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advertising due to limited accuracy (with errors up to meters)
and not offering orientation information [1].

Abstract—Indoor positioning techniques for pedestrians are
the keys to the location-based services (LBSs) for human beings.
Accuracy, overhead and ease of use are most noteworthy to
evaluate an indoor positioning system. In this paper we present a
novel indoor positioning system that integrates widely distributed
low-resolution surveillance cameras and smartphone inertial
sensors, which are perfect devices to build a system with low cost
and high ease of use. Our proposed system receives video sequence
from the surveillance camera and locates the pedestrians in the
video view. The target pedestrian is recognized out of the crowd by
matching the features from its smartphone inertial sensors with
the pedestrian features extracted from the video sequence. We also
apply a CNN-based visual object tracking algorithm to handle the
situation that the target pedestrian is partly blocked in the video
sequence. Our experimental results show that high positioning
accuracy (at centimeter level) can be achieved. We also compare
the other aspects of our technique against the state-of-art indoor
positioning techniques, and show its superiority in many aspects.

Smartphone Pedestrian Dead Reckoning (PDR) approaches
do not need extra equipment. They use the inertial sensors in the
smartphone to collect acceleration and orientation data, and then
calculate the relative displacement information by a second
integral of acceleration. As long as the initial position is
specified, current earth-coordinate position can be reckoned.
However, errors accumulate over time and increase rapidly, and
the system relies on a proper technique to set initial position [2].
PDR systems are cheap and easy to use, but the accuracy is not
guaranteed.
Visible Light Communication (VLC)-based systems utilize
smartphone cameras and additional modulated LEDs [3], [4],
[5]. Take Luxapose [5] as an example, smartphones take pictures
of several LEDs and calculate the relative position of the
smartphones with respect to the LEDs. Because of the straight
propagation characteristic of visible light, the errors can be
significantly reduced. But such system is not easy to use because
the users have to hold the phone and take pictures of the LEDs
at the ceiling or up on the wall. Another problem is that, the
system needs densely distributed modified LEDs, which may
lead to high cost and is not suitable for all buildings. Therefore,
VLC-based systems are usually difficult to use and have high
overhead.
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I.

INTRODUCTION

With the rapid development of internet and mobile devices,
location based services (LBSs), especially the indoor navigation
service, attract more and more attention. For example, in large
buildings like malls and hospitals, navigation service is required
for a guest to find the destinations of interest. Besides, the
retailers in the mall may want to send online ads to the potential
customers nearby. Despite the strong demand for LBS, indoor
positioning remains a grand challenge and active research are
desired to find an accurate, yet cheap and easy-to-use solution.
In an indoor environment, due to signal shielding effect by the
buildings, positioning techniques using global navigation
satellite systems (GNSS) like GPS show very bad performance,
thus various techniques have been developed for indoor
positioning. Accuracy, overhead and ease of use are three
important concerns for indoor positioning techniques.

Motivated by the VLC-based system, we realize that visual
light is a promising media for signal transmission in LBS
because of its high theoretical accuracy at the physical level.
Considering ease of use, additional equipment for indoor
positioning should be minimized, thus for most cases,
smartphone is the best choice for positioning service, also the
already existed surveillance cameras can be used for the visual
light positioning. In this work, we propose an accurate, cheap
and easy-to-use indoor positioning system based on surveillance
cameras and smartphone. Our system uses surveillance cameras
to collect video stream and then extracts the positioning
information of pedestrians from the video. The sight line of
camera is straight thus the positioning error can be reduced to
decimeter level. Further, inertial sensors in PDR is applied in our
system to collect the gait features of the users who need the
positioning services, and to ensure a user-friendly solution.
Surveillance cameras are already available and widely
distributed in most of the buildings, also smartphones are widely

Radio Frequency (RF)-based approaches have been widely
used for indoor positioning. Wi-Fi-fingerprinting method takes
full advantage of the already existing Wi-Fi routers. BLE and
iBeacon positioning systems require additional Bluetooth
equipment to achieve enough beacon density. Although RFbased systems are easy to set up and use, they have limited usage
for many applications like retail navigation and shelf-level
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used by pedestrians, so the overhead is very low. Unlike
fingerprinting-based methods which demand frequently
calibration, the surveillance cameras in our system only need to
be calibrated once. Finally, to prevent the error or failure caused
by obstructions before the pedestrians, we propose an object
tracking algorithm using Convolutional Neural Network (CNN),
which can track partly blocked or temporally completely
blocked pedestrians.

