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ABSTRACT

In this paper, we study the class imbalance problem in statisti-

cal background subtraction. Firstly, we discuss the imbalance

essence in background subtraction, and conclude that fore-

ground and background are inherently imbalanced. Secondly,

following the imbalanced learning strategy in machine learn-

ing, we present a spatio-temporal over-sampling method to

resolve the class imbalance in background subtraction. Our

method densely generate synthesized foreground samples in

compact 3D spatio-temporal domain. Those generated sam-

ples could reduce the imbalance level between foreground

and background from both quantity and quality, and therefore

contribute to improvement of detection performance. We also

define a new index to measure the change of imbalance level

during over-sampling. Experiments are conducted on public

datasets to demonstrate the effectiveness of our method.

Index Terms— imbalanced learning, class imbalance,

background subtraction, moving object detection

1. INTRODUCTION

Moving object detection, also called background subtraction,

is a key step in many computer vision applications. Inter-

ferences in imaging environment are generally recognized as

challenges for moving object detection. Toyama et al. [1] in

an early work conclude nine such problems, e.g., light switch,

waving trees, sleeping and waking persons, etc. Recently,

Brutzer et al. [2] list seven challenges including gradual and

sudden illumination changes, dynamic background, camou-

flage, shadows, bootstrapping and video noise.
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Fig. 1. TPrate and TNrate of eight state-of-the-art moving object de-

tection algorithms on the CDW2012 database.

Table 1. Global imbalance level on CDW2012 database.

subset 1 2 3 4 5 6

η 0.031 0.014 0.045 0.038 0.053 0.081

We argue that the class imbalance is another key issue in

background subtraction. In machine learning [3], class im-

balance refers to the case that the majority (or negative) class

is represented by a large number of samples while the mi-

nority (or positive) class by only a few. Classifiers trained

with such skewed data tend to generate results with high true

negative rate and low true positive rate. We found that class

imbalance also exists in background subtraction. We define

global imbalance degree in a video as η = sum(F )/sum(B),
where sum(F ) and sum(B) are the sums of foreground and

background pixels, respectively. Then we compute η on the

CDW2012 database (www.changedetection.net, this database

consists of six subsets), which is shown in Table 1.

Table 1 reveals that video data indeed is imbalanced,

where foreground and background are the minority class and

majority class, respectively. Define TPrate and TNrate as

TPrate =
TP

TP + FN
and TNrate =

TN

TN + FP
,

where TP, FP, TN and FN are total numbers of true positives,

false positives, true negatives and false negatives, respective-

ly. The performance of eight state-of-the-art moving object

detection algorithms [4]-[11] on CDW2012 database is shown

in Fig. 1, where all algorithms exhibit high TNrate and rela-
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Fig. 2. (a) Illustration of the working mechanism of class imbalance

in 2D space. (b) An example of synthetic over-sampling.

tively low TPrate. Through joint observation of Table 1 and

Fig. 1, it is directly linked to the class imbalance problem.

The essence of class imbalance in machine learning is as

follows [13]. Given an imbalanced training set Ω=Ω+∪Ω−,

and two independent distributions they are drawn from: P
and G. Since the number of samples from G is larger than that

from P , it is likely to frequently encounter outlying negative

samples during the learning process. As a result, the induced

classifier tends to be skewed toward the positive class. In Fig.

2a, filled diamonds and circles represent positive and negative

samples, respectively, and the corresponding latent Gaussian-

s from which these samples are drawn are also shown. The

blue dotted line (π1) is the hypothesis induced over training

samples, while the solid line (π) depicts the optimal sepa-

rator of the underlying distributions. It can be clearly seen

that π1 is skewed toward the positive class. A principled

way of imbalanced learning is over-sampling. An example

of over-sampling is illustrated in Fig. 2b, where hollow di-

amonds represent synthesized positive samples. The dotted

line (π2) is the hypothesis induces over the training set after

over-sampling. In this case, π2 is more close to the optimal

separator than the hypothesis π1 before over-sampling.

