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in the video appearing per second) from the video it will
require much less bandwidth than a video. Though the same
information can also be sent by the human being but it is often
exaggerated or undermined depending on the viewers’
perspective. Moreover, it is difficult to assess the number of
people passing through a point per second. While determining
it by using a mobile camera application is easy. This work can
be applied to the CCTV videos which capture a scene having
background in motion for example the swinging bridges.

Abstract
The Gaussian Mixture Model has been widely used to detect
foreground in the rapidly changing environment but it fails in
low light condition and deteriorates when the background is
rapidly changing and it cannot be applied to the video
captured by handheld until the frames are stabilized. The
proposed work is focused on group detection and people
counting in videos where the camera is handheld. We utilize
the motion information for each pixel between current and
previous frames to prepare a confidence matrix to correctly
model background distribution. This work excludes the
current distribution of the pixel if the match occurs; in case
the pixel is foreground in confidence matrix, reducing the
chance of false positive inclusion in background model
estimation, and detects around 90% of the foreground pixels.
Moreover, the height, width, area of the bounding box of the
blobs detected and foreground pixel density are used to
distinguish individual and groups, and people counting.

Most of the works for people counting are focused on
segmenting foreground from the video captured by the
stationary camera. But it becomes more difficult if the camera
itself is moving. Further, the detection system performance
deteriorates if the motion of the camera is not steady. Now,
two different kinds of motions are possible: one of the
foreground object and other of the whole scene due to camera
motion. These motions are jittery in nature. To extract the
foreground from the video captured by moving camera, the
motion compensation can be used.

Keyword: Crowd density, Gaussian Mixture Model,
monitoring, motion vector and people counting.

This paper proposes an algorithm to determine the crowd size
using the mobile camera captured video. So this can be
utilized to develop a mobile application. The video captured
by handheld (mobile camera or Handycam) is very jittery, and
motion is not constant in comparison to the video obtained by
wall mounted CCTV. The background information for every
pixel is not valid. Some of the CCTV camera moves, e.g.
fisheye camera have a background in motion, but the constant
(the same frame is repeated over a time period) that makes
background detection easier by just storing a separate
background model for each frame position. So the
requirement is to include the motion information of the
background and foreground both. The motion of background
includes several new pixels with no background data and
excludes some of the pixels at the border. The background
information in such cases, about the new pixels, is learned
over a few frames.

INTRODUCTION
The population growth and migration have led to increasing
the traffic on already choked streets, malls, markets, religious
places etc., affecting our well-being and comfort in these
places and often the overcrowding results into mishaps as
happened in Allahabad Kumbh Mela 2013[1] and in Love
parade in 2010[2]. It is necessary to monitor the crowd density
(i.e. individuals and groups), if the density of crowd is
increasing then one take appropriate action. Having the
information about the areas where Close Circuit Tele Vision
(CCTV) camera is not installed, would further fill loopholes
and strengthen security. The officials monitoring crowd only
rely on their personnel deployed watching the place. They
don’t rely on the information from common people as this
may be misleading. Providing video of the scene and then
measuring the situation is reliable even by a common man.
The crowd size estimated by the camera can be forwarded to
the base stations, where authorities can decide to take proper
action e.g. if a person captures the video of a location and
forwards the information extracted (such as the place where it
captured, the camera, the resolution and the number of people

The algorithm works in two stages first it determines
foreground mask and then detects and counts people based on
the parameters of the bounding box(BB). The first stage leads
in two parallel streams. In the first stream, a confidence
matrix is prepared using corner detection and motion
compensation, and in second, the Gaussian Mixture Model
(GMM) is used to determine the foreground mask. The

1798

International Journal of Applied Engineering Research ISSN 0973-4562 Volume 12, Number 8 (2017) pp. 1798-1806
© Research India Publications. http://www.ripublication.com
feedback from confidence matrix in the form of foreground
mask is used for background model estimation of GMM. In
the second stage, the foreground is detected and the width,
height and foreground pixel density of the BB are used to
detect groups and count the number of people in the scene.
The proposed work restricts itself to the small motion of
camera in comparison to the foreground objects.

