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ABSTRACT

Interactive multimedia display has attracted great attention in
recent years. However, most of the existing systems lack the
user-aware capability, i.e. blind to the viewer’s height and spa-
tial location in a real-world 3D space, and often fail to provide
a natural interaction. Therefore, in this work, we propose a
probabilistic framework for detecting the viewer, (i.e. human
heads) in depth images from a bird’s eye view camera. In com-
parison to the state-of-the-art approaches, the experimental
results demonstrated that the proposed framework can provide
higher detection rate but also real-time execution. Even a large
number of people are walking or standing together shoulder-
by-shoulder, the proposed probabilistic head detection scheme
is still able to give promising people detection capability.

Index Terms— head detection, 3D envelope, depth cam-
era, interactive display

1 Introduction
In recent years, electronic bulletin boards (EBBs) have been
widely used as information systems to deliver location-based
or human-centric information (e.g. flight departure time, lo-
cal weather forecast, and recent events) to people in public
spaces, such as train stations, airports, theme parks, and hos-
pitals, as shown in Figs. 1 (a) and (b). Most of the displayed
information along with its spatial layout on the screen is fixed
and determined by the content providers. In other words, the
current EBB systems are not user-adaptive and tend to cause
negative effect for providing a natural user interface (NUI).
For example, as shown in Fig. 1 (a), when a user comes close
to an EBB screen, she might find the position of the displayed
information is too low for her to view, and needs to stoop and
adjust hers eyes at the proper height. Similarly, if multiple
persons with different heights are viewing a same EBB screen
simultaneously (Fig. 1(b)), the information position could be
too high for a kid and too low for an adult. Therefore, the
development of an interactive multimedia displaying system
(Fig. 1 (c)), which is aware of the viewer’s height and spa-
tial location in a real-world 3D space so as to accordingly
present the information to the viewer for improving the user
experience in EBB applications, becomes an important task.

Fig. 1. Electronic bulletin boards (EBBs) are common in
modern cities: (a) the displayed information on the EBB screen
is below the viewer’s eye-level position, (b) multiple viewers
with different heights, and (c) the proposed concept of an
interactive multimedia displaying system.

To achieve the real-world 3D space analysis, many of the
people detection and tracking techniques have been proposed
in the computer vision literature. Most of the existing research
work [1], especially in video surveillance fields, place cameras
to observe the target 3D area from a side view, as illustrated in
Fig. 2 (a) and (b), with occlusion problems. Some researches
then choose to alleviate the above problem by placing the
camera from a bird’s eye view [2, 3], e.g. the “Candidate Bird’s
Eye View Camera” in Fig. 2(c). However, the foreground
merging issue (i.e. multiple foreground objects with similar
visual properties look like to become a single one) is still
challenging in color-based bird’s eye view approaches.

Inspired by the success of exploiting depth cameras (e.g.
Kinect cameras) to solve the traditional problems of people de-
tection and tracking [4, 5, 10], in this work, we propose a prob-
abilistic framework for detecting human heads in depth images
from a bird’s eye view camera, as detailed in Sect. 2. In com-
parison to the state-of-the-art approaches, such as [5, 6, 7, 8, 9],
the experimental results demonstrated that the proposed frame-
work can provide higher detection rate but also real-time ex-
ecution. The main contributions of our work are threefold :
(1)“people merging” issue handling, (2) precise localization
for human subjects with different heights, and (3) low com-
putational complexity for realtime applications. In addition, a



Fig. 2. The RGB-D images captured from (a) the “Candidate
Side View Camera 1” , (b) the “Candidate Side View Camera
2”, and (c) the “Candidate Bird’s Eye Eiew Camera”.

prototype is implemented: http://youtu.be/1tXKx0EbXIQ
The rest of this paper is organized as follows. In Sect. 2, the

head detection based on 3D envelope estimation from depth
images is presented. The experimental results are reported in
Sect. 3. Finally, the conclusions and future work are given in
Sect. 4.

2 3D Envelope Detection from Depth Images
In our task, the function of depth value in a given location
z(x, y) can be modeled as the received signal in the AM tech-
nique, motivated by communication fields, as shown in Fig. 3
(d). Because of the Kinect camera’s coded-structure-light
properties, the noisy fluctuations induced in the 3D representa-
tion of a depth image can be described by the carrier signals
cos(ω · x) and cos(ω · y) in x- and y-directions, respectively.
That is, the received signal z(x, y) can be modeled by the
product from the envelope signal R(x, y) and the linear com-
bination of the carrier signals, as shown by

z(x, y) = R(x, y) ·
∑
i

∑
j

wi,jcos(ωi · x)cos(ωj · y), (1)

where
∑

i

∑
j wi,jcos(ωi · x)cos(ωj · y) represents the linear

combination of the carrier signals (i.e., the sensor noises in-
duced by the RGB-D camera) in different frequencies, and
wi,j is the weighting factor of each basis cos(ωi ·x)cos(ωj ·y).
Given a depth signal z(x, y), once the linear combination can
be estimated, the 3D envelope R(x, y), i.e., the main shape of
the noisy 3D depth map can be obtained and used to locate the
the human subjects, i.e. local peaks in the 3D envelope.