The imbalance essence in background subtraction is d-

ifferent from the general cases. In background subtraction,

positive samples Ω+ and negative samples Ω− are composed

of segmented foreground and background in the last τf and

τb frames, respectively. Plentiful background samples gen-

erally are available by long observation of the scene, while

foreground often has short exposure in the scene, resulting in

relatively few foreground samples. Such difference in quan-

tity is called relative imbalance. Moreover, foreground often

exhibits much greater change than background, causing the

current foreground cannot be effectively represented by those

foreground samples in past frames. Such qualitative differ-

ence between foreground and background samples is known

as absolute rarity [12], where the positive class is poorly char-

acterized by low-quality positive samples.

Following the imbalanced learning strategy, we present a

spatio-temporal over-sampling method for background sub-

traction. With past segmentations as references, our method

densely generates the synthesized foreground samples to re-

solve relative imbalance. Those synthesized samples are com-

pactly gathered in spatio-temporal region centered at the cur-

rent instant, and hence also contribute to moderating abso-
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Fig. 3. (a): Division of resampling interval (t − 2, t + 2]. (b) and

(c): r(n) (marked with x-marks) of synthesized frames with N = 2
and N = 3, respectively.

lute rarity. Finally, based on the rebalanced training set, non-

parametric foreground and background models are learned

and combined in an energy minimization framework to com-

petitively classify new observations. We also define a new

index to measure the change of imbalance level during re-

sampling. Experiments are conducted on the public data for

comparison of our method with state-of-the-art algorithms.

The rest paper is organized as follows. Section 2 presents

details of the spatio-temporal over-sampling method. Model-

ing and classification are described in Section 3. Experiments

are shown in Section 4, followed by conclusion in Section 5.

2. SPATIO-TEMPORAL OVER-SAMPLING

As shown in Fig. 2b, the missed distribution information

can be partially recovered by synthetic over-sampling. Our

method follows this line but works in 3D spatio-temporal

domain. Spatio-temporal over-sampling is achieved via two

steps. First the instants of all synthesized frames are com-

puted (temporal over-sampling), and then new samples are

generated in each synthesized frame (spatial over-sampling).

First we give some notations. Let Zt = {zti} be a frame

at instant t, and (xi, yi) the coordinate of zti. Sometimes we

omit the superscript and subscript and use z(x, y) instead of

zi in case of no confusion. Let Ft and Bt be segmented fore-

ground and background of Zt, respectively. We call Ft a fore-

ground frame, Bt a background frame, and all synthesized

samples at the same instant a synthesized frame.

2.1. Temporal Over-sampling

We just use foreground frames in the last τf = 4 frames as

references of over-sampling, since foreground only keep co-

herence in neighboring frames. All synthesized frames are

limited in a compact interval (t − 2, t + 2] to guarantee the

representativeness of the generated samples.

First we evenly divide (t−2, t+2] into eight subintervals:

Uk = (t+ k/2− 5/2, t+ k/2− 2], k = 1, ..., 8. Then these

subintervals are equally assigned to reference frames for re-

sampling. Interval division is shown in Fig. 3a. We assign

U1 ∪U8 to Ft−4, U2 ∪U7 to Ft−3, U3 ∪U6 to Ft−2, U4 ∪U5

to Ft−1, respectively. It can be seen that the time order of

subintervals is consistent with reference frames.
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Fig. 4. Illustration of computation of motion vectors. (a): The pixel

trajectory of a foreground pixel. (b) to (d): Calculation of motion

vectors to instant r(1), r(2) and r(3), respectively.

Next we compute the time instants of synthesized frames.

Assuming N frames {F̃r(n)|n= 1, ..., N} are synthesized for

a particular reference frame, and they should be evenly placed

in resampling subintervals. Here r(n) is the time instant of

F̃r(n), and it is computed as follows.

For {F̃r(n)} with Ft−1 as the reference frame,

r(n) = t+
n

N + 1
− 1

2
. (1)

For {F̃r(n)} with Ft−s(s �= 1) as the reference frame,

r(n) =

⎧
⎪⎨

⎪⎩

t+
n

N + 1
− s

2
if n ≤ N + 1

2

t+
n

N + 1
+

s− 1

2
otherwise.

