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ABSTRACT
We propose a robust abandoned object detection algorithm for
real-time video surveillance. Different from conventional ap-
proaches that mostly rely on pixel-level processing, we per-
form region-level analysis in both background maintenance
and static foreground object detection. In background main-
tenance, region-level information is fed back to adaptively
control the learning rate. In static foreground object detec-
tion, region-level analysis double-checks the validity of can-
didate abandoned blobs. Attributed to such analysis, our algo-
rithm is robust against illumination change, “ghosts” left by
removed objects, distractions from partially static objects, and
occlusions. Experiments on nearly 130,000 frames of i-LIDS
dataset show the superior performance of our approach.

Index Terms— Video surveillance, background estima-
tion, abandoned object detection

1. INTRODUCTION

Abandoned object detection is one of the most important tasks
in automated video surveillance systems. A lot of research
has been devoted to developing abandoned object detection
algorithms. Among them, the most popular approaches are
based on background subtraction, due to their superior ro-
bustness in complex real-world scenarios [1, 2, 3, 4]. In such
approaches, two major components are background mainte-
nance and static foreground object detection. For background
maintenance, many algorithms employ a mixture of Gaus-
sians [5] to model the background and foreground for each
individual pixel [6, 2, 3, 7]. However, information carried by
individual pixels is highly limited. As a result, Gaussian Mix-
ture Model (GMM) is frequently observed to generate rather
noisy background estimation. In addition, pixel-level analysis
is rather difficult to handle rapid illumination change as well
as “ghosts” left by removed objects.

The algorithms for detecting static foreground objects
could be classified into four categories. The first category
performs tracking on foreground blobs and detects static ones
by analyzing tracks [1, 8, 9]. When scene is crowded, how-
ever, tracking-based approaches are not effective. The second
category utilizes mode switching in GMM to identify static
foreground pixels [3, 7]. Nevertheless, as GMM only looks
at individual pixels, it often generates highly fragmented
static foreground masks. The third category accumulates
foreground mask for each pixel [4, 10]. However, they could
not handle internal motion of a non-static object. The fourth

category detects static foreground pixels by comparing a
long-term foreground map with a short-term one [6, 2, 11].
Yet they are not able to prevent false alarms generated by
partially static objects.

In fact, the information from the analysis on a scale be-
yond pixels and patches could be the key to breaking the bot-
tlenecks of most existing methods. In this paper, we propose
to perform region-level analysis in both background mainte-
nance and static foreground object detection. More specifi-
cally, we adaptively update the background estimate by defin-
ing a “foregroudness” score for each pixel according to the
global properties of the blob the pixel belongs to. When de-
tecting static foreground objects, we define an “abandoness”
score for each pixel, and each candidate abandoned blob is
subject to further region-level analysis to eliminate potential
false alarms. By introducing region-level analysis in both the
two components, our method is robust against illumination
change, “ghost” effects, distractions from partially static ob-
jects, and occlusions.

The remainder of this paper is organized as follows. In
Section 2, we describe adaptive background maintenance us-
ing foregroundness scores. Static foreground object detection
is detailed in Section 3. We present experimental results in
Section 4, and Section 5 concludes this paper.

2. BACKGROUND MAINTENANCE

The overall structure of our background maintenance compo-
nent is illustrated in Figure 1. In what follows, we describe in
detail how to perform hybrid differencing between frame and
background images, and how to evaluate region-level fore-
groundness scores to guide adaptive background learning.

2.1. Hybrid differencing

In order to generate a preliminary foreground map, we need
to eliminate those pixels that could be regarded as in the back-
ground for a high certainty. For each pixel, we first compute
its color difference DC between the frame and the current
background. Color difference is simply the maximum abso-
lute difference of the pixel value over three color channels. To
make our approach robust against local illumination change,
we further compute the structural difference of the local patch
around the pixel. Here, an issue often overlooked by prior
arts is that part of the original structure might disappear due
to the change in lighting conditions, as is illustrated in Fig-
ure 2. In this case, conventional measures like normalized



Fig. 1. The overall structure of our background maintenance
component.

Fig. 2. The two patches have similar structures, yet conven-
tional measures would yield a lower similarity score due to
the missing of some structures in the background patch.

correlation would give a undesirably low similarity score. To
solve this problem, we first match the structures of the frame
patch to the background patch. As some of the structures of
the frame patch cannot find a good match in the background
patch, the similarity score is low. Then we perform the match-
ing the other way round. This time, most of the structures of
the background patch could find a good match, resulting in a
high similarity score. The final structural similarity score is
the larger of the two.