C. Inertial Sensors in Smartphones
Smartphone built-in sensors have attracted great attention in
indoor positioning research. In most cases, smartphone sensors
are Micro-Electro-Mechanical Systems (MEMS) including
accelerometers and magnetometers which deliver motion data.
Accelerometers output accelerated speeds along the three axes
of a three-dimensional cubic coordinate system, which can be
integrated to estimate relative displacement in PDR algorithms
[2]. But the integral of accelerated velocity show big error.
Magnetometer detects the direction of the geomagnetic field,
from which we can figure out the heading azimuth of
smartphone.

The rest of the paper has the following structure. In Section
II we briefly introduce the background. In Section III we discuss
the details of the proposed indoor positioning system. We
present experimental results in Section IV and make the
conclusions in Section V.

In our work we process the motion data from the MEMS
accelerometers and magnetometers, and extract the features of
the smartphone owner. The proposed system uses these features
to identify smartphone owner out of the crowd, which is
detailed in section III(B)-4.

II. BACKGROUND
A. Foreground Extraction
In positioning applications, we usually focus on the moving
objects in a video, instead of the stable environment. Gaussian
mixture model (GMM) is widely used in foreground detection
and extraction [6], which can extract the pixels of moving
objects as the foreground. GMM models the values of each
pixel in the video as a mixture of Gaussians. Pixels that do not
fit corresponding Gaussian contributions are considered to be
foreground. In real environment, the background is changing,
thus the Gaussians actually model the relatively static
background pixels, and the background models are updated
frame by frame using online expectation maximization (EM)
algorithm. In other words, the environmental changes, such as
illumination change, chair moving and door opening, only have
short-term impact on the extracted foreground for several
frames, before Gaussian models are updated to the new
background.

III.

POSITIONING SYSTEM

A. System Overview
The main framework of the proposed indoor positioning
system is shown in Fig. 1. The whole system includes two main
parts. The first part is surveillance video processing. The
surveillance camera collects video stream and sends real-time
video image to the back-end server. GMM algorithm extracts

Surveillance
camera

B. CNN-Based Visual Object Tracking
Visual object tracking is one of the classical computer
vision problems and has been the hot topic of research for many
years. Generally speaking, visual object tracking algorithms
receive the pixel region of the tracking target and output the
pixel region of target object in each of following frames.
Correlation filters show good performance and computational
efficiency in visual object tracking [7], however, they are weak
in handling complex situations such as occlusion and
illumination changes.
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With the rapid improvement of computing power,
Convolutional Neural Network (CNN) presents extraordinary
performance in a wide range of computer vision tasks [8]. CNN
algorithms can be highly parallel implemented with GPU and
obtain better efficiency. To get satisfactory predict accuracy,
CNN has to be trained on a large dataset, but the object
detecting and tracking tasks are usually insufficient in training
data. Region-based CNN (R-CNN) is pre-trained offline on a
large-scale dataset and fine-tuned online on the target dataset,
thus it performs well in object tracking.

……

Feature
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CNN-based visual object tracking algorithms have great
accuracy and strong performance in handling illumination
change and occlusion, which may lead to fatal error in tracking
tasks.
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Fig. 1. Positioning system framework.
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the foreground mask of the whole video image, then the
foreground mask of each moving pedestrian in the video is
separated by the connected components analysis approach
[9]. The system then runs positioning algorithm on each
moving pedestrian. If a pedestrian is under occlusion, the
pedestrian is tracked and positioned by a CNN-based
algorithm; if not, the pedestrian is positioned by the
foreground mask directly. Meanwhile, the video feature of
each pedestrian is extracted together with the positioning
information. The second part is smartphone feature extraction
using smartphone built-in sensors. Finally the system matches
the smartphone feature with the features of all the pedestrians
in the video, and figures out which one is the target
pedestrian, then outputs the corresponding position.

(a)

(b)
(c)
(d)
Fig. 2. Foreground extraction and shadow suppression.

In most real-life scenarios, the resolution of the
surveillance cameras are fairly low. To mimic the worst case
of equipment condition in real-world, we use a fairly low
resolution camera with 480p resolution. The camera is
installed on the wall with 3-meter height above the floor, it
collects video stream of the walking pedestrians in the field
view of fixed angle. The methodology is detailed in the
following section.
B. Technical Details
Moving Object Extraction

Fig. 3. Positioning auxiliary points and lines.

