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ABSTRACT

In this paper, we propose a novel saliency-based algorithm to
detect foreground regions in highly dynamic scenes. We first
convert input video frames to multiple patch-based feature
maps. Then, we apply temporal saliency analysis to the pixels
of each feature map. For each temporal set of co-located pix-
els, the feature distance of a point from its kth nearest neigh-
bor is used to compute the temporal saliency. By computing
and combing temporal saliency maps of different features, we
obtain foreground likelihood maps. A simple segmentation
method based on adaptive thresholding is applied to detect
the foreground objects. We test our algorithm on images se-
quences of dynamic scenes, including public datasets and a
new challenging wildlife dataset we constructed. The exper-
imental results demonstrate the proposed algorithm achieves
state-of-the-art results.

1. INTRODUCTION

Detecting moving objects in an image sequence is an impor-
tant step in intelligent video analysis. There have been many
algorithms developed for foreground object detection [1, 2].
However, detecting foreground objects from cluttered and
highly dynamic background is still a challenging task. In
a realistic outdoor image sequence, there are many poten-
tial factors to make foreground detection difficult. These
factors include changing illumination, camouflage, moving
background objects, and shadowing.

For videos with highly dynamic scenes, background sub-
traction based on different saliency models were proposed.
In [3], discriminant saliency was computed on the dynamic
texture model of spatio-temporal patches to generate the
saliency map. Under this model, a location was assigned
to the background if its saliency score was below a certain
threshold. In [4], temporal saliency of bag-of-words features
as well as spatial saliency of color histograms and Local bi-
nary patterns (LBP) were used in a graph-cut framework to
do foreground object segmentation

In this paper we propose a novel background subtraction
algorithm using temporal saliency. The saliency of a pixel is

This work was partly supported by NSF under the grants 0807329 and
DBI 10-62351.

an estimate of how much it stands out relative to its neigh-
bors. In most image saliency algorithms, saliency is mod-
eled by center-surround difference [5]. The center and sur-
round regions are defined based on spatial proximity. The
center region is a small neighborhood of the location of in-
terest while the surround region is a larger neighborhood sur-
rounding the center region. This definition is reasonable for
detecting saliency in a single image, but may not be suitable
for image sequences containing a temporal component.

The presence of dynamic content in image sequences sug-
gests that a more robust representation is needed when com-
puting saliency. Therefore, we extend the definition of the
center and surround regions from spatial proximity to feature
proximity. If the center region has feature vectors that are
drastically different from the feature vectors in the surround
region, the center region is deemed salient.

Armed with this new representation one can leverage the
temporal information in an image sequence by using tempo-
ral proximity instead spatial proximity. Unfortunately, with
highly dynamic scenes, the feature distribution of co-located
pixels in fixed temporal windows becomes more difficult to
model and causes the parametric model used during saliency
estimation to degrade.

Inspired by the work of outlier detection using the dis-
tance of the kth nearest neighbor [6], we address the afore-
mentioned problem by making a given pixel be the central
region and its k nearest neighbors in a feature space be the
surround region. Then, for each temporal set of co-located
pixels in a sequence, we calculate the feature distance of a
point from its kth nearest neighbor to estimate the temporal
saliency. Our definition is also a generalization of the tempo-
ral saliency technique based on nearest neighbor used in [4].

In this paper, we present a foreground detection algorithm
that computes temporal saliency maps on multiple patch-
based features, including two color features, a texture feature,
and two types of smooth regions. Saliency maps of color and
texture features are combined to increase the signal-to-noise
ratio. A simple segmentation algorithm based on adaptive
thresholding is applied to the saliency maps to generate can-
didate foreground maps. A final foreground map is generated
by combining the foreground maps of each feature channel.



2. FOREGROUND DETECTION ALGORITHM

There are five steps in our algorithm: (1)feature extraction;
(2) temporal saliency analysis; (3) feature combination; (4)
segmentation; (5) feedback. A visual representation of our
algorithm is shown in Fig. 1.