2.1 Head Detection from the 3D Envelope

Given a 3D envelope, we calculate a head likelihood map
for locating the local peaks in an accumulated manner, i.e.
scanning the depth levels one at a time from top to the bottom.
One major advantage is that it is parameter-free (e.g. not
required to set pre-defined thresholds) and adaptive to the
input data, i.e. 3D envelopes.

As the initialization stage of this step, a head likelihood
map h(x, y) (the left image in Fig. 4 (a)) with the same size as
the original image is initialized as α = 0.5 (the value range of
α is [0, 1]), since we have no prior knowledge that whether an

Fig. 3. The obtained RGB-D data from a Kinect camera in the
bird’s eye view and its 3D representation: (a) color image, (b)
depth image, (c) the 3D representation of the depth image, and
(d) the green curve is a 1D signal, and the red dashed-curve
denote the envelope of the 1D signal.

envelope point belongs to a head or not. Given R(x, y) (the
3D envelope, i.e. the main shape of the noisy 3D depth map)
which is normalized to the range 0 to 255 at every position
(x, y), a scanning process from top to the bottom in different
depth levels (z) is used to obtain the foreground area. The
proposed binary foreground map fg(x, y) at depth level z is
determined by:

fg(x, y)=

{
1, if R(x, y) > z;
0, otherwise. (2)

Once the foreground map fg(x, y) obtained, the local maxi-
mum lmax at depth level z can be determined according to
the inner product from the 3D envelope R(x, y) to fg(x, y)
as:

lmax = max(∀x,y∈connected fg(x,y)R(x, y)·fg(x, y)), (3)

where connected fg(x, y) represents the foreground area with
connected component relationship (e.g., the white area of
depth scanning of Fig. 4 (a) ), and the position (x, y) with
3D envelope R(x, y) = lmax can be considered as the head
position candidate. That is, we will calculate a lmax value for
each connected foreground area. As shown in Fig. 4, from Fig.
4 (a) to Fig. 4 (d), if the depth value of an envelope point in
R(x, y) has a value larger than the scanned depth level, e.g.,
the scanned depth level is 220 (the flat surface) in the right
image of Fig. 4(a), this foreground map fg(x, y) is assigned
by 1, as shown by the white area in the Fig. 4(a).

As depicted by the the same figure, the proposed scanning
process starts to detect the head area of the taller person. Simi-
larly, in the right images of Fig. 4 (b) and (c), the depth values
R(x, y) larger than 200 and 170 are respectively detected as
the foreground area fg. Meanwhile, the heads and the shoul-
ders of both of the persons are respectively detected in the
top-down scanning process. During the scanning process, the
local maximum value lmax are calculated at different levels,



Fig. 4. Depth scanning process: (a) the top of the taller hu-
man subject scanned, (b) the top of the shorter human subject
scanned, (c) the two merged human subjects are separated, and
(d) the whole depth data scanned.

calculated by the points as the connected component relation-
ships in the same area. For example, in Fig. 4 (b), there are
two areas with individual local maximum values. On the other
hand, in Fig. 4 (a) and (c), because the foreground points
belong to the same area (the middle images) in connected
component relationship, only one local maximum value can
be obtained.

Therefore, the proposed head likelihood map is defined
by:

hz(x, y)=

hz+1(x, y)·λ+1·(1−λ),if R(x, y)= lmax andfg(x, y)=1;
hz+1(x, y), if R(x, y)6= lmax andfg(x, y)=1;
hz+1(x, y)·λ, if fg(x, y)= 0,

(4)
where hz+1 represents previous level of hz in the top-bottom
scanning process, λ is an updating factor and is set to 0.95,
fg(x, y) represents the foreground map, dynamically deter-
mined by the current z (depth) value from R(x, y), lmax
represents the local maximum value of a foreground area at
depth level z.

