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ABSTRACT

Real-time accurate crowd counting is one of important tasks
in intelligent visual surveillance systems. Most previous
works can only count passing people robustly without heavy
occlusions which are very common in the practical surveil-
lance scenes. To solve this difficult problem, we propose a
new method for crowd counting for RGB-D (RGB plus depth)
data using a commodity depth camera. In our method, we
first detect each head-shoulder of the passing or still person
in the surveillance region with fast template matching based
on depth information including pedestrian filling with convex
hull segmentation. Then, we track and count each detected
head-shoulder based on RGB information bidirectionally. By
using this approach, we have built a practical system for ro-
bust and fast crowd counting. Extensive experimental results
show that our method achieves significant improvement com-
paring to states-of-the-art approach, and the built system is
not only robust to heavy occlusions, but also can be deployed
in the real time crowd counting application scenes.

Index Terms— Surveillance, crowd counting, people
counting, RGB-D data, real time system

1. INTRODUCTION

Reliable and real-time crowd counting is a critical task in in-
telligent visual surveillance. It is the foundation for so many
typical vision based applications. For example, knowing the
crowd density in public places can help managers identify un-
safe situations and regulate traffic appropriately. As another
example, the public museum can control the number of people
entering according to the real-time people flow information.
Although it is so important, robust crowd counting in complex
environments is still far from being completely solved.
Recently, the computer vision based methods are wide-
ly used to crowd counting or people counting [1, 2, 3, 4, 5].
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Fig. 1. Typical scenes with heavy occlusions we addressed
for crowd counting in this paper. Current methods are not
very robust to these complex scenes.

Crowd counting can be also seen as people counting in the
complex scenes with heavy occlusions (see Fig. 1). The au-
thors of [1] proposed a method for estimating the crowd, but
they can not accurately count the number of current flow. The
authors of [2, 3, 4, 5] can count people well in the simple
environments. However, they will inevitably be affected by
the unpredictable complicated environments with heavy oc-
clusions such as in Fig. 1. In this paper, we propose a new
scheme to overcome this difficult but very important prob-
lem for crowd counting. We implement our approach main-
ly based on depth information from a cheap depth camera
(such as Kinect). To our knowledge, it is rare to use depth
data for counting people by co-processing the captured real-
time stream of passing people both in color and depth for-
mat. In our presented approach, we first remove the back-
ground for better crowd counting. Then we use a normal-
ized correlation based template matching method to help for
finding the pedestrian locations. Third, we propose a new
scheme for choosing the convex hull segmentation point for
getting each independent pedestrian. Finally, we can detect
the head-shoulder for crowd counting bidirectionally in re-
al time. Moreover, our method is not only for detecting and
counting the moving person, but also for still person. The
experiment results show the effectiveness of our approach.

The remainder of this paper is organized as follows: In
Section 2, the proposed method is presented in detail. Experi-
mental results and analysis are described in Section 3. Finally,
Section 4 concludes the work.
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Fig. 2. Illumination of our algorithm. (a) origin color image.
(b) origin depth image. (c) background removal result. (d)
model for matching. (e) matching result. (f) pedestrian filling
and convex hull detection. (g) top head point detection. (h)
final head-shoulder detection result.

2. OUR ALGORITHM FOR CROWD COUNTING

In this section, we introduce our algorithm in detail in the fol-
lowing four fields: background removal, template matching,
pedestrian filling with convex hull segmentation and head-
shoulder based detection for final crowd counting. The sum-
mary of our algorithm is listed at the end of the section.

2.1. Background Removal

In order to remove the effect of floor for pedestrian segmen-
tation and speed up the template matching in the following
phase, we need to remove the background first in our algo-
rithm. We traverse the depth data of pixel in each row to get
the maximum value H and minimum value L. The final depth
value of each pixel can be computed as follows:

depth_new — { depth_old if depth-old > L+ a(H — L)
0 else

6]

where a represents for the scale factor in a specific scene.

Experientially, we set a to 105 in our experiment. In this way,

we can remove most of background effectively(especially for

the floor, as seen in Fig. 2(c)).

2.2. Normalized Correlation Based Template Matching

In our algorithm, we use the correlation based template
matching method to locate the best fit point. The details of
the choice for template model (see Fig. 2(d)) will be stated
in the experiment section (see Fig. 5). Motivated by [6], we
employ the normalized scheme in our template matching for
reducing the effect of the light changes between the template
and image. The method is as follows:
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Fig. 3. Segmentation point chosen condition for convex hul-
1 segmentation. (a) original segmentation result from filling
image. (b) minimum convex polygon detection result. (c)
segmentation point detection result. (d) final result.

where I means the input image, 7" means the template and R
means the result. T'(z',y’) and I(z + o',y + ') are repre-
sented as follows:
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where w, h means the weight and height of the input image.
The matching result can be seen in Fig. 2(e).

2.3. Pedestrian Filling with Convex Hull Segmentation

When we obtain the best fit point in each pedestrian, we fill
the pedestrian in depth image. Our scheme is filling the adja-
cent point when its depth is less than a beforehand threshold
o until the condition is not fit.