In implementation, structural matching from one patch
(say frame patch) to the other one (say background patch)
is conducted as follows. Firstly, for each pixel in the frame
patch, its gradient orientation is compared with a neighbor-
hood of pixels in the background patch, and the largest agree-
ment score over the neighborhood is taken as the matching
score for the pixel:
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where sfbi is the matching score for pixel i from frame to
background, θfi (or θbj) is the gradient orientation of pixel i
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Fig. 3. The candidate foreground blob corresponding to a
“ghost” is highlighted by the red ellipse. Although the edge
energy along the blob contour in the frame image is high, the
support (which takes into account both gradient magnitude
and orientation) is much lower than in the background image.

denotes the patch region. The background-to-frame structural
similarity Sbf is computed likewise.

The final structural similarity score between the frame and
image patches is S = max {Sfb, Sbf}, and the structural dif-
ference DS = 1− S.

After we obtain the color differenceDC and the structural
difference DS , the hybrid difference D = DC ·DS . In other
words, the hybrid difference is small when any one of the two
differences is low.

2.2. Foregroundness and adaptive learning rate

The difference image resulted from hybrid differencing is
thresholded, upon which connected component analysis is
performed to generate candidate foreground blobs. As so
far only local information has been used, many candidate
foreground blobs are actually false detections due to “ghost”
effects and/or illumination change not handled by hybrid
differencing. Therefore, we need to further verify the “fore-
groundness” of each candidate foreground blob.

Many approaches have been proposed to identify “ghosts”
left my removed objects. For example, dual foreground maps
are employed in [6]. Other researchers compare color in-
formation within and outside the candidate foreground blob
[4, 3]. Another approach compares the edge energy along the
blob contour within the frame and background images [9, 7].
However, as most of the existing methods do not take into ac-
count edge directions, they are not effective when background
is cluttered. In our approach, we compute the support that the
blob contour gains from the gradient of the frame and back-
ground images. If the blob corresponds to a “ghost”, then
the blob contour would obtain a greater gradient support from
the background image than from the frame image, as is illus-
trated in Figure 3. Here, support is large only when gradient
magnitude along the contour is large and gradient orientation
agrees with contour orientation. Formally, the support from
the frame image for each pixel along the blob contour is

Cf
i = max

j∈N(i)
{〈ci,gf

j 〉 · exp (−‖xi − xj‖2

2σ2
)}, (2)

where Cf
i is the support of pixel i from the frame image, ci

is the contour normal at pixel i, gf
j is the gradient vector of

pixel j in the frame image, and 〈·, ·〉 denotes inner product.
The total contour support from the frame image is the aver-
age support along the entire contour: Cf = (

∑
i∈B C

f
i )/|B|,

where B represents the blob contour. The contour support Cb



Fig. 4. The background estimated using our approach is less
noisy and preserves more true details than using GMM. Note
the tile boundaries on the floor and the bench area. The black
regions on the floor are estimated shadows.

from the background image is computed likewise. To com-
pare Cf and Cb, we use the normalized difference defined as
d = (Cf − Cb)/(Cf + Cb). The normalized difference is
further turned into a foregroudness score FC of the blob as
follows: FC = 1/(1 + exp (−wCd)), where a more posi-
tive difference leads to a higher foregroudness score, and wC

controls how sensitive the latter is with respect to the former.
In addition to “ghosts”, we also need to check if a candi-

date foreground blob is caused by illumination change. Al-
though the hybrid differencing could handle some illumina-
tion change, yet its analysis scale is still rather local. There-
fore, we need to compute the structural similarity score on the
entire blob. The computation of the structural similarity score
is exactly the same as is described in Section 2.1, except that
R is the entire blob now. Denoting the structural similarity
score of the blob as SB , we could derive another foreground-
ness score FB as FB = 1/(1 + exp (wS(SB − tS))), where
a higher SB results in a lower FB , and wS and tS adjusts the
sensitivity and offset of the conversion, respectively.

The final foregroundness score F is taken as the mini-
mum of FC and FB , because the drop of any one of them
indicates the candidate foreground blob might be false. The
foregroundness scores of all the other pixels that do not be-
long to any candidate foreground blobs are zero.

Having obtained the foregroundness scores, we use them
to guide the maintenance of background by adaptively adjust-
ing the learning rate of each pixel according to its foreground-
ness score. We compute the learning rate using a sigmoid con-
version: λi = λ0/(1 + exp (wF (F − 0.5))), where λi is the
learning rate for pixel i, λ0 controls the overall learning speed.
Here, a higher foregroudness score would result in a lower
learning rate, and wF adjusts the sensitivity. The background
estimate bi at pixel i is then updated as bi := (1−λi)bi+λifi,
where fi is the pixel value in the frame image.

The benefit of using region-level analysis in background
maintenance is shown in Figure 4 where the estimated back-
ground using our approach is far less noisy than using the
conventional GMM algorithm [3]. Also, true details in the
background are better preserved in our approach.

3. STATIC FOREGROUND OBJECT DETECTION

Given a background estimate, we detect static foreground ob-
jects as is illustrated in Figure 5. At each frame, we compute,
for each pixel, an instant “abandoness” score ai, defined as
ai = Fi · δ[∆fi < t], where Fi is the region-level foregroud-

Fig. 5. The overall structure of our static foreground object
detection component.