foreground pixels. The repositioning of the background pixels
in the scene will nullify the learned model for each pixel if
motion compensation is not done.
Foresti et al [11] proposed a moving camera surveillance
system. They used background compensation to detect
moving object in the scene with a mounted camera having
steady motion in comparison to the mobile camera. Sheikh et
al [12] proposed background modeling by single probability
density function. The foreground is detected by using previous
detection information of the object and the background model.
This model is capable of handling the nominal motion of
camera due to strong wind, the ground trembling and also the
cyclic motion of the camera. Though there is the motion of
both background and foreground but the scene doesn’t change
as in the case of the mobile camera. Szolgey et al [13]
proposed a foreground detection approach using a wearable
camera, which produces a video with abrupt motion. They use
motion compensation using kernel matching on a reduced
image plane. Valestin et al [14] used a reference image with
only background data to classify pixels belonging to either
foreground as people or background (i.e. nobody) and
established a functional relationship between people count and
pixel count representing them manually for the measurement
of crowd density. Ma et al [15] used background removal and
derive a linear relation between the number of pixels and
number of persons by applying the geometric correction. In
their work, they make an assumption that the number of
foreground pixels is proportional to the number of people,
which can cause a serious error if people occluding each
other. The relationship between the feature histograms and the
number of the pedestrian is learned from labeled training data.
Chen et al[16] use a two-stage segmentation technique. First,
the shadow and background are eliminated from the current
frame by taking the difference from previous frames and then
the BBs are used to determine the number of people and the
direction. They use three thresholds number of pixel per
person(TSP), the width of a BB(TW) and height of the
BB(TH). If the number of pixels an object occupying is less
than TSP, then this object is not counted and hence, removed
from calculations. Objects with more pixels than the TSP are
assumed as representing one or more objects and then these
objects’ BB are divided into equal size boxes and then again
compared. If the number of pixels is more than 150% of the
number of pixel per person then this BB is divided into two
sub-regions else it is assumed as one object.

RELATED CONCEPTS
The most popular background model is GMM [3], which
updates the background information for every new frame
recursively using k-means approximation. The background
information over a number of frames is included with a
learning rate 𝛼 which varies in the range from 0 to 1. It is kept
very small and fixed for experiments. Lee et al[4] proposed a
different strategy to detect the foreground. They divided the
segmentation in to two approaches. In the first approach, they
estimate the distribution of all observations, as a Gaussian
mixture and then to estimate the probability with which each
Gaussian distribution in the mixture is part of the background.
Though, the problem of selecting a particular value for
learning rate and background segmentation remain unsolved.
Prati and Andrea [5] used background modeling and motion
segmentation for surveillance. They use k (generally 3 to 5)
Gaussian distribution to include variations in the lighting
condition of the background and describe the change in
illumination of the scene.
In [6] Zivkovic uses a different strategy to adapt changes in
light by adding new samples and excluding the older ones.
They use a fixed learning rate 𝛼 to limit the influence of the
old data. Moreover, this method uses a more heuristic
thresholds featured by the others, leading to slow
convergence. Lee et al [7] used a recursive filter for training
the mixture and introduced a new variable learning rate for
each components of the mixture. Though, the computational
complexity of the newer approach was still high as more
variables needed to be set for each frame in for computation.
Bouwmans et al [8] published a survey on GMM background
estimation methods and compared the original GMM with its
derivatives. Gorur et al [9] devised a window weight scheme
to update the background model, which was suitable to
hardware implementation and reduce time complexity. The
Expectation-Maximization method used to update GMMs
may converge to local maxima, if the main mode stretches.
Thus over dominating weaker sections, results in decline of
proper detection. Evangelio et al[10] proposed splitting of
Gaussians into GMM to solve this problem, by avoiding over
dominating modes through an updated formula for calculating
the weight function. They show an improvement over the
adaptive GMM background subtraction proposed by
Zivkovic[6]. Though, the low light condition and motion of
foreground and background pixels still affects the accurate
background model estimation and thus the selection of

Jung et al [17] used a camera on the robot to detect moving
objects in the scene. They use feature sets to detect the motion
in two frames and compensated the current frame accordingly.
The locations of the human in the scene are detected by
Expectation-Maximization (EM) algorithm with adaptive
particle filter. The similar approach used by Jung et al [18],
for human-robot interaction system. They used motion
compensation and disparity segmentation for this purpose.
Szolgay et al [13] proposed a more robust method to segment
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the foreground using a wearable camera, that have abrupt
changes in motion than the wall mounted moving camera.
They use hierarchical block matching with some basic
techniques for motion compensation to reduce the motion
blur, which performs better in comparison to the pixel based
methods. Though, they reduce the number of pixels in the
image plane to apply kernel based estimators, in order to
decrease the computational complexity. But it remains
computationally expensive in comparison to our proposed
method of selecting a single motion vector for all the pixels,
from a set of motion vectors in matched corner points in the
pair of frames. But our method cannot perform better if used
independently from GMM.

