical flow method
performs significance detection to detect the can-
didate foreground information, and the candidate
information is added to the RPCA model [20].
To handle dynamic background and slow motion,
segmentation and saliency are used to constrain
the RPCA model [15]. The performance of these
methods deteriorates in the case of dynamic back-
ground scenes, camera jitter, camouflage moving
objects and / or lighting changes. This is because
of a basic assumption that the elements in the
sparse component are independent of each other,
so the spatio-temporal structure of the moving
object is lost. In order to solve this problem, a
spatiotemporal sparse RPCAmoving target detec-
tion algorithm is proposed, which regularizes the
sparse components in the form of graph Lapla-
cian [14]. RPCA is widely used in background
separation, but its time complexity is high. To
solve this problem, coined Iterated Robust CUR
(IRCUR) is applied to improve the computational
efficiency by employing CUR decomposition when
updating the low rank component [4].

3 The Proposed Algorithm

Facing the FS task in the weak illumination scene,
it is impossible to use simple pixel feature. In the
weak illumination scene, the detection effect will
be limited by relying only on the visible image.
In order to improve the detection effect, more
features must be integrated into the task.

In recent years, Microsoft’s Azure Kinect DK
camera has been successfully applied in target
detection and motion recognition. This device can

(a) (b)
Fig. 1 Obtaining candidate foreground of visible image.
(a) An input visible image frame. (b) Obtained candidate
foreground using IRCUR [4].

produce well calibrated RGB and depth frames,
usually capturing 30 frames per second, which is
suitable for motion detection algorithms.

3.1 Candidate Foreground Matrix

The original RPCA model is a good helper for
extracting background, but it has high time com-
plexity. To this end, IRCUR [4] is proposed by
employing CUR decomposition. In this paper,
IRCUR [4] is applied to obtain candidate fore-
ground matrix from depth image sequence.

For a given video composed of multiple image
frames, each frame can be stacked as a column of
the matrix D at first, then D is decomposed into
a low-rank part A and a sparse component E.

min
A,E

‖A‖∗ + λ‖E‖1, s.t. D = A+ E, (1)

where ‖ · ‖∗ is the nuclear norm of a matrix, ‖ · ‖1
presents the ℓ1 norm of a vector, and λ > 0 is a
parameter.

Formula 1 can be solved by IRCUR [4].
Through the test, the decomposition speed of
IRCUR is ten times that of RPCA.

As can be seen from the figure 1, the fore-
ground candidate matrix contains a lot of noise
due to the weak illumination. The upper body
of pedestrians is lost because the color of pedes-
trian coat is similar to that of background. Thus
IRCUR is unable to process complex scenes. For
complex scenes, scholars have proposed extended
RPCA models. Although the performance of these
models has been improved, the time complexity is
very high. In order to solve this problem, the depth
information of the scene is obtained to improve
the detection performance.

From the figure 2, it can be seen that the
depth candidate matrix also contains a lot of noise
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(a) (b)
Fig. 2 Obtaining candidate foreground of depth image.
(a) An input depth image frame. (b) Obtained candidate
foreground using IRCUR [4].

information, but it can detect pedestrian area rel-
atively completely. Next, we will extract and fuse
the features of the candidate foreground matrix of
RGB and depth images.

image segmentation, and usually do not
destroy the boundary information of objects in the
image.

3.2 Feature Extraction

From figure 1 (b) and figure 2 (b), it is obvious
that only using a single threshold can not complete
the task of distinguishing between foreground and
background due to the weak illumination. There-
fore, more information needs to be fused to obtain
more robust features.

3.2.1 Super Pixel Segmentation

By observing the candidate matrix of the depth
image, it can be found that if a region belongs to
the foreground, the difference of each value in the
region is very small, and most of the value in the
region are generally larger as shown in figure 2 (b).
If a region belongs to the background, the differ-
ence of each value in the region is large, and most
of the value in the region are smaller. In order to
obtain the feature of the region, the simple lin-
ear iterative clustering (SLIC) [30] is adopted. A
super pixel is a small area composed of a series
of pixels with adjacent positions and similar char-
acteristics, such as color, brightness and texture.
Most of these small areas retain effective informa-
tion for further. Figure 3 is the result obtained by
SLIC.

