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1 Introduction
This document summarizes the experiment results and T5.3 demonstrators’ outcomes. These
experiments, tests and demos are described in document D5.3 “Outdoor & Indoor Building
Surveillance Applications Specification” [7].
For each demonstrator the document describes the following sections:


A brief description of the experiments, tests and demonstrator



Which COPCAMS modules are involved in them



What is the main demonstrator goal



What has been obtained



What are its improvements over 2013

After the demonstrators’ analysis, the most interesting task’s achievements are summarized in
section 3.
This document finishes with a brief target analysis description that can be expanded with the
document “D6.6 – Final Exploitation Plans Including Business Plans” [8].

6
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2 Field tests / lab experiments
This section contains the setup of field test and experiments carried out in Outdoor and Indoor
Surveillance use case. These field tests are described in D1.4 – Summary of Use Cases and Field Test
Definition [1] and in D5.3 – Outdoor & Indoor Building Surveillance Applications Specification [7].
The main objective of Outdoor and Indoor Surveillance Applications is to show how the computer
vision algorithms for object detection, tracking and classification can be improved and used even in
real time in these complicated domains during the COPCAMS project, developing reliable solutions
beyond the state of the art for the industrial sector.
The different demonstrators involved in Outdoor and Indoor Surveillance Applications are:


Image Enhancement demo for fog removal and colour and contrast improvement.



Traffic Surveillance demo for object detection, tracking and classification.



Object detection and tracking using Particle Filtering and Optical Flow algorithms demo.



Counting people in crowd areas demo.



Inter-camera re-identification demo.



PTZ camera position setting with external information sources.



Object and Environmental Detection for Road Based Environment



CPVS for Smart Building Scenario

The demos in this task cover different aspects of the object detection, tracking and identification in
different environments and conditions. There are some of them that focus their efforts in the detection
of moving objects, by means of image enhancement with traditional detection algorithms or applying
new ones based on movement estimation with a no fixed camera. Other demos explore the capabilities
of COPCAMS beyond surveillance, to provide data and information for building life safety, energy
management and overall building performance.
There are also some algorithms to add more intelligence to the embedded systems. One of them is
able to track objects along different cameras with no overlapped field of view. Another one can
estimate the direction from sound events to move and set a Pan Tilt Zoom camera to observe what is
going on where the sound event has been detected.

ARTEMIS-JU – GA n°332913
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2.1 Traffic Surveillance
The image enhancement demonstrator has been merged into the Traffic Surveillance one because
they are directly linked. It covers different aspects to take into account:


Day / Night solution (reliable under light condition changes)



Reliable under hostile environment conditions (image enhancement algorithms)



Outdoor (Highways) and Indoor (tunnels)



Object detection (vehicles) and classification (car, truck, bus, motorbike…)

These aspects are fulfilled with a set of algorithms that has been developed in WP3 and
implemented in WP5 demo with WP2 and WP4 tools.
This demo combines a set of algorithms to enhance the acquired image by the cameras before the
algorithms of object detection enter in action. The idea behind of this is to optimize the object
detection algorithm providing a good input image so the errors from the environment can be
minimized.
Once the image is pre-processed and the moving objects are detected by an improved algorithm of
background subtraction, a set of algorithms for tracking and classification are applied tacking into
account not only the current frame, but also the information acquired in the previously ones (i.e. last
object positions, speed, acceleration, size…). The output of the algorithm is the vehicle category and
speed of a detected object when it crosses a defined point in the image. It also detects when a vehicle
is stopped in a tunnel or if it is driving in a wrong direction.

2.1.1 Setup description
The location for the system deployment will be placed in Txoriherri motorway with an outdoor
setup. For tunnels there will be another different setup based on a set of videos acquired from the
Bizkaia Control Centre of different tunnels.
The general layout of the system is as follows:

8
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Figure 1: Traffic Surveillance layout

Each inspection point has a camera linked to a dedicated platform (in this case a PC with an
OpenCL GPU). These platforms are linked to a node control (it can be the highway or tunnel control)
and these node controls will be linked to a main one (Central Control) where all information is stored.
The intelligence of the system is settled in the dedicated platforms. There are applied all the
computer vision algorithms for image enhancement, object detection and classification, etc., and the
output of these algorithms is collected by the node control and later is sent to the central one.
The program flow is shown in the following image:

Figure 2. Traffic Surveillance data flow

Cameras will provide the current frame and, with a background subtraction strategy, detect the
moving objects and classify them in the supported categories. The image enhancement algorithms, in
ARTEMIS-JU – GA n°332913
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case of been necessary, will be applied after acquiring the current frame, before the moving object
detection algorithm.