When the occlusion is heavy, the closed people will be
recognized as only one person (see Fig. 3(a)). To overcome
this problem, we bring the convex hull segmentation method
in our algorithm. As seen in Fig. 3(b), we can easily obtain
the minimum convex polygon. Then, as seen in Fig. 3(c),
we find out the start point and end point (the yellow labeled)
and the depth point (the blue labeled). To get the convex hull
segmentation point, we propose a new scheme as follows:

|start.x—minz| < forend.x—min x| <
|start.x—end.x|>n

strat.y <depth_p.yorend.y <depth_p.y
|strat.y — end.y/strat.x—end.z| < €

condition :

5)
where depth_p are the candidate points for segmentation.
min z means the minimum value for x of the enclosing rect-
angle. (3, 7, and ¢ are thresholds. In this way, we can obtain
the final red point (see Fig. 3(c)) for segmentation, and the
final segmentation result can be seen in Fig. 3(d).

2.4. Head-Shoulder Detection, Tracking and Counting

As seen in Fig. 2(f), we have fill each pedestrian. We can
find out the top head point easily, such as in Fig. 2(g)(the
white point). Then, we can detect the head-shoulder as in
Fig. 2(h) by setting a square with 20%20 scale (our experiment



Algorithm 1 The proposed algorithm for crowd counting
Initialization: In = 0, Out =0
-Remove the background according to Eq. (1).
-Locate the best fit point using the template matching
method between Eq. (2) and Eq. (4).
-Fill each pedestrian in colour and select the fit convex hull
segmentation point according to Eq. (5).
-Detect, track and count the crowded people bidirectionally
based on above steps.
Result Output: In, Out

Fig. 4. Results of pedestrian filling with convex hull segmen-
tation according to our proposed condition in Eq. (5).

shows this scale is fit for most scenes). If we can detect each
pedestrian right in the crowded scene, the following tracking
and counting is an easy task. Because of the space limit, we
don’t introduce in detail here. In the experiment, we will give
our final results.

3. EXPERIMENTAL RESULTS

In this paper, we propose a new way for crowd counting using
the RGB-D information. In order to demonstrate that our p-
resented scheme is effective, we test our method in extensive
different fields in the following place.

First, we evaluate the performance of convex hull segmen-
tation and template choice for the final result in our proposed
algorithm. The threshold value « is set to 4 in our experimen-
t. Meanwhile, we set 3, 7, and ¢ in our experiment to 3, 15
and 0.8, respectively. As seen in Fig. 4, we can find that the
convex hull segmentation results are right all time.

Second, we show the choice of our matching model in
detail. We adopt the statistical strategy in our method. We
synthetically consider the shape and scale of the model. We
have tested the models with 10 different shapes and 5 differ-
ent scales(In Fig. 5, we show the typical models). In our
experiment, we find that the scale will slightly affect the per-
formance. In Fig. 5, we show 4 models with different scales:
10 x 10, 14 x 14, 20 x 20, and 30 x 30. We find that 20 x 20
is the best(with red rectangle). Then, we compare the models
with different shapes (see Fig. 5) in our algorithm. The visu-
al illustration (top of Fig. 5) and running time table (bottom
of Fig. 5) both demonstrate that they are very similar for the
performance of the final crowd counting in our experiment.
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Fig. 5. Statistical comparison on different models with visual
results and mean processing speed for crowd counting. We
show three typical models here. Considering the results are
similar and processing speed reduction with multiple models
meantime, we only use the first model in our experiment.

So we choose the model with green ring in our experiment.

Then, we demonstrate our presented method by compar-
ing it to well-known states-of-the-art algorithm [7, 8]. Part
based model method [7] is one of the best algorithms for
pedestrian detection. Skeleton tracking method [8] which
based on [9] is effective in the general environments. Con-
sidering the space, we only compare the approaches in typ-
ical office scene and building corridor scene. Note that we
focus on the comparison of counting accuracy and counting
speed directly between the different approaches. More collo-
quially, we don’t care the specific technologies used in these
approaches. As seen in Fig. 6, our algorithm is more robust
than [7] and [8] for crowd detection. In the following, we
compare them both on accuracy and speed of crowd counting
in these two scenes respectively. As seen in Fig. 7, our ap-
proach and skeleton tracking based method [8] has the close
result when the crowd is not very heavy. They are both better
than skeleton tracking method [8]. But when the crowd is
heavy, our approach is more effective. Then, we evaluate the
processing speed for these three algorithms. As seen in Fig.
8, we find that our method and the method of [8] both run
fast than the method of [7].

Finally, we estimate our algorithm in different complex
scenes in our daily life. We select five typical scenes: Of-
fice, Subway Entrance, Escalator Export, Building Export and
Building Corridor. These scenes are common in our life, and
their need for intelligent surveillance is urgent. Based on our
presented method, we have developed a practical system fac-
ing the crowd scenes such as these five scenes. The sample
results can be seen in Fig. 9. Table 1 shows the accuracy and
speed of our algorithm in these five different scenes. In this
paper, we focus on monitoring the close range but crowded
regions (such as indoor scenes, escalator export, etc). So al-
though the sensing range of depth camera is restrained, it is
enough for our surveillance purpose.



Office Building corridor

Table 1. Test for accuracy and speed of our algorithm for crowd counting
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Fig. 6. Comparison on crowd detection precision with two
state-of-art algorithms in office scene (left) and building cor-
ridor scene (right).
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Fig. 7. Comparison on crowd counting precision with two
state-of-art algorithms in office scene (left) and building cor-
ridor scene (right).
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Fig. 8. Comparison on crowd counting speed with two state-
of-art algorithms in office scene (left) and building corridor
scene (right).

4. CONCLUSIONS

In this paper, we propose a new scheme using the RGB-D
information for crowd counting. We evaluate our algorithm
comparing to the states-of-the-art approach, and the experi-
mental results are convincing. Based on this approach, we
have built a practical system for crowd counting. The ob-
tained results demonstrate the effectiveness of our approach.
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