An example of the proposed depth scanning process is
shown from Fig. 4 (a) to Fig. 4 (d). The calculated head
likelihood hz(x, y) is shown by the left images. From top to
bottom, the points become whiter indicate that the positions
have higher likelihood to be determined as the head position.
Finally, after the whole scanning process, the head position is
determined by collecting the points (x, y) if hz(x, y) > Th.

3 Experimental Results
3.1 The prototype of the proposed EBB application

In the experiments, we implemented a prototype of the pro-
posed head detection from the 3D envelope in EBB applica-
tions. The camera is captured form the bird’s eye view, and
the camera setting in the environment is shown in Fig. 2 (c),
including the scene size, field of view, and valid head plane
for an adult user. The implemented prototype is shown in

Fig. 5. A prototype of the proposed EBB system: (a) the
bars with different colors on the screen represents the visual
information displaying to the human subject, and (b) the height
and position of the bars correspond to the actual height and
position of the detected human subjects.

Fig. 5 (a). According to the proposed method, the interactive
visual information showing to the human subject is shown by
the bars with different colors. The tiles bounded by the red
rectangle represent the depth camera field of view. The bars
with green color, blue color, and yellow color, represent each
individuals with different plane positions. In addition, the bar
position with the height displays the detected head position in
the 3D space of the scene. As shown in Fig. 5 (b), the height
information is shown on the top of the bars with the unit of
cm.

The prototype system in an art gallery can provide 7 fps
(frames per second) head detection results (20 minutes non-
stop testing, in average). On the other hand, according to the
data transmitting through sockets, the interactive visual dis-
playing system provides 60 fps rendering results. The above-
mentioned implementations are both operated on 3.4 GHz Intel
i7 four-core CPU, with 8 GB RAM.

3.2 Qualitative Results

In this paper, there are three different scenarios tested, in-
cluding: 1-to-4-people (347 frames) 8-people (100 frames),
Kid-and-Holding-Baby (30 frames). The representative people
detection results are shown in Fig. 6. In Fig. 6 (a), the results
of four people detection is shown from left to right: color im-
age, depth image (red cross shows the detected head position),
and the accumulated head likelihood calculated in this method.

In the experimental results, we detected from 1 person to
4 persons, including separated human regions and merged hu-
man regions. As shown in Fig. 6 (a), the foreground regions of
the four persons are very close to each other. In Fig. 6 (b), the
eight persons standing in the field of view to simulate the view-
ing behavior for a large screen (the player merging problem) .
The heads of the eight persons can be independently precisely
detected. In the side-view cameras (the camera setting in Fig.
2 (a) and (b)), the severe occlusion in Fig. 6 (a) and (b) would
cause the detection result with low detection rate.

In conventional color-based frame differencing method
[6, 7] without the proposed head likelihood, the similar hair
color and clothes would cause imperfect result. In Fig. 6
(c), there were four different persons, including one standing
person (about 1.7m in height) on the bottom, one kid (about
0.9m in height), and one female (about 1.7m in height) with a



Fig. 6. People detection accuracy from consecutive frames:
(a) frame 650 of 1-to-4-people detection, (b) frame 104 of 8-
people detection, and (c) frame 775 of Kid-and-Holding-Baby
detection.

holding baby (about 0.6m in height, hold by the female), all
can be correctly detected based on the proposed head likeli-
hood scheme. Therefore, the proposed method can tolerate the
human subject with different heights to be detected in the pro-
posed system. The demo video of the implemented prototype
can be obtained from: http://youtu.be/1tXKx0EbXIQ

3.3 Quantitative Results
The overall comparison results from our method to frame
differencing from color image [6, 7], and frame differencing
from depth image [5] methods for people detection are shown
in Fig. 7. The results are detected from the consecutive frames
for the different scenarios. In all the cases, the precision and
recall of our method are all above 90%.

The overall results of 8-persons (from frame 100-199) are
shown in Fig. 7 (b) and (c). The ground truth of the people’s
heights of different human subjects are blue bars in Fig. 7 (b),
and the height detected heights are the red bars shown in the
same figure. On the other hand, the height detection distortion
is shown in Fig. 7 (c). Finally, the estimation accuracy for
total 800 times of human subjects detected from the frames
are: average height accuracy: 98.72%, and average distortion
2.06 cm.

4 Conclusions and Future Work
In this paper, a probabilistic framework for detecting the
viewer, (i.e. human heads) in depth images from a bird’s eye
view camera is proposed. Comparing to the state-of-the-art
approaches, the proposed method can provide higher detec-
tion rate with real-time execution. In the experiments, even a
large number of walking or standing people contacting each
other shoulder-by-shoulder, the proposed probabilistic head
detection scheme in a 3D envelope from depth image still can
provide outstanding people detection capability.
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