Surveillance cameras have intrinsic distortion that result in
fish-eye effect in the video – A straight line in the real word can
be crooked in the video. The fish-eye effect may make the
subsequent coordinate transformation much more difficult. To
eliminate intrinsic distortion, the camera is pre-calibrated using
a checkerboard, which is widely used in camera calibration.
After pre-calibration, the un-distortion algorithm can remove
fish-eye effect from each video frame using the calibration
parameters [10].

Positioning without Occlusion
Since we have the foreground mask of the target pedestrian,
we can figure out the position coordinates on the video space.
The system only reports two-dimensional positions, so we just
focus on the ground point where the target pedestrian stands.
The exact ground point below the pedestrian’s physical gravity
center is difficult to locate by just analyzing video images, but
we can make an approximation utilizing the foreground mask.
The positioning algorithm extracts top point and the gravity
center of the pedestrian, and the ground position point is
considered to be on the extension line of these two points. Fig.
3 illustrates the auxiliary points and lines that help to locate the
position coordinates. Firstly, we draw a minimal bounding
rectangle (
in Fig. 3) of the foreground mask. The
bounding rectangle with minimal area is calculated by an
iterative improvement method. The height of pedestrian ℎ is
considered as a scaling of the length of the longer side (
) of
minimal bounding rectangle, where is a scaling factor that is
found to be 0.95 in our work.

To track the pedestrians and extract their positional
information, we firstly extract the pixel region of moving
objects in the video. GMM method introduced in section II is
applied to extract the foreground mask that represents moving
objects. Each pixel of the image holds Gaussian models. In
our experiments, we have observed that the tracking
performance is the best when = 6. The Gaussian parameters
are initialized offline but trained online. Pixels that do not match
any Gaussian model are regarded as foreground [6]. Afterwards
we use a shadow suppression algorithm to obtain the clear
outlines of pedestrians [11]. Fig. 2 shows the foreground
extraction pipeline. Fig. 2(a) shows one video frame, and Fig.
2(b) presents the foreground mask extracted by GMM. We can
see that the extracted foreground is not clear because the
dynamic shadow is also considered as foreground. A robust
shadow suppression algorithm is applied to remove the dynamic
shadow. In an RGB image, pixels that have same R: G: B ratio
as the background are considered as dynamic shadow. The gray
region in Fig. 2(c) indicates the dynamic shadow. Fig. 2(d)
shows the clear foreground mask of a moving pedestrian in
surveillance video after shadow suppression. Afterwards, the
local masks of different pedestrians in the video space are
separated with bounding boxes by a connected-componentanalysis algorithm.

ℎ=

(1)

Point in Fig. 3 is the top point of the foreground mask, while
is the center of gravity of the foreground pixels. The ground
point is on the extension cord of
and
= ℎ. Therefore,
we make an approximation of the ground point by extracting
the top point , gravity center and the dynamic height ℎ of
pedestrian’s foreground mask, and get point on the video
space.
The next step is to compute the corresponding coordinate of
point in the real world. The transformation of coordinates can
be modeled as a rigid transform problem [12]:
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1

+

(2)

1

where the video space coordinate is ( , ) and ( , )is the
corresponding coordinate in the real word. Matrix
is a
rotation matrix and is a translation vector. Generally, we
collect at least 4 point pairs to calibrate the coordinate
transformation function. After substituting the coordinates of all
point pairs, we can use least squares to get the regression of
and .
(a)

Occlusion Handling

Occupy Ratio

1

In this case, we run a CNN-based object tracking algorithm
to continue tracking. In our implementation, the CNN net is
based on MDNet [13], which has 3 convolutional layers and 3
FC (Fully Connected) layers. The network is not very deep
because deeper CNN may dilute spatial information, which is
significant in localization tasks.
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Initial input of CNN is the bounding box of the target
pedestrian’s foreground image in the last not-blocked frame.
The input bounding box is a minimal plumb rectangular region
that covers the pedestrian’s foreground mask. In our work, a
pedestrian is considered to be blocked when the camera cannot
see both of his feet simultaneously for several frames. We can
see in Fig. 3 that when a pedestrian is not blocked, the camera
can always capture both legs in one of several consecutive
frames. Note that there could be other ways to judge whether a
pedestrian is blocked. Once a pedestrian is judged to be blocked,
the system traces back to the last frame when the pedestrian is
not blocked and runs the CNN algorithm to continue tracking,
until the image of the pedestrian becomes clear again.