2.1.2 COPCAMS modules involved
For traffic surveillance application, a set of different programs have been developed. There is a
main one that has all the logic and algorithms implemented and a small set of scripts to test the
individual algorithms developed in terms of performance, robustness and efficiency individually:


Traffic Surveillance Application: This is the main one which allows connecting to an IP
camera to start a real time monitoring process where the different vehicles are detected
and classified. It will be used to collect the general values of performance and robustness
with all the algorithms running at the same time.



Colour and Contrast Enhancement Script: This is a C++ script to perform the different
tests and measurements for colour and contrast enhancement algorithm in static images



Fog removal Script: This is a C++ script to perform the different tests and measurements
for fog removal algorithm in static images



Object Detection Script: This is a C++ script to perform the different tests and
measurements for object detection algorithm in videos



Vehicle Classification Script: This is a C++ script to perform the different tests and
measurements for object detection algorithm in static images

The algorithms tested in the individual scripts have been developed in WP3 (see deliverables D3.4
[2] and D3.5 [3]) and, using a multiplatform SDK developed in WP4, tested in WP5 task. There have
been some approaches to Kommentator from DTU and PENCIL/PPCG from WP2 but the
improvement acquired with these tools is limited due to the fact that these WP5 scripts have an
important use of 3rd party libraries (mainly OpenCV functions) that are well optimized for CPU and
GPU architectures.

2.1.3 Scenario
In Traffic Surveillance demo, the goal is to measure the detection improvements and performance
lost when the image enhancement, tracking and classification algorithms are running. The detection
improvement should be measured specially when the environmental conditions are not optimal and the
performance is measured basically as seconds per image increase.
These measures are acquired in two different platforms: a standard CPU (Intel i7 870@3.0GHz)
and in a dedicated GPGPU for embedded applications (AMD Radeon R9 290X).

10
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Some images and videos lent by Basque Government and used during the tests developed in
TECNALIA and BIZKAIA traffic control centres facilities cannot be published by issues with privacy
and personal data protection laws. For image enhancement testing purposes, we used other images
taking into account that the values we want to measure (performance, FPS, algorithm robustness…)
are independent of the image (i.e. for test the colour and contrast correction algorithms processing
times instead of use an image from a Bizkaia’s tunnel, we used an underwater image).

2.1.3.1 Image Enhancement to improve object detection and classification
To improve detection and recognition ratios, a set of enhancement image algorithms have been
developed in WP3. These algorithms have been designed to remove the fog from images to allow the
vehicle detection and tracking in foggy days, and a colour and contrast image enhancement algorithm
to improve quality image when different cameras with different white balance are used in different
locations and environmental conditions (tunnels, sunrise, sunset…)

Fog Removal Algorithm
Database for testing: Images acquired in Internet, Basque Government and TECNALIA’s database
Original Image

ARTEMIS-JU – GA n°332913
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Figure 3. Fog removal output
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Colour and Contrast Enhancement
Database for testing: Images acquired from Internet, Basque Government and TECNALIA’s
database
Original Image

ARTEMIS-JU – GA n°332913
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Figure 4. Colour and contrast output

2.1.3.2 Object Detection algorithm
For object detection algorithm two video databases have been used. Both of them have been
created by Tecnalia, using different outdoor videos from the outdoor emplacement and from indoor
videos (from tunnels) lent by Basque Government.

2.1.4 Outcome of the experiments
There have been realized several test to take measures of different algorithms and methods. For
individual algorithms, a set of small scripts have been coded in order to test each one individually over
different platforms. The main traffic surveillance application has been tested as a whole with all
algorithms implemented.

2.1.4.1 Fog removal algorithm
The main objective of these measures is to compare the efficiency on a single CPU or standard PC
with the capabilities a multi core / multi thread platform can provide. In order to achieve this, a set of
images have been selected from the testing database and each one have been tested 100 times in 10
different image resolutions. The results are shown in the following table:

14
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Figure 5. Fog removal algorithm performance

First column indicates at which resolution have been done the experiments. The second one named
“PC” represents the average time in milliseconds used to apply the fog removal algorithm on a PC at
that image resolution. The third one named “GPGPU” represents the same but with the measures taken
from a GPU. And the last one represents the performance (%) of CPU against GPU. Positive values
indicate that CPU is faster than GPU. This only happens at small resolutions, where the time required
by the GPU to load and unload the image data has a bigger impact than the time used to apply the
algorithm. This drawback is minimized at higher resolutions, achieving a 20% of time increasing on
GPU. However, from a practical point of view, these processing times are far to be efficient in a
real time implementation of this algorithm for a traffic surveillance inspection point.

