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ABSTRACT
Saliency detection has attracted much attention in recent
years. It aims at locating semantic regions in images for
further image understanding. In this paper, we address the
issue of motion saliency detection for video content analysis.
Inspired by the idea of Spectral Residual for image saliency
detection, we propose a new method Temporal Spectral Resid-
ual on video slices along X − T and Y − T planes, which
can automatically separate foreground motion objects from
backgrounds, also with the help of threshold selection and
voting schemes. Different from conventional background
modeling methods with complex mathematical model, the
proposed method is only based on Fourier spectrum anal-
ysis, so it is simple and fast. The power of our proposed
method is demonstrated in the experiments of four typical
videos with different dynamic background.

Categories and Subject Descriptors
I.2.10 [Vision and Scene Understanding]: Video analy-
sis

General Terms
Algorithms, Design, Experimentation, Performance

Keywords
Motion Saliency Detection, Temporal Spectral Residual, Video
Analysis

1. INTRODUCTION
Saliency detection in static images has attracted much at-

tention in recent years. Different from conventional image
segmentation methods that separate the whole scene into
discrete parts, saliency detection aims at finding semantic
regions and rejecting backgrounds. The idea of saliency de-
tection is also similar to human visual system, since the
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first stage of human vision is fast but simple pre-attentive
process. Therefore saliency detection provides a good pre-
processing stage for image understanding. Many algorithms
have been proposed. For example, Itti and Koch designed
a model of simulating the human visual search process to
detect saliency in static images[5] [6] [7]; Hou and Zhang [4]
proposed a fast Fourier spectrum residual analysis for image
saliency detection. It has been demonstrated that saliency
detection is helpful for visual recognition tasks in [12] [3].

The semantics of videos is usually dominated by mean-
ingfuls foreground motion objects, so how to locate these
motion objects from backgrounds is an important issue for
video understanding. Although video data has more in-
formation than static images, various background motions
make it a difficult task for practical applications. A popu-
lar way is to first learn a complex background model, and
then subtract backgrounds to obtain foreground motion ob-
jects. Typical background models include Gaussian Mix-
ture Model [10], Nonparametric Kernel Density Estimation
[2], Adaptive KDE combined with motion information [8],
Bayesian Learning approach [11], Linear Dynamic Model [9],
Robust Kalman Filter [13]. These models have achieved
good results in some cases, but they need highly computa-
tional cost.

In this paper, we propose a fast motion saliency detection
method Temporal Spectral Residual, inspired by Spectral
Residual based image saliency detection [4]. Different from
complex background modeling, our proposed method is only
based on Fourier spectral analysis, and free of training or
initial labeling. As a pro-processing method, it is simple
and fast. Our method contains three steps: 1) First per-
form Fourier spectral analysis on the temporal slices along
both X−T and Y −T planes, and apply Temporal Spectral
Residual to automatically separate the salient regions from
backgrounds on both planes respectively. 2) A threshold se-
lection scheme is adopted to reject noise.3) Refine the results
on the X − T and Y − T planes by a voting scheme. The
power of proposed method is demonstrated by four typical
videos with different background motions. Also our algo-
rithm can process 18 fps, given frame size 120 × 160 pixels
in Matlab without code optimization on a 2.4GHZ and 8G
Memory machine.

2. SPECTRAL RESIDUAL
The Spectral Residual algorithm [4] focuses on exploring

the properties of the background by exploiting the power
of log spectrum. It is based on the observation that log
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Figure 1: Temporal Spectral Residual Flow Chart

spectra of different images share similar trends, though each
containing statistical singularities. The similarities imply re-
dundancies. If the similarity (trend of local linearity of nat-
ural images) is removed, the remaining singularity (spectral
residual) should be the innovation of an image corresponding
to its visual saliency. The main idea of Spectral Residual is
to remove the redundant part of image’s spectrum. It only
needs Fourier Transformation of an image, so this algorithm
is computationally efficient. The details are summarized as
follows:

Given an image I and its Fourier Spectrum f , its log spec-
trum representation is log(A(f)), where A(f) is the am-
plitude of f . The spectral residual R(f) is obtained by
R(f) = L(f) − Avg(f), where Avg(f) denotes the general
shape of log spectra. The Spectral Residual algorithm pro-
posed an approximate solution of Avg(f), obtained by a lo-
cal average filter hn(f). Transforming the spectral residual
R(f) back to spatial domain, the high value pixels corre-
spond to the salient regions.

3. TEMPORAL SPECTRAL RESIDUAL
Inspired by the idea of spectral residual based image saliency

detection, we propose a fast motion saliency detection method
for video understanding, by extending the spectral resid-
ual to temporal domain. Different from conventional back-
ground modeling, the proposed method is simple and with-
out any training or initial labeling.