Acceleration (m/s )

When a pedestrian is blocked by another object, extracting
clean and complete foreground image becomes an impossible
task. Fig. 4 shows two main cases of occlusion. In Fig. 4(a), the
pedestrian is partly-blocked by a pillar. Analogously, static
obstacles can hide pedestrians in the back, thus the extracted
foreground masks are incomplete. Fig. 4(b) shows another
situation, one pedestrian is blocked by another. In this case, the
foreground masks of two pedestrians roll into one. Once the
camera is not able to catch a clear image of the pedestrian, we
cannot obtain its accurate location information.

(b)
Fig. 4. Occlusion circumstances.
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Fig. 5. Gait feature patterns from video and smartphone.

the pedestrian of interested out of the crowd. Face-recognition
systems don’t fit this situation because the surveillance cameras
in real-life usually have low resolution, thus the pedestrians’
faces in the video are too blur to be recognized. What’s more,
one surveillance camera can catch the face of a pedestrian only
when it is facing the camera. However, we can extract a lot of
features from a surveillance video sequence which are critical
in identifying pedestrians. Gait feature pattern and heading
azimuth are two of the most notable features [14], [15]. There
exists consistency in features between video and smartphone of
the same pedestrian, because the two kinds of features can
faithfully present the motion information of the same pedestrian.

Then CNN reads the subsequent frames, tracks the
pedestrian and outputs the predicted bounding box of the target
in the following frames. The parameters of convolutional layers
is pre-trained offline while the parameters of the FC layer are
updated online.

 Gait feature pattern: Gait features show the walking state
of a pedestrian. It can tell us its walking frequency and
whether the pedestrian is walking or not. Our system
extracts gait feature patterns from both video sequence and
smartphone inertial sensors in different forms. Fig. 5
illustrates the normalized and smoothed gait feature patterns.

The experimental results show the tracking performance of
CNN algorithm is good, but the positioning accuracy is lower
than the situation in Section III(C). This is because with
occlusion, the available foreground information to the CNN
tracking algorithm is incomplete, and we can just predict the
position point as the midpoint of the rectangle’s lower border
(see Fig. 2(d)).

a) Video gait feature pattern is a curve of the occupation ratio
that denotes the relative area of the video pixels on
pedestrian’s legs. The occupation ratio
can also be
expressed as follows

Gait Feature Extraction and Pedestrian Identification
In a surveillance camera video, there are always more than
one pedestrians in most cases. The problem is how to recognize

=
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(3)

where
is the number of pixels of the foreground
mask in the lower half of the bounding box (see the
yellow rectangle in Fig. 2(d)), while ℎ and
are
respectively the pixel-wise height and width of the
bounding box. We have observed that when a pedestrian
is walking, the occupation ratio has a periodic change.
The open legs occupy more pixels than overlapping legs.
In Fig. 5, we can see that in frames 80-180, the gait
feature curve is periodic because the pedestrian is
walking. Comparatively speaking, the pedestrian stands
still in frames 0-80 so that the curve shows no periodic
feature.

In the above equation,

∗|

denotes the matching rate of walking state in a video
sequence of
frames, where walking state indicates
whether a pedestrian is walking in a particular frame,



is calculated as the difference of the two step
frequencies, aiming to measure the similarity of step
frequencies, and



is the matching rate of heading azimuth in the last k
frames, the system has a threshold to judge whether two
heading azimuths match in one frame.

The coefficients
Generally, and

b) Smartphone gait feature is the synthetic acceleration
magnitude of the smartphone that is measured by the builtin inertial sensors in the smartphone. The accelerometer
delivers three-dimensional acceleration ( ， ， ).
Note that the raw acceleration has a gravity component
( ， ， ), which can be measured by the built-in
gravity sensor in the smartphone. The relative acceleration
∗
is the acceleration without gravity component, in other
words, ∗ is the synthetic motion acceleration of the
smartphone whose magnitude | ∗ | is calculated by
|



,
and γ can be assigned by the user.
are bigger while γ is much smaller.

Smartphone ceaselessly sends inertial sensor data to the
server, then the smartphone features are extracted from sensor
data and are used to match the video features of all the
pedestrians in the video. The pedestrian in the video with largest
matching rate with the features from a smartphone is considered
to be the target pedestrian who is holding the smartphone. The
system then sends the corresponding position data back to the
smartphone.
IV.

