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A Novel Bottom-Up Saliency Detection Method for
Video With Dynamic Background

Chenglizhao Chen , Yunxiao Li , Shuai Li , Hong Qin, and Aimin Hao

Abstract—After years of extensive studies, the salient motion
detection problem has gained plausible performance improvement
that was primarily propelled by the rapid development of self-
adaptive top-down modeling techniques. Nevertheless, almost all
the conventional solutions are still not robust enough to handle
video sequences captured by hand-hold cameras. This is mainly
due to the absence of the position alignment information that
is indispensable for top-down background modeling. In contrast,
the bottom-up video saliency detection methods, though achieving
excellent salient motion detection in either stationary or nonsta-
tionary videos, still have rather poor detection performance in sce-
narios with massive dynamic background. In this letter, we explore
a bottom-up saliency framework by introducing a novel spatial-
temporal regional filter method to handle the dynamic background
problem. Our key rationale is to assign large saliency value to those
regions with stable spatial-temporal coherency while eliminating
irregular, repeating dynamic background. As far as we know, this
is the first work to address the dynamic background problem from
the perspective of the bottom-up video saliency. We conduct mas-
sive quantitative evaluations over public available benchmarks to
validate the effectiveness and robustness of our method.

Index Terms—Dynamic background, nonstationary video,
spatial-temporal coherency, spatial-temporal regional filter, video
saliency.

I. INTRODUCTION AND MOTIVATION

THE objective of salient motion detection is to locate the
most eye-attracting regions in a given scenario, which

frequently contains salient objects undergoing distinct move-
ment. And the detected salient regions can be applied in vari-
ous downstream computer vision applications, including object
tracking [1], video segmentation and impression [2]–[4], im-
age fusion [5], traffic surveillance [6], etc. Although consider-
able efforts have been endeavored in the top-down background
modeling to perform subtraction-based salient motion detection
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[7]–[9], it is still difficult to obtain robust detection for non-
stationary videos due to the absence of pixel alignment in-
formation, which is indispensable for the robust background
modeling. Different from the top-down modeling based de-
tections [10], [11], the recently developed video saliency
methods [12]–[15] commonly integrate individually estimated
low-level saliency clues into the high-level spatial-temporal
saliency prediction by introducing certain bottom-up strate-
gies. To estimate low-level saliency clues, multiscale patch-
like features are individually extracted in both the spatial
scope and the temporal scale, which can be roughly cate-
gorized into spatial clues (e.g., color contrast [16] and com-
pactness [17]) and temporal clues (e.g., velocity and accelera-
tion [18]). Thus, the high-level video saliency can be computed
via fusion strategies [19], [20], which formulate an comple-
mentary combination for those precomputed low-level clues.
In addition, the spatial-temporal smoothness [13], [21] are also
integrated as a high-level saliency constraint to filter out the
false-alarm detections with weak interframe coherency. Since
the entire bottom-up detection procedures involved in a video
saliency detection method are totally independent of the pixel-
wise position alignment information, it can produce much better
detection result than the top-down modeling solutions for non-
stationary videos. Nonetheless, for video scenarios with massive
dynamic backgrounds, which frequently exhibit irregular move-
ments (e.g., fountains, floating leaves, sea waves, etc.), the con-
ventional bottom-up solutions can easily assign large saliency
value to those regions containing dynamic backgrounds, due
to its inability to distinguish real saliency from meaningless
dynamic backgrounds.

In this letter, following the basic bottom-up framework, we
devise a newly designed spatial-temporal saliency filter to solve
the aforementioned challenges, which can eliminate saliency
disturbances from dynamic background while pinpointing the
real saliency. The key idea of our method is inspired by two
observed common phenomena related to the true saliency and
the nonsalient dynamic backgrounds: (1) The spatial-temporal
coherency of the true saliency is much stronger than the non-
salient dynamic backgrounds; and (2) the spatial-temporal mo-
tion gradients of the salient foreground frequently exhibit better
compactness than those of the nonsalient dynamic backgrounds.
Therefore, based on the precomputed low-level saliency clues,
such as contrast based motion saliency, we make use of an
object-aware KNN-histogram (KNNH) to measure the spatial-
temporal coherency among consecutive video frames, which
substantially outperforms the conventional patch-wise statistics
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Fig. 1. Architecture overview of our bottom-up video saliency detection method. The ground truth is marked with a red rectangle in the Input Frames. Our
method mainly consists of two components: the novel KNN-histogram (KNNH) based regional filter and the newly designed MRF-Graph (MRFG) model. As we
can see from the filtering result, our method can correctly eliminate the dynamic backgrounds while retaining the true saliency.