Fig. 1. The framework of the proposed foreground detection
algorithm

2.1. Feature extraction

Like many saliency detection algorithms, we compute tem-
poral saliency on multiple feature spaces. We convert each
input frame to five feature spaces: (1)RGB; (2)Lab; (3)LBP;
(4)Dark; (5)Bright. Using both RGB and Lab color spaces
achieves better performance than using a single color space [7].
We also discard the lightness channel in the Lab color space
when doing temporal saliency. This is because the lightness
channel is particularly sensitive to shadows which often lead
to false alarms during foreground detection.

In order to further decrease the effect of shadow, we com-
bine the saliency of RGB and Lab color spaces with Local
Binary Patterns (LBP) for its property of gray-scale invari-
ance [8]. We construct LBP descriptors of each pixel by com-
paring its grayscale intensity against its eight neighbors:

LBP (xc, yc) =
7∑

P=0

s(gp − gc)2
p, s (x) =

{
1 x >= t
0 x < t

(1)

where gc and gp are the gray values of the center pixel and pth
pixel in the 3 × 3 neighborhood. t is a nonzero threshold for
the gray value comparison which could be used to adjust the
sensitivity of LBP operator. LBP is more sensitive to intensity
gradients at smaller t. LBP descriptors with a larger t is more

robust to noise but it is also less distinctive. t is between 0
and 3 in our experiments.

Unfortunately, all of the smooth regions of an image are
coded exactly the same by LBP. Therefore, smooth regions of
the foreground often have lower saliency values in the LBP
channel. This problem happens frequently in the dark and
bright regions where texture is very weak. We avoid this prob-
lem by including dark and bright features. Dark and bright
feature maps are generated by thresholding the input images:

D(x, y) =

{
0 x >= tD
1 x < tD

, B(x, y) =

{
1 x >= tBr

0 x < tBr
(2)

where tD and tBr are the threshold of dark and bright pixels.
After converting input image to all the feature spaces,

patch-based feature are computed on all 8 feature maps:

−→
h g,t(x, y) = hist [Wg,t(x, y)] , g ∈ {R,G,B, a, b, LBP,D,Br}

(3)
where

−→
h (x, y) and W (x, y) are the histogram and the patch

with the center at location (x, y) respectively. t is the tempo-
ral index of each image frame.

2.2. Temporal temporal saliency analysis

We compute the temporal center-surround difference using
the distance of the kth neighbor. k is a tuning parameter that
depends on the length and dynamic of the video. The L1
distance between two histograms is used. We formulate the
temporal saliency S as:

dg(x, y, t, n) =
∣∣∣∣∣∣−→h g,t(x, y)−

−→
h g,n(x, y)

∣∣∣∣∣∣
1
,

Dg,x,y,t = {dg(x, y, t, n)|n = 1, ..., L} ,
−→
d g,sort(x, y, t, j) = sort {Dg,x,y,t} ,
Sg(x, y, t) = dg,sort(x, y, t, k)

(4)

where dg(x, y, t, n) is the distance between histograms lo-
cated at (x, y) of frame t and frame n. g is the same fea-
ture index as in Eq. (3). Dg,x,y,t is the set of distances.
L is the number of co-located background image patches.
−→
d g,sort(x, y, t, j) is the sorted distance in ascending order.
Sg(x, y) is the magnitude of the temporal saliency. After
temporal saliency analysis, we have six maps of temporal
saliency.

Saliency based on the distance of the kth nearest neighbor
provides us a good estimation of the likelihood of foreground
activity in videos having highly dynamic scenes.