PROPOSED WORK
The proposed algorithm starts with extracting frames from a
video captured by handheld and produces the count of people
in the current frame. Figure 1 shows the Foreground
Detection Model.
It works in two stages. In the first stage the foreground mask
is determined using the motion compensation and GMM and
in the second stage, the foreground mask is used to detect the
foreground pixels and count the people present using the BB
information. The first stage works in two parallel streams first
are based on motion compensation to generate a confidence
matrix, and in the second stream, the GMM generates a
mixture of Gaussians for each pixel. The background model is
created by GMM, with the feedback of confidence matrix for
the current frame. In the second stage, the final foreground
mask produced by the first stage is used to detect the
foreground in the current frame and mark the foreground area
by a BB. The BB is further considered to detect individual and
groups in the frame, and finally, produce the total number of
people in the frame.

Rosten et al [19] proposed a new corner detection method
named a feature from accelerated segment test and show the
effectiveness of this method in establishing a correspondence
between two consecutive frames of a video for tracking the
foreground objects. They prove the effectiveness of the corner
matching. In our work, we have used the FAST feature to
establish a correspondence between two frames, and
reposition the background model for the pixels in the current
frame.

Figure 1. Foreground Detection Model
The detection of the foreground is based on the GMM, which
has the capability to include all the major changes in the
background distribution, for example: change in illumination,
shades, reflection and objects occlusion over each other. This
strength becomes a weakness in absence of high-quality video
or in low light. The GMM computes Gaussian distribution

over each pixel and then matches with the previous
distributions of the background available. On matching, it
updates the model by including the new distribution and
otherwise denoting it as a foreground pixel. The idea behind
the proposed work is to have a confidence over the selection
of distributions as background.
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Frame Ft

Figure 2. Current frame of escalator dataset

Figure 3. Foreground detected by GMM
Figure 2 shows the current frame ft and Figure 3 shows the
foreground detected by GMM. Many of the foreground pixels
in Figure 3 shown by a red marker which belongs to the
people moving on escalator are not being detected as
foreground, though, only a portion marked as a BB. Under the

marked area, the foreground pixels are confused with the
background as at these positions the reflection of light, the
shadow of people are changing rapidly and so being included
in the background model with GMM.
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matched corner points in current and previous frame
matchedpts current
matchedpts previous

Figure 4. Matched corner points

Detection and tracking of the corners in the consecutive
frames and preparing a foreground/ background mask can be
done through the following process-

Motion Compensation
The video captures by people directly using handheld need to
be stabilized and for that purpose, the correspondence
between important points of the two frames needs to be
calculated. This has been done by first detecting FAST
features and then matching these features and finally warping
by transforming the new frame over old one. The
transformation factor is calculated by using the
correspondence between matched points. Figure 4 showing
the matched corner points in the two frames under
consideration, ft, and ft-1.

The video captured by handheld is shaky and there is a small
difference in all the frames whether some object is moving or
not, though some objects in the scene might be moving in any
direction. This produces a difference in the frames ft and ft-1
of background and foregrounds both. The background shows
the small difference and foreground shows larger if the
foreground is not moving in the opposite direction of
background. The motion vector (displacement) Di, produced
by matching the FAST feature in the frames is small for
background in comparison to the foreground.

6

Figure 5 shows the motion vector between corner points in
terms of displacements, in the two frames ft and ft-1. It shows
a large number of displacements is around the smaller values
of dx(i) and dy(i) produced by matching corner points in the
two frames.

displacement

5
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(1)

𝑑𝑦 (𝑖) = 𝑦𝑓𝑡 (𝑖) − 𝑦𝑓𝑡−1 (𝑖)

(2)

Where dx(i) and dy(i) are the displacements between the
matched corner points in frame ft and ft – 1. A cluster of smaller
displacements produces the motion vector for background
movement. We use the mean of this cluster as minimum
displacement of frame, 𝛾𝑚 , to compensate frame
𝑓t−1 over 𝑓𝑡 .The transformation produces a new frame 𝑓𝑡 ′ .