3.2.2 One-Dimensional Feature

From figure5, it is can be found that the val-
ues in the background super pixels are distributed
around 0 and the value in the foreground super
pixel is relatively large. Therefore, histogram,

Fig. 3 Obtaining segmentation using SLIC [30]

(a) (b)
Fig. 4 Obtaining candidate foreground of depth image.
(a) An input depth image frame. (b) Obtained candidate
foreground using IRCUR [4].
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Fig. 5 Super pixel histogram. (a) Histogram for back-
ground super pixel. (b) Histogram for foreground super
pixel.

mean and variance are used to calculate one-
dimensional features [25]. The group distance of
the histogram is 0.1, there are 10 groups in total,
and the range is 0-1. The formulas for comput-
ing mean and variance are given in formula 2 and
formula 3.

x̄ =
x1 + x2 + · · ·+ xn

n
(2)

where x̄ represents the means, n represents the
number of a super pixel block and xi denotes the
ith value of a super pixel block.

S2 =
(x1 − x̄)

2
+ (x2 − x̄)

2
+ · · ·+ (xn − x̄)

2

n
(3)
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(a) (b)

Fig. 6 Flatness. (a) Flatness for background super pixel.
(b) Flatness for foreground super pixel.

where S2 the variance of the value in a super pixel
block.

3.2.3 Two-Dimensional Feature

Although one-dimensional feature is effective, it
ignores two-dimensional information. We pro-
pose a two-dimensional measurement index called
flatness. The so-called flatness is the difference
between the pixel and the surrounding pixels. The
flatness of foreground super pixel is relatively low
because their values differ less from those of their
neighbors as shown in figure 6. The flatness of
background super pixel is relatively high because
their values differ more from those of their neigh-
bors. Figure 6 (a) is rougher than figure 6 (b). The
steps for solving flatness is given in algorithm 1.

Algorithm 1 Solving Flatness

Require: candidate foreground matrix of depth
image Dc.

Ensure: the flatness G of the candidate fore-
ground matrix.

1: Convolute the image using the formula by (4)
and get the horizontal gradient H.

2: Convolute the image using the formula by (5)
and get the vertical gradient V .

3: Calculate the flatness of each pixel by (6) and
get the gradient of the candidate foreground
matrix G. return G

H =





1 2 1
0 0 0
−1 −2 −1



 (4)

V =





−1 0 1
−2 0 2
−1 0 1



 (5)

G =
√

H.2 + V.2 (6)

3.2.4 Super Pixel Thinning

Because the visible image is calibrated with the
depth image, there will be pixel offset. In order to
reduce the error of feature statistics caused by off-
set, image corrosion is used to refine super pixels
as shown in formula 7.

A−B = {x | Bx ⊆ A} (7)

where A is the image to be corroded, and B is
the convolution kernel of corrosion as shown in
formula 8.

B =





0 1 0
1 1 1
0 1 0



 (8)

3.3 Background Update

Existing RPCA models [6, 15] are prone to voids
when performing slow-moving foreground segmen-
tation. To this end, the background updating
strategy of the proposed algorithm is as follows:
firstly, ten frames without foreground are selected
as the background of the model. If a new frame
needs to be detected, this frame and ten frames
of the background are put into the IRCUR [4]
model for decomposition. After detection, if the
model contains foreground, the background tem-
plate will not be updated. Otherwise, replace the
oldest frame in the background with that detected
frame.

3.4 Procedures of Proposed

Algorithm

The steps for model training are given in algo-
rithm 2.



Springer Nature 2021 LATEX template

Algorithm 2 Model Training

Require: visible images {Ik}
N
k=1, depth images

{Dk}
N
k=1, ground truth {Gk}

N
k=1 of visible

images {Ik}
N
k=1.

Ensure: the trained model.
1: initialization: region = 20, rank = 1.
2: get candidate foreground {DFk}

N
k=1 of depth

images {Dk}
N
k=1 using IRCUR [4].

3: get segmentation results {Ck}
N
k=1 of visible

images {Dk}
N
k=1 using SLIC [30].

4: get flatness {Fk}
N
k=1 of candidate foreground

{DFk}
N
k=1 using subsubsection 3.2.3.

5: while not converged do

6: take out the coordinate information of a
super-pixel from {Ck}

N
k=1 .

7: refine coordinates using 3.2.4.
8: take out the corresponding pixel according

to the refined coordinate information.
9: Judge whether the super-pixel has a fore-

ground according to ground truth {Gk}
N
k=1.