2.1.4.2 Colour and contrast algorithm
As it has been done with the fog removal algorithm, the same testing scheme has adopted to test
the colour and contrast enhancement algorithm. There is also a set of 5 different images resized at 10
different resolutions and processed 100 times. The results are shown in the following image:

ARTEMIS-JU – GA n°332913
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Figure 6. Colour and contrast algorithm performance

Here first column also indicates at which resolution have been done the experiments. The second
one named “PC” represents the average time in milliseconds used for colour and contrast
enhancement algorithm on a PC. The third one represents the time needed for GPU to apply the
algorithm. And the last one represents the performance (%) of CPU against GPU. Again, positive
values indicate that CPU is faster than GPU and negative ones means that GPU is faster. As it is
shown, in this case GPU always is faster than CPU. The time reduction goes from 130ms for the
smallest image resolution to 30 seconds for the biggest ones.
Taking into account these results, it is possible to implement them in a real time algorithm but
with a resolution limit of 850x560 where the algorithm is at its time limit to be efficient. The
common camera resolution for traffic surveillance is around 704x576 so that is the reason to
consider this algorithm as viable for a real implementation in a traffic control point.

2.1.4.3 Object detection and classification algorithm
The object detection and classification algorithm is composed by two different algorithms. The
first one is the detection and tracking algorithm that uses video data as source. It means that apart
from the image itself, it also needs previously acquired information to operate. The classification
algorithm used static image information provided by the object detection algorithm to classify the
detected blobs into different categories. The object categories have been divided into the following:

16



Small vehicle: assigned to motorbikes



Medium vehicle: assigned to cars



Heavy vehicle: assigned to trucks and busses



Unknown: assigned to those blobs that cannot be assigned to any group.
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For the detection and tracking algorithm, two different values have been measured: time per
frame and success ratio. For the classification algorithm, the goal is to assign a correct category to
each blob and, as it can be done in background, it does not really need real time, so its measure has
dropt.
The data used for testing have been a set of 5 videos of different duration and different location to
determine the impact of being outdoor or indoor.
In terms of time consumption, the detection and tracking algorithm runs in real time on both PC
and GPU platforms with no appreciate time differences. It is because the image and video resolutions
used in traffic surveillance are not a problem for current processors. This is different when additional
enhancement algorithms enter in scene. The obtained results for the classification algorithm are shown
in the following table:

VIDEO 1A
(Rain)
VIDEO 1B
(Rain)
VIDEO 2
(GW)
VIDEO 3
(GW)
VIDEO 4
(indoor)

Number of
Vehicles

Detected
Vehicles

Correct
classification

Error rate

311

219

57

26,03

311

190

71

37,37

162

159

143

89,94

26

25

23

92,00

143

139

119

85,61

Figure 7. Moving object detection error rate

As it can be observed, the classification rate decreases with the detector effectiveness due to
the fact that for a correct classification, good vehicle segmentation is required. In terms of robustness,
when the object detector is able to extract a full perimeter of the vehicle, the classification used to be
correct. Unfortunately, there are some false vehicle detections where the blob is divided in 2 or more
parts and classifier is unable to assign a valid category.

Figure 8. Vehicle classification errors

2.1.4.4 Traffic Surveillance application
ARTEMIS-JU – GA n°332913
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Traffic surveillance tests have been done with the traffic surveillance application which includes
the previously described algorithms for image enhancement and object detection and
classification. These tests have been done to measure the impact that different algorithms have in a
real time monitoring application with automatic event detection. Taking into account the results
already commented, the only algorithm viable at the moment to incorporate is the one related to colour
and contrast enhancement because the one related to fog removal has an excessive computational cost
to be considered in a real implementation. The results are shown in the following table:

VIDEO 1A
(Rain)
VIDEO 1B
(Rain)
VIDEO 2
(GW)
VIDEO 3
(GW)
VIDEO 4
(indoor)

PC

Embedded platform
(GPU)

ERROR (%)

Time per
ERROR (%)
frame (ms)

Embedded platform (GPU)
with enhancement algoritms
Time per
frame (ms)

ERROR (%)

38,60%

22

36,98%

123

29,50%

45,60%

26

44,69%

125

38,90%

2,50%

19

2,50%

99

1,80%

3,80%

18

3,80%

96

3,80%

4,90%

19

4,90%

101

2,80%

Figure 9. Detection algorithm output

As it is shown, using only a GPU platform does not offer to much to the standard CPU based
solution in terms of time due to the fact that the image resolutions used to monitor traffic events are
small (or at least not so big to observe a clear dominion of GPU). This is different if the
enhancement algorithm is activated because the computational cost of this algorithm for CPU is
huge but for GPU only takes 100 milliseconds, so the Frames Per Second of traffic surveillance with
enhancement algorithm is near to 10, what is acceptable to be considered real time.
In terms of robustness, those enhancement algorithms provide some help but are not enough to
be considered robust under hostile environment conditions. Under a normal weather or even
indoors, the output is a bit better missing less vehicles.