Fig. 6. Part of the body of the person sitting on the bench
has been static for an extended period and therefore the aban-
doness scores in that region have exceeded the threshold and
formed a candidate abandoned blob, as is indicated by the
cyan region. However, as the person is wavering her upper
body, the abandoness scores decay gradually on the upper
contour of the cyan region. By contrast, the red candidate
abandoned blob occupied by the suitcase has a sharp decrease
in abandoness score along the entire blob contour.

ness score at pixel i, ∆fi is the difference in pixel value be-
tween the current and previous frames, and t is a threshold.
In other words, the instant abandoness score is higher when
the pixel has a higher foregroudness score and its pixel value
remains almost unchanged between adjacent frames. The in-
stant abandoness score is accumulated over time to yield the
(accumulative) abandoness score Ai using the updating equa-
tion: Ai := (1−η)Ai +ηai, where η is the updating strength
which determines how long an object has to stay static before
it is regarded as being abandoned. The accumulative nature
of the abandoness score makes the algorithm robust against
occlusions. After we obtain the abandoness score for every
pixel, the abandoness map is thresholded and connected com-
ponent analysis is performed to generate candidate abandoned
blobs. (In what follows, we use “static foreground object” and
“abandoned object” interchangeably.)

As we use a soft foregroundness score which leverages
region-level information, our approach is more robust than
hard foreground mask accumulation [10]. As a double check,
we evaluate the foregroudness score on each candidate aban-
doned blob as is described in Section 2.2, and it is rejected
from being an abandoned object if its foregroundness score is
lower than 0.5.

However, it is possible that a non-abandoned foreground
blob (like a person) is partially static for an extended period.
In this case, the static part would become a candidate aban-
doned blob which has a rather high foregroudness score. An



Fig. 7. The performance of our algorithm on 8 i-LIDS video
sequences.

example is illustrated in Figure 6. To prevent such false de-
tections, we further evaluate the “closureness” score of each
remaining candidate abandoned blobs. The closureness score
measures the decrease rate of the abandoness score at loca-
tions near the blob contour. More specifically, for each pixel
i on the contour, we compute a gradient score

hi = max
j∈N(i)

{gAj · exp (−‖xi − xj‖2

2σ2
)}, (3)

where gAj is the gradient magnitude of the abandoness score
map at pixel j. The closureness score h of the blob is the
mean of the M pixels with the least gradient scores: h =

(
∑M

i=1 h̃i)/M , where h̃ are sorted gradient scores. If h is too
low, the candidate abandoned blob is most likely a static part
of a wavering object, and is therefore discarded.

After the elimination based on foregroudness and closure-
ness, the remaining candidate abandoned blobs are regarded
as abandoned objects, and alarms are triggered.

4. EXPERIMENTAL RESULTS

We evaluate our algorithm on i-LIDS dataset [12]. In addi-
tion to the clips for AVSS 2007, we also tested on a challeng-
ing sequence “ABTEA101a”. The total number of frames un-
der evaluation is nearly 130,000. All the parameters are fixed
throughout our experiment.

The results are shown in Figure 7. Note that for clip
ABTEA101a, 10 non-abandoned-object alarms are generated.
Yet 7 of them are actually for static persons which, to our al-
gorithm, are indistinguishable from static baggages, as we do
not apply an appearance-based classifier on top of detected
blobs for the sake of genericity.

It is observed that region-level analysis plays a major role
in identifying false foreground and false abandoned blobs. An
example of how the region-level analysis provides robustness
for our algorithm are shown in Figure 8. Due to the limit
in space, we are not able to include an example showing the
robustness of our approach to occlusion, yet we note that oc-
clusion never causes a problem throughout our experiment.

5. CONCLUSION

In this paper, we propose to detect abandoned objects us-
ing region-level analysis in both background maintenance and
static foreground object detection. Attributed to much other-
wise unavailable information provided by such analysis, our
method achieves superior detection accuracy of abandoned
objects on extensive real-world surveillance videos.

Fig. 8. Example of the robustness of our approach. The
four panels (clockwise) in each image are the original frame,
the foregroundness map, the current background estimate,
and the abandoness map overlaid with candidate abandoned
blobs. In the foregroundness map, a darker shade indicates
a lower foregroundness score, and the color illustrates if FC

(green) or FB (yellow) is lower. In the abandoness map, cyan
and green colors indicate the blob is rejected because of wa-
vering parts and low foregroundness, respectively. Note how
the “ghost” of shadow in the left image and the illumination
change in the middle image (highlighted by red ellipses) are
identified in those images and completely removed in the right
image. Also note all those standing and sitting persons, al-
though being there for a long while, are not mistakenly re-
garded as abandoned objects.
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