The motivation for Temporal Spectral Residual algorithm
is based on : 1)The region of foreground is usually smaller
than that of background; 2) Background motion is usually
smaller than foreground object motion; 3)Background has
more regular patterns, even when dynamic background ex-
ists. Therefore, if we analyze the temporal slices of videos,
the unexpected portion or distinct motion trajectories indi-
cate the foreground moving objects. Figure 1 (b) shows an
example, where the walking person forms a distinct trajec-
tory from the background in a temporal slice on the X − T
plane.

To detect such distinct trajectories, we design a simple
but efficient Temporal Spectral Residual algorithm, and its
flowchart is summarized in Figure 1. We first perform Fourier
transformation on the temporal slices along T axis (both
X − T plane and Y − T plane). Then use a threshold se-
lection scheme to reject noises. Finally, a saliency majority
voting is applied to obtain final motion salient regions.

3.1 Spectral Residual on Temporal Slices
The Spectral Residual (SR) algorithm introduced in Sec-

tion 2 is performed on each temporal slice on X − T plane
and Y − T plane respectively to obtain the salient pixels.
Without loss of generality, we take the temporal slices IXT

on X − T plane for example. See Fig.1(b). Its spectral
residual is calculated as:

eMapXmT = SR(IXmT )

where m ∈ [1, M ],n ∈ [1, N ], t ∈ [1, T ] given a video clip
with size M ×N × T . eMapXmT shows the energy of each
pixel on the recovered image slice m. Pixels with higher
energy value indicate more salient than those with lower
values. A threshold Th is used to reject the pixels with low
values and keep the salient pixels. Assuming the energy on
each slice IXmT is a Gaussian distribution (µ, σ), we use
ThXmT = µXmT + σXmT as the threshold to get a salient
map sMap.

sMapXmT (i, j) =


1 if eMapXmT (i, j) > Th
0 otherwise

Figure 1 (d) shows a sMap from a temporal slice, where
the major moving trajectory has been detected.

To show how temporal spectral residual works, we test it
on a toy sample, shown in Figure 2. The image has multiple
lines. Each line has a constant intensity Ic plus a random
noise Inoise. I = Ic+Inoise. Both Ic and Inoise are generated
randomly, where the range of Inoise is [0, 0.1]. These multi-
ple lines simulate scene background on a temporal slice. It
also has a white line, a black circle and a black skinny line on
the left, simulating the trajectories of moving objects. Fig-
ure 2(b) shows the spectral amplitude of (a); (d) shows the
spectral residual amplitude; (b) is the result of performing
the Spectral Residual. The highlight region shows saliency,
which almost matches the three salient shapes in the image.

As described above, the threshold Th is an key issue. A
bad threshold could keep some background pixels as salient
ones. One case is when a temporal slice does not have any
moving object trajectories and all the pixels need to be re-
jected. However, the local threshold is unable to recognize
them, and it would still keep those pixels with relatively
higher value. Another case is that a temporal slice has dy-
namic background such as water wave. The pixels from dy-
namic texture region also have relatively higher value than
the pixels from static background. The following two sub-
sections address the problem of threshold selection and how
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Figure 2: Toy Example

to refine the salient areas by evaluating global information
together.

3.2 Threshold Definition
Given all the sMapXT , we can obtain a sCubeXT by

putting these sMapXT back together. The pixels with value
1 denote the salient pixels from the Spectral Residual on its
sMap. Some salient pixels belong to the motion regions
where others are background noise. Assuming values of
eCubeXT satisfy a Gaussian distribution, a global thresh-
old Thglobal = µglobal + 2 ∗ σglobal is applied to eCubeXT .

sCubeXT (i, j, k) =

8<: 1 sCubeXT (i, j, k) = 1 and
eCubeXT (i, j, k) > Thglobal

0 otherwise

The global threshold takes all the pixels’ energy into ac-
count. The pixels with a lower energy than Thglobal are re-
jected. This procedure refines the motion area by rejecting
the pixels with relatively higher value locally on the tem-
poral slices but still low value globally. We can also get
sCubeY T by applying the same procedure to the temporal
slices on Y − T plane. See Figure 1 (f), (g). To further
improve the performance, we will integrate sMapXT and
sMapY T together by a saliency majority voting scheme.

3.3 Saliency Majority Vote
Figure 1 (b) and (c) show that salient motions appeared on

both sMapXT and sMapY T . Moving objects usually have
distinct trajectories on both temporal planes. But the mo-
tions from background noise are usually orderless and ran-
dom, so they rarely have distinct patterns on both planes.
Also we ignore the case that salient pixels always move ex-
actly along X or Y direction since this case seldom happens
in practice. We further reject noise pixels by collecting evi-
dence on both planes with the following scheme of saliency
majority voting on sCubeXT and sCubeY T .

sCube(i, j, k) =

8<: 1 sCubeXT (i, j, k) = 1 and
sCubeY T (i, j, k) = 1

0 otherwise

After the saliency detection step and two refining steps, we
get reliable results in sCube. See Figure 1 (h) for example,

where the pixels with value 1 denotes the salient pixels in
sCube.