based solutions for nonstationary videos. Next, to ensure the
spatial-temporal consistency of the filtered saliency, we extend
the saliency filtering range by incorporating our newly designed
Markov random field graph (MRFG), wherein the graph edges
(motion gradient spanned feature distance) reflect the compact-
ness of the corresponding motion distribution. Benefiting from
this, we can obtain highly accurate and robust video saliency
detection results over various videos, and the quantitative eval-
uations confirm the effectiveness and robustness of our method.

II. SPATIAL-TEMPORAL SALIENCY FILTER

A. Method Overview

As shown in Fig. 1, we first utilize the RF [22] method to per-
form edge-preserved smoothing, and then adopt the SLIC [23]
based superpixel decomposition method to reduce the computa-
tional burden. Meanwhile, we employ optical flow [24] to detect
the motion clues in each video frame. Consequently, we can ob-
tain the low-level saliency clue (i.e., the motion saliency MS)
via global contrast computation, which is similar to our previ-
ous work [21]. Obviously, from the computed motion saliency
in Fig. 1, massive dynamic backgrounds (i.e., fountains) may
be falsely detected as the salient foregrounds due to the dis-
tinct optical flow estimation in the spatial-temporal scope. To
alleviate this limitation, we propose to use the KNNH (see
Section II-B) to measure the regional coherency among con-
secutive video frames; thus the preobtained low-level saliency
clues are adjusted to bias toward those regions with strong inter-
frame coherency. After that, the KNNH-filtered results are inte-
grated into our newly designed MRFG model (see Section II-C),
wherein the motion gradient spanned feature distance serves as
the graph edge to represent the compactness of the gradient dis-
tribution. Therefore, those regions with either irregular saliency
distribution or distinct motion flows can be easily filtered out in
a spatial-temporal manner.

B. Short-Term Regional Saliency Filter

Given a smoothed input video frame I with n superpixel
(pi, i ∈ [1, n]), the ith superpixel motion saliency (MS) can be
obtained via the global contrast computation (1) over the pre-
computed optical flow gradient f = [vx, vy] ∈ R1×2, wherein
vx and vy, respectively, denotes the averaged horizontal and
vertical gradients. In the rest of this letter, we use | · | and || · ||2

to, respectively, denote absolute operation and l2-norm.

MSi =
1
Z

n∑

j=1

||fi, fj ||2 , Z =
√∑n

i=1
(
∑n

j=1
||fi, fj ||2)2 .

(1)
Here, Z denotes the normalization factor. Due to the varying
flows between consecutive video frames, large saliency values
can be easily found in regions containing dynamic backgrounds.
Thus, we propose to utilize regional metric (KNNH) to measure
the variation degree for the compression of the dynamic back-
grounds while highlighting the remaining true saliency. That
is, for each superpixel, we formulate its corresponding KNN
structure over the MS spanned saliency space, and then ex-
plicitly represent it based on conventional histogram statistics
(hi ∈ R1×1000) as

hi =
1
Z

H(I�M), Z =

√∑1000

l
b2
l . (2)

Here, H denotes the histogram,� is the element-wise Hadamard
product, M ∈ {0, 1} is the binary indicator matrix, formu-
lated in (3), wherein φ controls the KNN searching distance
and the parameter ρ controls the KNN strength. Since both φ
and ρ belong to pair-wise tradeoff parameters, we empirically
set ρ = 0.1 while quantitatively selecting the optimal φ (see
details in Section III).