2.3. Feature combination

We combine the saliency maps of the same color space by
averaging:

SRGB(x, y, t) = (SR(x, y, t) + SG(x, y, t) + SB(x, y, t))/3

Sab(x, y, t) = (Sa(x, y, t) + Sb(x, y, t))/2
(5)



where SRGB and Sab are the temporal saliency map of the two color
spaces. The temporal saliency of the two color spaces and LBP is
sensitive to noise (Fig. 2 (b) (c)). This problem can be alleviated by
combining the saliency maps of color and LBP. The saliency score
of each feature can be treated as the likelihood of foreground. The
magnitude of saliency map of each pixel can be treated as its likeli-
hood of belonging to foreground. Assuming the LBP and two color
channels comply with the naı̈ve Bayes assumption, we have:

SRGB LBP (x, y, t) = SRGB(x, y, t) · SLBP (x, y, t)

Sab LBP (x, y, t) = Sab(x, y, t) · SLBP (x, y, t)
(6)

where P (SI,x,y,t, SLBP,x,y,t|foreground) is the joint likelihood of
pixel (x, y, t) belonging to foreground. Comparing Fig. 2 (a) with
(b), we can observe saliency of the same pixel of the two color
features could be significantly different. For example, the green
backpack of the woman has much stronger response in Sab than in
SRGB . In Fig. 2 (b)-(f), we can see that there is much less noise in
SRGB LBP and Sab LBP than in individual saliency maps.

Fig. 2 (g) and (h) are saliency maps of the dark and bright chan-
nels. We can observe that dark and bright regions tend to have strong
intensity in these two saliency maps. Because these two features are
designed to compensate the drawback of LBP feature, the saliency
of these two features do not combine with the saliency of LBP.

(a) (b) (c) (d)

(e) (f) (g) (h)
Fig. 2. Input image and saliency maps. (a) input image (b)SRGB

(c) Sab (d) SLBP (e)SRGB LBP (f)Sab LBP (g)SD (h) SBr

2.4. Segmentation and feedback

A simple segmentation algorithm is applied to the likelihood map to
detect foreground objects. All the pixels are classified as foreground
or background by thresholding SRGB LBP , Sab LBP ,SD , and SBr

respectively. An adaptive threshold l is defined by:

l = max(lO, lm) (7)

where lO is an adaptive threshold computed by Otsu’s
method [9] on the video frame. lm is a minimum saliency
value fixed for all the video frames, and can be used to
avoid misclassifying pixels with weak saliency as foreground
when there are no foreground objects. Four binary maps
are generated by thresholding and they are combined by a
union operation. We then use the connected-components
algorithm [10] to label the final binary map. Simple morpho-
logical operations are used to discard tiny objects and fill the
holes of the foreground objects. A candidate of foreground
map is generated now. If we feed this information back to

the step of temporal saliency analysis, it can help the algo-
rithm model the foreground better. In our experiments, we
ignore the foreground pixels when computing the kth nearest
distance in the feedback iteration and achieve better accuracy.

3. EXPERIMENTS

3.1. Qualitative Evaluations

We evaluated the proposed method on multiple datasets.
These datasets can be divided into two categories based on
their source: (1) new image sequences of wildlife from cam-
era traps [11]; (2) combination of nine complex scenes from
ACMMM03 [12, 13]. The measurement we used to quantify
the accuracy is the F-score which is the harmonic mean of
their precision and recall:

F =
2 · recall · precision
recall + precision

=
2TP

2TP + FN + FP
(8)

where TP, FN, FP are true positives, false positives, and false
negatives respectively.

Wildlife datasets Over 1 million images of wildlife
species were captured using camera traps in this dataset. Im-
ages are in both daytime color and nighttime infrared formats
(Fig. 3). This dataset is very challenging because it contains
scenes that are highly dynamic and cluttered. The highly dy-
namic nature of these scenes is mainly caused by three fac-
tors: 1) low temporal sampling rate; 2) background motion;
3) significant illumination variations. A subset of the images
are manually labeled for evaluating the algorithm and will be
made available for public use.

The algorithm is evaluated by performing empty frame
detection on the wildlife image sequences. The empty frames
are labeled based on the following definition: An image is an
empty frame if it has no visible region belonging to an animal.
True positives are true empty frames.