10: if true then

11: compute mean, variance and histogram
of candidate foreground {DFk}

N
k=1 and flat-

ness {Fk}
N
k=1 respectively.

12: add the features obtained in the previ-
ous step to the foreground feature F

13: else

14: compute mean, variance and histogram
of candidate foreground {DFk}

N
k=1 and flat-

ness {Fk}
N
k=1 respectively.

15: add the features obtained in the previ-
ous step to the background feature B

16: end if

17: end while

18: train BP neural network [7] using F and B.
return the trained model.

4 Results and Evaluation

4.1 Data-set Information

This paper collects three image sequences through
Azure Kinect DK sensor. The information of the
three image sequences is shown in the table 1. The
three image sequences are Corridor, Sofa and
Classroom respectively. The corridor sequence
is mainly a group of people walking along the
corridor. There is a problem of illumination
change in this image sequence. The sofa sequence
includes some people sitting on the sofa, and the

depth information changes very weakly because of
intermittent movement. The classroom sequence
mainly includes some people walking through the
podium. The TOF camera is sensitive to the black-
board, causing a lot of noise. In addition, the color
of some pedestrians’ clothes is similar to that of
the blackboard.

Table 1 Dataset information.

dataset name Corridor Sofa Classroom

Resolution 180×270 180×270 180×270
Number 597 382 751

4.2 Parameter Setting

The region and rate of SLIC [30] are set to 12 and
0.1 respectively. The BP neural network contains
three hidden layers, each with 10 neurons. The size
of input layer is 2× (1 + 1 + 10) = 24. The size of
input layer is 2.

4.3 Evaluation Index

Recall (Re), Precision (Pre), Accuracy (Acc) and
F-measure (F) [15] are used for objective evalua-
tion and their calculation methods are shown as
follow.

Re =
TP

TP + FN
(9)

Pre =
TP

TP + FP
(10)

Acc =
TP + TN

TP + FP + FN + TN
(11)

F = 2
Re ∗ Pre

Re+ Pre
(12)

where, False Negative (TN) represents that the
pixel is determined to be a negative sample, but it
is actually a positive sample. False Positive (FP )
represents that the pixel is determined to be a pos-
itive sample, but it is actually a negative sample.
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True Negative (TN) represents that the pixel is
determined to be a negative sample, which is also a
negative sample in fact. True Positive (TP ) repre-
sents that the pixel is determined to be a positive
sample, which is actually a proof sample.

4.4 Results and Discussion

From table 2 we can see that the proposed algo-
rithm achieves the highest values for Re, Pre, Acc

and F . It means that my fusion method of visible
image and depth image is effective. It is 0.6 higher
than the common method in F-measure such as:
MOG, VIBE, IA-IA3DFHRI.

Figure 7, figure 8 and figure 9 give some visu-
alization results. From figure 7 it can be seen
because the light intensity is low, VIBE and IA-
IA3DFHRI does not detect the area of travelers.
MOG detects partial area. From figure 8 it can
be seen VIBE, IA-IA3DFHRI, MOG and TRPCA
detect all the changes of illumination, which shows
that they have poor robustness to illumination.
Figure 9 presents VIBE, IA-IA3DFHRI and MOG
lose most areas of the human body, which means
can’t handle intermittent motion. Because the ten
frames in the background template do not con-
tain background information, if there is a moving
target in the foreground, it will be completely
detected, so there will be no hole when dealing
with intermittent motion. The proposed method
can deal with the problem of similar color between
foreground and background, illumination change
because the depth image is not sensitive illumi-
nation. Table 3 gives the time consumption for
processing per frame. The time consumption for
the proposed method is twice as much as that
of MOG and IA-IA3DFHRI. To sum up, the
proposed method achieves the best effect.

Table 3 Time consumption for Per Frame (seconds).

Methods Pro MOG VIBE IA-IA3DFHRI TRPCA

Time 0.86 0.48 1.20 0.39 3.45

5 Conclusion

In order to deal with the FS in low illumina-
tion scene, we integrate the depth information

into the algorithm. Through the feature extrac-
tion of super pixel, the proposed method can
effectively deal with the problems of intermittent
motion, illumination change and so on. Although
the proposed algorithm has been greatly improved
compared with the algorithm of only using visible
image, the method in this paper loses the features
of time domain. More features of time domain will
be used to improve the performance of the model
in the feature.
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