1

-2

𝑑𝑥 (𝑖) = 𝑥𝑓𝑡 (𝑖) − 𝑥𝑓𝑡−1 (𝑖)

3

dx(i)

𝑓𝑡 ′ = 𝛾𝑚 + 𝑓t−1
∀ 𝛾𝑚 = [ τx τy ]

Figure 5. Motion vector for corresponding corner points

τx and τy are displacements in x and y directions.
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with the previous values. If the matching is found with great
observation and less variance, then the pixel is assumed as
background otherwise foreground. The probability of
observing a given pixel value Xt at time t is estimated as:
𝑘

P(𝑋𝑡 ) = ∑𝑖=1(ωi,t ∗ 𝜂 (𝑋𝑡 , 𝜇𝑖,𝑡 , Σ𝑖,𝑡 ) )

(5)

Where k is the number of distributions, 𝜂 (𝑋𝑡 , 𝜇𝑖,𝑡 , Σ𝑖,𝑡 ) is a
normal density of mean μi,t, and Σ𝑖,𝑡 , is the covariance matrix
of ith Gaussian. The components are sorted according to their
relevance and background model contains first B components
which have a minimum threshold in weight such that

Figure 6.Compensated frame ft′ .

B= 𝑎𝑟𝑔 𝑚𝑖𝑛 𝑘 (∑𝐵𝑘=1 𝜔𝑘 > 𝑇)

(6)

Where B<= K and T is predefined threshold indicating the
minimum portion of the data that should be assumed to be
background. For the background pixels the observation is
strong while the variants are low and for the object pixels that
occlude the background, the distribution will not match to the
existing distributions, which will result either in the creation
of the new Gaussian or the increase in the variance of an
existing distribution. The variance of the moving object is
expected to remain larger than a background pixel until the
moving object stops. To model this, a method is used to
decide which portion of the mixture model represents the
background process best. For this purpose, the distributions
are ordered on the ratio of evidence and the variance. Here the
most probable background distribution remains at the top and
the order. The lower order models are updated or replaced.

Figure 6 shows the newly generated frame ft’ by transforming
𝑓t−1 with the translation vector 𝛾𝑚 .

Figure 7. Foreground mask by compensation and difference

The frame difference after compensation is used further to
generate foreground mask in Figure 7.
ψ𝑓 = [ 𝑓𝑡 ′ ~ 𝑓𝑡 ]
𝑡

(4)

The foreground mask is created by the following steps to
classify pixels—
i.
Create a reference frame of the same size
ii.
Initialize it with zeros (Background)
iii.
If any pixel in the second frame shows motion, mark
the pixels as foreground
else mark them as background

Figure 8. Foreground mask for frame f t using GMM
The recent history of each pixel {x1, x2…..xt} is modeled by a
mixture of k-Gaussians. The probability of observing the
distribution of recently observed values of each pixel in the
scene is characterized by a mixture of Gaussians. Every new
pixel value is checked against the existing k- Gaussians until a
match is found. If none of the k-distributions matched with
the current value, the least probable distribution is replaced
with a distribution with the current value as a mean value, an
initially high variance, and low weight. Then the weights 𝜔𝑘,𝑡
of k distributions at time t are adjusted as-

Gaussian Mixture Model
GMM is a good model to detect the foreground in the highly
changing environment, it provides more measures to clearly
distinguish the change in illumination level by reflection,
shadow and object motion. The proposed algorithm is based
on the work of Zivkovic (2004) and Stauffer (1999) for
generating the GMMs for each pixel of the frame and
matching the distribution of the pixel of the current frame
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(1 − 𝛼). 𝜔𝑘,𝑡−1 + 𝛼 . 𝑚𝑘,𝑡 , ∀ ψ𝑖,𝑗,𝑓 = 0
𝑡
𝜔𝑘,𝑡 = {
𝜔𝑘,𝑡 ,
∀ ψ𝑖,𝑗,𝑓 = 1

(7)