=

(

−

) +(

−

) +(

−

)

(4)

In this section, we show our experimental results to evaluate
the accuracy of the proposed indoor positioning system.

In our work, the pattern of synthetic acceleration
magnitude | ∗ | is defined to be the gait feature of the
smartphone. Similarly, | ∗ | is periodic only when the
pedestrian is walking.

The experiment site is set in a room with a size of 12m ×
10m, the floorplan is show in Fig. 6. A surveillance camera
with 480p resolution is installed on the wall at (6, 0) with 3meter height above the floor. In the process of experiment, the
target pedestrian walks along a marked route holding a
smartphone with built-in inertial sensors.

 Heading azimuth: Another feature is the heading azimuth
of the pedestrian. In the video, the heading azimuth can be
easily extracted by the history path in the last several frames.
Differently, in the smartphone, the heading azimuth is
defined as the azimuth of the peak acceleration, and can be
calculated as follows
=

∗

The smartphone used experiment is Huawei Honor 8 with
Android 7.0 operate system. The framerate of video sequence
is 20fps. The main positioning algorithm is implemented in
MATLAB on Ubuntu 16.10 using MatConvNet deep learning
framework [16]. The computer hardware configuration is: Intel
i7-4790k CPU with 16G memory + NVIDIA GTX1080 GPU.

(5)
[ ]

=

[ ]

Fig. 6 illustrates a sample of experimental result data. The
experimenter walks along the black dashed line, while the blue
solid line indicates position coordinates reported by the
proposed system. The positioning error is defined as the L1norm difference between reported position and real position.
The average positioning error is 8.81cm when the experimenter
encounters no occlusion circumstances. When the experimenter
is partly blocked throughout the whole route, as shown by the
red solid line, the average error increases to 20.26cm. In general
cases, the error changes between the values of two limit cases.
Fig. 7 show the cumulative distribution function (CDF) curves
of the error in two cases. Without occlusion, the error of almost
95% samples is smaller than 20cm, while with occlusion, the
error of about 90% of the samples is under 50cm. The accuracy
is enough for most indoor pedestrian positioning applications.

(6)

Equation (5) and (6) present a usual practice of Android,
denotes the acceleration vector with peak L2where ∗
norm value (see marks with red triangles in Fig. 5) in
smartphone-based coordinates. Symbol
is the
acceleration vector in earth coordinates, while
is a 3 ×
3 rotatin matrix of the angle of the smartphone which can
be dynamically measured by the built-in magnetometer in
the smartphone.
Since we have the features from both video sequence and
smartphone, we can identify the target pedestrian who is
holding the smartphone in the crowd in the video. The matching
rate between the smartphone feature and video feature can be
achieved from Equation (7).
=

+

+

EXPERIMENTAL RESULTS

Table 1 compares our methodology with related works. RFbased methods including fingerprinting (FP) [17] and received
signal strength indicator (RSSI) [18] are easy to use, but RF
based systems have big error and cannot give orientation

(7)
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TABLE I.

COMPARISON OF THE POSITIONING PERFORMANCE OF SMARTPHONE-BASED INDOOR POSITIONING SYSTEMS

Reference

[17]

[18]

[19]

[20]

[21]

Proposed

Method

RF FP

RF RSSI

PDR

VLC

Fusion method

Camera

Easy to use

Yes

Yes

Yes

No

No

Yes

Report orientation

No

No

Yes

Yes

Yes

Yes

Robustness

Medium

Medium

Low

Medium

High

High

Overhead

Low

Low

Low

High

High

Low

Average error (cm)

230~460

161

305

5

14

8.81~20.26

proposed indoor positioning system is very easy to use, and
performs relatively high accuracy with low overhead.
V.

CONCLUSION

y (m)

This paper has presented a novel indoor positioning system
integrating low-resolution surveillance camera and smartphone
inertial sensors. The system takes advantage of the surveillance
cameras that are already set in the building and locate the
pedestrians in the video. A CNN-based tracking algorithm is
applied to handle occlusion situations, meanwhile the target
pedestrian is identified via gait features and orientation
information. The average positioning error is 8.81~20.26
centimeters, which is fairly low. Our work is a successful
attempt to apply the idea of computer vision in indoor
positioning area.
VI.
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Fig. 6. The reported and real positional trajectory of a pedestrian.
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