3.4 Computational Complexity Analysis
As described above, our method is only based on Fourier

spectrum analysis, so it is computationally efficient. Fourier
Transformation has its fast algorithm FFT, with the time
complexity O(o2∗ log(n)), given a n×n matrix. A video clip
with the size of M ×N ×T only takes 2(M + N) ∗O(FFT).
Fig.4 has detailed discussion of computational complexity
compared with the-state-of-art algorithms.

4. EXPERIMENTS
To illustrate the effectiveness of our method, we test the

proposed method on four typical videos with four different
background motions. See Fig.3(a).(1) Shopping Center. A
person is walking in a shopping center. The background is
cluttered. It has several indoor lights. The video is from
CAVIAR Scenarios. [1]. (2) Beach. A person is walking on
a beach, occupying the lower half of the scene. The upper
half of the scene has dynamic background seawater wave.
The seawater keeps moving throughout the whole video. (3)
Rain. Cars are moving in an outdoor scene with changing
background. It is heavily raining with swaying trees. (4)
Water jug. A water ball is floating on water surface. The
water surface is moving, so the whole scene is in dynamic
texture.

These four videos are collected from the state-of-art pa-
pers. Figure 3 compares the saliency detection results of
different methods. Figure 3(b) is the results of the frame
difference with threshold µ + 3 ∗ σ; (c) shows our method;
(d) is the results of the Gaussian Mixture Models(GMM)
[10]; (e) cites the results from the state-of-art algorithms((e-
2): the Linear Dynamic Model [9], (e-3): the KDE [2], (e-4):
the Robust Kalman Filter [13]. There is no result for (e-1)
since no published background modeling methods have pro-
vided results on this video. These results are collected from
their published papers and research websites.

From Figure 3, we can see that the simple method like the
frame difference is not reliable, containing too much noise
as shown in Figure 3(b). Our method in Figure 3(c) has
detected major moving regions, and also rejected most of
the noises. Comparing to the GMM method Fig.3(d), our
method has fewer noise pixels. It is also comparable to the
state-of-the art methods of background modeling in Fig.3(e).

Some pixels on the moving object in Fig.3(c) are missing,
due to the refinement procedure, but major salient regions
still remain. The missing pixels can be easily compensated
by simple post-processing with local appearance features.
Additionally, the salient regions of our results are one or
two pixels thicker than the other methods, due to the fact
that Fourier Transformation is more sensitive to edges and
boundaries, so the pixels around edges are captured. But
as a pre-processing stage aiming at providing salient candi-
dates, the results are reliable enough. This algorithm works
well for still cameras with dynamic background. For those
videos with fast camera motions, e.g. sports videos, the
proposed method cannot handle them directly. For these
videos, we need to do shot detection first, and then perform
the proposed method on them except close-up shots.

Our method is more computationally efficient compared
to these background modeling methods. GMM [10] uses
mixture of Gaussian distributions and the parameters need
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Figure 3: Experiment results (a) Image (b) Frame difference (c) Temporal Spectral Residual (d) GMM (e)
State-of-art methods

to be updated using an online Expectation Maximization al-
gorithm. KDE [2] keeps samples of intensity values per pixel
and uses these samples to estimate density function. Monnet
et al.[9] builds a predictive model to capture the most impor-
tant variation based on sub-space analysis of the signal. In
the Robust Kalman Filter method, dynamic texture is mod-
eled by an Autoregressive Moving Average Model, and then
a robust Kalman filter iteratively estimates the intrinsic ap-
pearance of dynamic textures. Our method is only based on
fast Fourier spectral transform, so its computational cost is
much less than the above methods. Our method can process
18 fps with image size 120 × 180 in Matlab on a 2.4GMH,
8G Memory machine without code optimization.

5. CONCLUSIONS
We proposed a fast motion saliency detection method:

Temporal Spectral Residual, which can be used as a pre-
processing stage of video analysis. Different from back-
ground modeling methods, our method is only based on the
theory of Fourier spectrum analysis and is free of training
or initial labeling. The basic idea is to find the saliency mo-
tion patterns by calculating temporal spectral residual on
temporal domain, a global threshold selection scheme, and
a saliency majority voting operation. The experiments on
four typical videos show the promising performance of our
method. With lower computational cost, it achieves compa-
rable results to popular background modeling methods.
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