𝑡

Where α is the learning rate and mk,t is 1for the model which
matched and 0 for the remaining models, ψ𝑖,𝑗,𝑓 is the
𝑡

confidence value of the pixel (i,j) in the foreground mask after
motion compensation. After this approximation the, weights
are normalized. Mean and variance for unmatched distribution
remain same. The parameter for the distribution which
matches the new observation and have confidence value 0 for
the pixel, are updated as follows-

𝜇𝑡 = (1 − 𝜌)𝜇t−1 + ρ X t
2
𝜎𝑡2 = (1 − 𝜌)𝜎𝑡−1
+ 𝜌 ( 𝑋𝑡 − 𝜇𝑡 )𝑇 ( 𝑋𝑡 − 𝜇𝑡 )

Figure 9. Foreground mask for frame ft generated by
proposed work

(8)
(9)

EXPERIMENT AND ANALYSIS
Where 𝜌 = 𝛼 𝜂(𝑋𝑘 |𝜇𝑘 , 𝛼𝑘 )

The model works on a video of the escalator in a mall,
captured by the mobile camera. The resolution of the camera
is 720p. Frame interval of 10 (this frame interval was chosen
to minimize the chances that consecutive images have the
same people at the same location). By measuring the motion
vector over every pair of the frames and then compensating
the current frame stabilizes the video. The corner detection
approach has been used to determine a motion vector. Among
all the motion vectors available, the number of the motion
vector for the background is much more than the number of
motion vectors for the foreground, concentrated in the lower
region and almost all have same values. Using this motion
vector for compensating all the pixels places the background
pixels in the frame ft-1 corresponding to the position in ft. This
stabilized frame is then processed against the current frame to
generate the confidence matrix which is serving as foreground
mask. This makes our method of foreground segmentation
faster in comparison to the works of Szolgay et al. Our model
does not compare kernel in the search region as in the case of
block matching, which is very costly computationally, and
this foreground information is used as feedback to correct the
GMM.

All the pixels in foreground mask, ᴪft, which are marked as
foreground, i.e. ψ𝑖,𝑗,𝑓 = 1 in the corner matching process,
𝑡

they are not included as background distribution in GMM.
The values τx and τy are the number of columns and rows
the frame moved and the same number of columns and rows
are added to the frame in opposite direction and for these new
pixels the, GMM is applied from initial phase. Figure 8 show
the foreground mask generated by using GMM for the current
frame and Figure 9 depicting the foreground mask generated
by our approach for the same frame. In our method, almost
90% of the foreground objects are detected.

Foreground Detection and People Counting
The foreground mask generated by the modified GMM in the
second stage, as shown in Fig. 9, is now used to detect the
foreground pixels in the current frame, and the x, y
coordinates of the pixels connected together are used to detect
the BB around the foreground regions. Then width and height
of the BB and ratio of foreground/background pixels in the
BB are used to count the number of people in the current
frame. The method proposed by Chen et al (2012), is used
determine the number of people in each BB. Thus the output
is the total number of people and groups in the scene. It starts
determining the height Hi, width Wi of the BB and the
number of foreground/background pixels (NFi, NBi in each
box). Reject the BB that have very less foreground pixel in
comparison to TSP and divide the BB that have 1.5 times
TH/TW. Each part again compared with 3 thresholds till they
completely accepted or rejected. Finally, the count of BB
gives a number of people in the scene.

There are some people at the top of escalators that have not
been detected in Figure 2. This happens because of the
inclusion of some false positives in the Gaussian mixture. The
information from confidence matrix prepared by motion
compensation is used in updating GMM background model,
thus avoiding false inclusion of the wrong background
distribution. This modified GMM is now used to generate
foreground mask which is used with the current frame to
detect the foreground objects. The Gaussian distribution of
each pixel is matched with a mixture of k Gaussians; a match
is defined as a pixel value within 2.5 standard deviations of a
distribution. The learning rate 𝛼 is kept 0.05. The foreground
mask in Figure 9 shows the result of our method, where more
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number of pixels are detected as foreground in comparison to
the GMM mask in Figure 8 based on Zivkovik (2004).

Our approach detects around 90% of the people in the crowd
as shown in Figure 10 and marks the group with the same
accuracy. It produces a more accurate foreground mask in
comparison to the method proposed by Zivkovik (2004) when
applied to the video captured by the mobile camera.
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