Mi =
{

1, if |MSi ,MSj,pj ∈φ | ≤ ρ×MSi

0, otherwise
. (3)

Since the KNN structure of the salient foregrounds tend to
exhibit strong spatial-temporal coherency while the dynamic
backgrounds are the opposite to that, we can adopt the temporal
weighting scheme to the ith superpixel hi to measure its spatial
variation degree Vi in the temporal scale. Hence, we formulate
the temporal weighting scheme as

V t
i =

∑
j∈φ ||ht

i , h
t+/−1
j ||2 · exp(−w · ||ct

i , c
t+/−1
j ||2)

∑
j∈φ exp(−w · ||ct

i , c
t+/−1
j ||2)

. (4)

Here, the superscript t indicates the frame index, c ∈ R1×3 de-
notes the RGB color information, and we set the weighting
strength w = 25 according to our previous works [21], [25].
Hence, the computed variation degree V can be regarded as an
indicator to further compress the saliency degree of the dynamic
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Fig. 2. Demonstrations of our intermediate results. The first column shows the
source input frame, the second column demonstrates the raw motion saliency
result, the third column demonstrates the saliency filtering results based on our
KNNH, the fourth column demonstrates the filtering results by introducing our
MRFG model, and the last column demonstrates the pixel assignment results.

TABLE I
QUANTITATIVE EVALUATION FOR DIFFERENT CHOICES OF φ

φ : ||pi , pj ||2 ≤25 ≤30 ≤35 ≤40 ≤45

F Measure .724 .730 .730 .714 .706

Fig. 3. Performance comparisons between the conventional top-down model-
ing method SB14 [8] and our bottom-up solution for the dynamic background
cases with 10% camera jitter.

backgrounds via

S←MS� exp

(
−N

(
V − α

n

n∑

i=1

Vi

)

+

)
(5)

where S denotes the filtered saliency result by KNNH, N de-
notes the minmax normalization function. In practice, due to the
large feature margin between the true saliency and the nonsalient
dynamic backgrounds, the filter performance is insensitive to the
choices of threshold parameter α, and we empirically set α = 2.
So far, a substantial portion of the dynamic backgrounds, which
exhibit weak spatial-temporal coherency, have been correctly
compressed (see KNNH Filter Result in Fig. 1). The remain-
ing dynamic backgrounds related false-alarm detections (see
the third column of Fig. 2) are mainly caused by the temporar-
ily strong coherency in a limited number of frames. Therefore,
we propose to extend our local KNNH filter to the long-term
spatial-temporal scope to further compress the remaining non-
salient dynamic backgrounds.

C. Long-Term Spatial-Temporal Saliency Filter

In general, since the movement direction of the salient fore-
grounds frequently exhibits compact spatial distribution and
strong temporal coherency, we can utilize the MRFG to enhance

those regions with consistent spatial-temporal movements in the
long-term scope. In particular, we propose to use the feature dis-
tance over the optical flow gradients spanned feature space as
the MRFG edge to measure the motion similarity, while directly
employing the KNNH filter results S as the MRFG nodes, see
the pictorial demonstration OF Dist in Fig. 1, wherein the graph
structure follows the implementation of [26] while omitting the
intraframe spatial connections to bias our filter toward the tem-
poral direction. Thus, our long-term saliency filter revealing can
be formulated as the following binary assignment (B ∈ {0, 1})
problem:

min
B

∑

i

u(Bi) + λ
∑

j∈φ

|Bi −Bj | · exp(−w · ||fi, fj ||2). (6)

Here, u denotes the unary function, which can be formulated
as (7). The parameters φ and w are identical to those in (4).
The MRF performance tradeoff parameter λ controls the bias
tendency toward the smooth term (i.e., the second part of (6)),
and we empirically assign it to 1.5:

u(Bi) =
{

1, if (Bi · Si) ≥ 2× std(S)2

0, otherwise
. (7)

From the perspective of long-term temporal scale, those dy-
namic backgrounds with weak movement coherency can be
effectively revealed by (6) and then be compressed by

S← 0.7×B� S + 0.3× S. (8)

After the above spatial-temporal saliency filtering, we utilize
the pixel-wise saliency assignment strategy to further sharpen
boundaries of the remaining salient foregrounds, which follows
the conventional spatial weighting scheme with 20× 20 rectan-
gle mask. The corresponding intermediate results of our method
can be found in Fig. 2.