(2)

Time instants of all synthesized frames with N = 2 and

N =3 are shown in Fig. 3b and Fig. 3c, respectively. Taking

Ft−1 as an example, we can see that its resampling interval-

s U4 ∪ U5 indeed are evenly divided by synthesized frames

under both N = 2 and N = 3. Such even distribution of syn-

thesized frames helps against over-fitting due to accumulation

of samples at a particular moment.

Now we need a new index to measure the change of imbal-

ance level during resampling. The global imbalance degree is

not suitable here, since the performance of statistical moving

object detection mostly depends on how many samples are

involved in modeling of areas occupied by foreground. We

define a new imbalance measure as η = τf/τb. In this way

the numbers of foreground and background samples in poten-

tial foreground areas are roughly reflected by model lengths

τf and τb. After temporal over-sampling, the frame number

of foreground frames has become Nτf , and accordingly the

imbalance degree becomes η = (Nτf)/τb.

2.2. Spatial Over-sampling

Spatial over-sampling generates new samples for each synthe-

sized frame. This process consists of two parts: warp samples

Fig. 5. A synthesized frame with different M . Red circles represent

warped pixels; gray circles indicate they are empty grid nodes, and

no samples are warped to these positions. (a): M =1. (b): M =2.

from Ft−s to the corresponding instant r(n), and then synthe-

size new samples by resampling the warped pixels. Motion

information is necessary for warping. However, we cannot

directly obtain motion field from t − s to r(n). Our solu-

tion is tracking foreground from t− 4 to t, and then use such

trajectories to predict motion vectors from t− s to r(n).
First we track foreground from t − 4 to t based on the

GPU-based point tracker [14]. This step divides each fore-

ground frame Ft−s into two subsets, F1 and F2, which con-

tain correctly and falsely tracked pixels, respectively. A tra-

jectory of a foreground pixel is shown in Fig. 4a. Taking Ft−4

and N = 3 as an example, before warping we need compute

the motion vectors of the pixel in Fig. 4a from instant t− 4 to

r(1), r(2) and r(3). For each r(n), we take the motion vec-

tor from t − 4 to instant of integer closest to r(n) to predict

motion vector to r(n). The closest instant of integer to r(1)
is t − 2, so that we compute the motion vector to r(1) based

on the motion vector to t − 2 (Fig. 4b). There are two clos-

et instants to r(2). Because t − 2 has been used for r(1), we

compute the motion vector to r(2) based on the motion vector

to t−1 (Fig. 4c). The motion vector to r(3) is also calculated

using the above rules (Fig. 4d).

Let (vxi , vyi) be the motion vector of a correctly tracked

pixel zi from instant t − s to r(n). Assuming that this sam-

ple is warped to instant r(n) and forms a new pixel zj . The

horizontal ordinate of zj is computed as

xj = vxi + xi. (3)

yj is computed with the same manner as xj . Next we take

spatial correlation to warp pixels in F2. Assume zi is a pixel

from F2 and its corresponding pixel at instant r(n) is zj ; zk
is the nearest neighbor of zi in F1. Our solution is keeping

the relative position between zi and zk unchanged from t− s
to r(n). The abscissa of zj now can be computed as

xj = vxk
+ xi − xk, (4)

yj is computed with the same manner as xj . Eq. 4 does

not guarantee the absolute precision, especially for non-rigid

foreground. However, we can expect that most pixels in rigid

foreground areas can be rightly warped.

Next new samples are created by resampling the warped

pixels. The number of synthesized samples is controlled by



an integer M,M > 0. M is the resolution of the synthesized

frames. M = 1 means the resolution of a synthesized frame is

the same as the resolution of Zt. M > 1 means the resolution

of a synthesized frame is increased M times. The advantage

of resampling on a higher resolution is the spatial correlation

among neighbors helps synthesize representative samples.

A synthesized frame with different M are depicted in Fig.