The evaluation dataset has 100 sequences (1277 images
with 265 images as empty frames). The sequences were
captured from various locations and, as a result, depict very
different scene configurations. There are twenty species
and each species has five different image sequences. These
species have diverse sizes and behavior. The sampling rate
is lower than three frames per second and the length of each
sequence is between five to forty frames.

In this experiment, the distance of second nearest neigh-
bor (k = 2) is used to compute temporal saliency. To detect
empty frames, our algorithm compute a score of nonempty
frame for each video frame based on spatial saliency of the
main foreground segment which has the strongest temporal
saliency. In each foreground likelihood map, we pick the
foreground segment with largest average intensity and com-
pute its normalized histogram. We also compute the normal-
ized histogram of the background region. The Bhattacharyya
distance between these two histograms is used as the spatial



saliency score. For each video frame, if this score is smaller
than a fixed threshold, it is predicted as an empty frame.

Table 1 shows the accuracy of empty frame detection on
the dataset in comparison with (1) RPCA+OF: the Robust
PCA plus optical flow approach [14] and (2) EVOC: the video
object graph cut approach [4]. It can be seen that the proposed
method significantly outperforms the other two methods in
this dataset. Fig. 3 shows two examples of nonempty video
frames. The first row is the input image with the enlarged
foreground animal on the top left corner. The second row is
the output image with the detected animal in the red bounding
box.

ACMMM03 datasets These datasets contain nine
videos of different dynamic scenes. These videos have several
challenging properties: dynamic background of indoor and
outdoor scenes, indoors busy scenes with moving shadow,
and light switching. In these datasets true positives are true
foreground pixels.

Table 2 shows the accuracy of empty frame detection on
this dataset in comparison with (1) PKDE: the pattern kernel
density estimation method [12] and (2) EVOC: the ensem-
ble video object cut approach [4]. It can be seen that the
proposed method has the highest accuracy on most test se-
quences. Fig. 4 shows four examples of foreground detection
and the segmentation result using the proposed method. The
first row is the input video frame. The second row is the out-
put image with the detected foreground objects.

(a) (b)
Fig. 3. Examples of foreground detection on camera trap dataset.
The first row is the original video frame with the enlarged animal on
the top left corner. The second row is the detection results. (a) Bird
(b)Mouse

RPCA+OF [14] EVOC [4] This work
Precision 0.4123 0.6917 0.8060

Recall 0.6830 0.6776 0.8151
F score 0.5142 0.6845 0.8105

Table 1. Performance comparison of empty frame detection
on camera trap dataset

(a) (b) (c) (d)

Fig. 4. Examples of foreground detection on ACMMM03
dataset. (a) AirportHall (b)Lobby (c) Curtain (d) WaterSur-
face

Sequences PKDEw=1+2+3

mb−siltp EVOC This work
Bootstrap 72.90 76.14 79.89

AirportHall 68.02 81.65 77.94
Curtain 92.40 93.63 95.23

Escalator 68.66 68.24 78.52
Fountain 85.04 84.00 85.46

ShoppingMall 79.65 79.46 82.42
Lobby 79.21 83.86 82.50
Trees 67.83 89.12 89.40

WaterSurface 83.15 94.95 93.13

Table 2. Performance comparison of F-scores (%) on the
ACMMM03 video sequences.

4. CONCLUSION

In this work, we have successfully developed a novel fore-
ground detection algorithm based on saliency for highly
dynamic and cluttered scenes. We extend the definition of
center-surround difference of saliency from spatial proximity
to feature proximity. The distance of the kth nearest neighbor
is used to detect temporal saliency in an image sequence.
Saliency is computed on patch-based features, including two
color features, a texture feature, and two types of smooth
regions. These saliency maps are used as likelihood maps to
do foreground segmentation using adaptive thresholding. In
our experiments on multiple datasets, the proposed algorithm
achieves state-of-the-art results.

The framework proposed in the paper can be applied to
general features in videos. In our ongoing work of abnormal
event detection, the proposed framework is applied to optical
flow. The preliminary experiments results are very promising.
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