Now, it sets the stage to summarize the key advantages of
our MRF saliency filter in two aspects: (1) Our MRF saliency
filter can simultaneously measure temporal coherency and spa-
tial variation towards automatically pinpointing the salient fore-
grounds while compressing those nonsalient backgrounds; such
filter can remarkably outperform the conventional fusion based
methods; and (2) our graph-based saliency filter enables the fil-
tering procedure to retain spatial-temporal smoothness, which
can utilize the beyond-scope information to facilitate the current
detection.

III. EXPERIMENTAL RESULTS

We quantitatively evaluate the performance of our method
over CD2014 dataset (dynamic-background category [31]) and
six additional video sequences (YouTube) with massive dy-
namic backgrounds. The ground truth of our newly adopted
sequences is obtained in the same manner as [32]. Since the
detection performance of our method is heavily dependent on
the constructed KNN structure (see Section II-B), we quantita-
tively evaluate the parameter φ to obtain the optimal choice, and
the detailed results can be found in Table I, wherein we select
φ : ||pi, pj ||2 ≤ 30 as the optimal choice. To demonstrate the
unique advantage of our method, we compare our method with
11 state-of-the-art methods, including FD17 [21], GF15 [13],
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Fig. 4. Qualitative comparisons between our method and seven state-of-the-art methods, including FD17 [21], GF15 [13], SA15 [26], MC15 [27], SB14 [8],
MO13 [7], and CS13 [16], wherein the ground truth is marked with rectangle in the first row.

Fig. 5. Quantitative comparisons between our method and 11 state-of-the-art
methods, including FD17 [21], GF15 [13], SA15 [26], MC15 [27], MF13 [28],
SB14 [8], ST14 [18], MO13 [7], CS13 [16], RC11 [29], and HC11 [29], wherein
the left is the precision-recall curve and the right part demonstrates the averaged
F-measure (with bias term 0.3 [30]). It should be noted that there are no PR
curves for SB14 and MO13, because their outputs are binary segmentations.

SA15 [26], MC15 [27], SB14 [8], ST14 [18], MF13 [28],
MO13 [7], CS13 [16], RC11 [29], and HC11 [29], and the
detailed quantitative results are documented in Fig. 5. We also
demonstrate the qualitative comparisons in Fig. 4. It should be
noted that both MO13 and SB14 are among the top-down mod-
eling based methods while the remaining methods all belong to
the bottom-up modeling based methods. Since the conventional
top-down methods can well handle the dynamic background
problem in stationary videos, our method only slightly outper-
forms SB14 and MO13 over CD2014 dataset; however, our
method exhibits much better robustness over the six newly ob-
tained nonstationary sequences. Moreover, the robustness of our
method can be further confirmed in the camera jitter experiment,
wherein we disturb the original sequences with 10% random vi-
brations, and results can be found in Fig. 3 and Table II. As for
the remaining bottom-up methods, due to the lack of a proper
mechanismto compress the dynamic backgrounds, all these
methods exhibit much poorer performance over the tested video
sequences. As for efficiency, since our framework is imple-
mented by using MATLAB (accelerated with CUDA) in an
alienware laptop with Quad Core i7-6700HQ 2.6 GHz, 16 GB

TABLE II
PERFORMANCE DEGRADATION DUE TO DISTURBANCE WITH CAMERA JITTER

Bold, italic, and normal respectively represents the 1st, 2nd, and 3rd perfor-
mance degradation.

TABLE III
TIME COST (IN SECONDS) FOR SINGLE VIDEO FRAME

Bold, italic, and normal respectively represents the 1st, 2nd, and 3rd performance.

RAM, and GTX 970 m, it costs 3.28 s to perform saliency de-
tection for a single video frame (with a size of 300× 300), and
the time cost comparison with the state-of-the-art video saliency
methods are detailed in Table III.

IV. CONCLUSION

In this letter, we proposed a simple yet effective bottom-up
method to conduct saliency detection over videos with massive
dynamic backgrounds. Our method comprises two key novel
technical elements: (1) We exploit regional KNNH to measure
the spatial variations between consecutive video frames, which
is independent of the position alignment information; and (2) we
integrate the spatial variations into the MRFG model to simul-
taneously respect the long-term temporal coherency. Various
experiments have confirmed the effectiveness and robustness of
our method. In the near future, we will continue to improve the
efficiency of our method, so that it becomes essential in many
more applications with real-time requirements.
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