5. It can be seen that there are more empty nodes with a larger

M . New samples will be synthesized at certain such empty

nodes. we use a mask convolution for this purpose. A mask

is a (2εM −1) ∗ (2εM −1) square matrix, and has the same

resolution with the synthesized frame:

M(i, j) =
1

Q1
N ( i− μ1

σ1
,
j − μ2

σ2

)
i, j = −εM, ..., εM

(5)

where ε controls the size of mask, Q1 is a normalization fac-

tor, and N is a 2D normal distribution: N (μ1, μ2, σ1, σ2, �).
Here we set μ1 = μ2 = 0, σ1 = σ2 = 1 and � = 1. Define

a flag image G with the same resolution as the synthesized

frame, where G(x, y) = 0 for nodes occupied by warped pix-

els, and 0 for empty nodes. For an empty note at (x, y), a new

sample z(x, y) is synthesized by mask convolution as

z(x, y) =
1

Q2

M∑

i=−M

M∑

j=−M
G(x+i, y+j)z(x+i, y+j)M(i, j)

(6)

where Q2 is another normalization factor: Q2 =∑
i

∑
jG(x+ i, y + j)M(i, j), i, j = −εM, ..., εM .

This mask convolution can be explained as follows. If

some of the warped pixels fall into the area covered by mask

centered at an empty note, a new sample is created as the

weighted sum of the covered warped pixels. The weights are

proportional to the distances between the warped pixels and

the empty grid. The number of warped pixels that are covered

is decided by ε. No samples are created if none of the warped

pixels fall into the area covered by mask.

Considering the influence of detection noise, a ’clean’ op-

eration is conducted on Ft−s before resampling. In addition,

we use a mixture {Ft−s} ∪ {F̃r(n)} as the final foreground

training set to compensate possible resampling errors. Com-

pared with Ft−s, each corresponding synthesized frame is en-

large M2 times. That’s to say, the number of samples in a syn-

thesized frame now is about M2 times of that of a reference

frame. Accordingly, the imbalance degree becomes

η =
(NM2 + 1)τf

τb
. (7)

3. MODELING AND CLASSIFICATION

We use the non-parametric method to model both foreground

and background. {Ft−s} ∪ {F̃r(n)} and the last τb back-

ground frames are directly used as foreground and back-

ground models. The membership probabilities are computed

with foreground and background models, and is then used to

assign each pixel zi a label li ∈ (0, 1), where 0 and 1 rep-

resent background and foreground, respectively. The prob-

ability of a new-coming pixel zi belonging to foreground is

computed using kernel density estimation (KDE) as

p(zi|li = 1) = J−1
∑

j

ϕH(‖zi − fj‖) (8)

where fj is a sample in the non-parametric foreground model,

and J is the total number of samples involved in the compu-

tation of Eq. 8. ϕ is a kernel function and H is the width of

kernel. The background probability p(zi|li = 0) is computed

with the same manner as Eq. 8.

The probability regularisation allows enforcement of s-

moothness into classification. The smoothness constraint is

modeled with the first-order Markov Random Filed as

φi,j(zi, zj) = lilj + (1− li)(1− lj), if (zi, zj) ∈ ψ (9)

where ψ is the set of 8-neighboring pixel pairs. Final classifi-

cation is achieved by minimizing the energy function as

E =
∑

i

ln(φi)li + λ
∑

i

∑

j

φi,j (10)

where λ is a weighting factor for the balance between the s-

moothness term φi,j and the data term φi. φi is defined as the

likelihood ratio of membership probabilities

φi(li) =
p(zi|li = 1)

p(zi|li = 0)
. (11)

We chose the graph cut for the regularisation of Eq. 10.

Graph cut also has become something of a standard in back-

ground subtraction, so please refer to [16] for the use of graph

cut in moving object detection.

4. EXPERIMENTS AND DISCUSSIONS

In this section we demonstrate parameter settings and com-

parison experiments. Due to limitation of space, we only dis-

cuss the setting of one parameter and donot describe each con-

trast algorithm in detail. Sequences in CDW12 database and

six algorithms are chosen for test and comparison.

1) Selection of parameters: We only demonstrate the s-

election process of the imbalance degree d, which equals to

the selection of N and M . Naturally TNrate and TPrate are

suitable for parameter selection. However, TNrate is not sen-

sitive to false alarms. We chose TPrate in conjunction with PR

and F-measure (FM) as evaluation indexes:

PR =
TP

TP + FP
and FM =

2 ∗ TPrate ∗ PR

TPrate + PR
.

PR is able to reflect similar information to TNrate but more

sensitive to false alarms. Higher PR means higher TNrate and
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Fig. 6. Experiments by SGMM [10], CHEBY [8] and our method on eight sequences, are shown from the second to the last rows.

Fig. 7. Performance curves (TPrate, PR, FM) of spatio-temporal

over-sampling with variable N and fixed M .

less false alarms. Higher FM can be achieved by a method

only if it supports both higher TPrate and higher PR.

First our method is performed on all selected sequences

with variable N and fixed M . We set M = 3 and change N
from 0 to 7, and performance curves are depicted in Fig. 7. It

can be found that the improvement of TPrate is accompanied

by the degradation of PR. However, the consecutive growth

of FM indicates that such degradation of PR is controllable.

Furthermore, we find that the change of all the three index-

es are no longer significant with N > 5. This phenomenon is

known as over-fitting in data mining [15], where newly gener-

ated samples cannot further improve the representation ability

of the minority training sample set. Next M is tested as N . Fi-

nally, to minimize the false alarms, we fix N =3, M =2 and

τb = 50 in all experiments, which equals d = 1.04. Such an

imbalance level means the foreground and background sam-

ple sets are successfully rebalanced, which will certainly to

bring performance improvement of detection.

Fig. 8. Experiments by PBAS [4], SOBS [10] and our method on

the Sofa sequence, are shown from the second to the last rows.

2) Comparison with state-of-the-arts: Algorithms on CD-

W12 webpage are chosen for comparison. First, PBAS [4],

SOBS [10] and our method are conducted on the Sofa se-

quence, as shown in Fig. 8. Compared with the two methods,

performance is improved by our method mainly in the cam-

ouflaged areas. Reasons for such phenomenon is as follows.

Camouflage means foreground and background in the same s-

patial vicinity share similar color distributions, resulting mis-

classification of foreground as background. Those misclas-

sified foreground pixels are then used for background mod-

eling and classification in the next frame, leading to further

misclassification of foreground samples. Consequently, the

imbalance degree of statistical approaches is enhanced. That

is to say, camouflage is one reason for the class imbalance in

background subtraction, and hence our method is also effec-

tive in resolving camouflage. In addition, Fig. 8 reveals that

false alarms due to shadow is enhanced by our method. This

is one reason for the decrease of PR in Fig. 7.
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Fig. 9. Quantitative results on subset1 of the CDW12 database.

Next, SGMM [5], CHEBY [8] and our method are con-

ducted on eight sequences, as shown in Fig. 6. The eight

sequences cover a wide range of challenges and include vari-

ous types of moving objects. It can be seen that performance

is improved on almost all sequences by our method, which

proves the existence of class imbalance and the effectiveness

of the proposed method. Furthermore, we find that perfec-

t results cannot be achieved by any method, which indicates

that the low TPrate in Fig. 1 is not caused by only class im-

balance, but the joint result of multiple factors including class

imbalance, dynamic background, etc.

In addition, two closely related methods are also tested

for further performance evaluation: the Bayesian modeling

method (BM) in [16] and the proposed method without graph

cut (WGC). BM has the same non-parametric modeling and

graph cut as our method, but without imbalanced learning.

Averaged FM of BM, WGC and our method on sequences in

Fig. 6 are 0.63, 0.87 and 0.89, respectively. Visual obser-

vation reveals that the improvement of our method over BM

is mainly in the camouflaged areas, and scattered segmenta-

tion noises significantly increase by WGC, which is due to the

omitting of the smoothness constraint in graph cut.

Finally, quantitative results of six high-ranked algorithms

on CDW12 webpage and our method are computed based on

the first subset of CDW12 database, as shown in Fig. 9. It

can be clearly seen that our method generates the best TPrate

and FM. All above experiments also reveal that the main ad-

vantage of our method is the heavy computation load of KDE.

Real-time speed is expected in the future with better hardware

devices and algorithm optimization.

5. CONCLUSIONS

The class imbalance problem in moving object detection is

studied in this work. First the imbalance nature in back-

ground subtraction is discussed, and then a spatio-temporal

over-sampling method is presented to resolve the class imbal-

ance in background subtraction from data level. Experiments

are conducted on typical sequences to demonstrate the perfor-

mance of our method. Future works include accelerating our

method and introducing more imbalanced learning methods

into moving object detection, e.g., kernel based solutions.
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