2.1.5 Improvements over 2013 baseline reference
The baseline used in traffic surveillance is the based on the cost and performance of the
commercial systems used for this specific task. In Europe there are two main vendors of this kind of
equipment: Citilog [9] and Flir Traffic (a.k.a. Traficon) [10]. During the project period both companies
have also improve their own solutions giving them more capabilities and functionalities that we also
developed during COPCAMS project so, although in 2013 these functionalities did not exist (such as
vehicle classification) now they have included in their product catalogue.

18
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FPS

Extra functions
Vehicle counting

COPCAMS

Yes

Low

≈ 2500€/camera

Real Time

Vehicle classification.
Automated Incident Detection
Enhanced image algorithms
License Plate recognition

Citilog

No

High

≈ 5.000€/camera

Real time

Vehicle counting
Automated Incident Detection
Vehicle counting

Flir Traffic

Yes

Low

≈ 5.000€/camera

Real Time

Vehicle classification
Automated Incident Detection

Figure 10. Vehicle detection algorithms comparison

As it is shown in the table COPCAMS traffic solution covers the current functions of
commercial solutions with relevant advantages such as providing a low-cost solution and less power
consumption.
Looking at the viability of image enhancement algorithms implementation, as it is said before,
the fog removal algorithm is not viable for a real implementation in a real time control point.
However, it is still valid for an offline process where the processing time is not a constraint. Colour
and contrast correction algorithms have a good time to be considered for a real implementation for
some image resolutions. Depending on the camera location and the working distance (that is camera
field of view) it will be possible to use them. Here it is important to consider functional
requirements where it is stated that the system has to be able to acquire at least 3 images of a
vehicle at maximum speed of 200km/h. Camera configuration and working distance must
accomplish this critical requisite.

2.2 Robust Motion Detector (RMD)
2.2.1 Glossary


NEON: Advanced SIMD extension (non-acronym)



RMD: Robust Motion Detector



SIMD: Single Instruction, Multiple Data



TUKL: The research arm of Thales UK Limited



VPU: Video Processing Unit

2.2.2 Setup description
ARTEMIS-JU – GA n°332913
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The TUKL Robust Motion Detector (RMD) is a patented motion detection application whose low
computational cost allows it to be incorporated into surveillance equipment.
For COPCAMS task T5.3 (Outdoor & Indoor Building Surveillance Applications), TUKL
assessed the RMD in the context of the building surveillance scenario. This activity comprised two
sub-tasks:
1) The development of a variant of the RMD which would be effective when the false
alarm rate had to satisfy tight constraints
2) A port to an i.MX6 development board.

Evaluation was performed:
a) Using recorded video
b) By providing a live, real-time demonstration employing a USB webcam.
A full contribution was made to COPCAMS deliverable D5.3 [7] which documented these
activities. However, since TUKL have not conducted any additional field tests for T5.3 beyond those
reported in D5.3 [7], there is no substantial material for inclusion in D5.6; the purpose of this brief
summary of the material in D5.3 [7] is to provide continuity between documents. It should also be
noted that TUKL have conducted further laboratory work since the submission of D5.3 [7], again
using recorded video, and this is reported in deliverable D3.7 [5].
The RMD has been designed in the first instance to operate in a forensic mode, whereby live or
pre-recorded video is filtered on the basis of detected motion to produce an abridged clip displaying
events of interest. This clip can be reviewed in much shorter time than the original. In contrast, the
first demonstrator task required the development of an alert-based version of the RMD, which could
operate effectively if tight limits were set on the acceptable number of false alarms. This was applied
to two datasets, one acquired in March 2014 by deploying Google Nexus 5 mobile phones on the
TUKL Reading site, and the other captured in 2010 and 2011 by recording from wide-angle
cameras surveying the TUKL Reading site (five and a half day/night 24hr outdoor recordings) from
various cameras. Frame-level ground-truth was manually established for both datasets (over 12 million
frames), and used in the performance analyses.

In order to modify the RMD to optimize for fewer false alarms, three candidate approaches were
selected for evaluation:

20
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1) To perform a parameter search without any change to the RMD algorithms;
2) To pursue an algorithmic approach which focused on pixel-based operations;
3) To explore preliminary filters which employed texture-based change detection.

2.2.3 Outcome of the experiments
Full experiment description and its results can be addressed in deliverable “D5.3 – Outdoor &
Indoor Building Surveillance Applications Specification” [7].

2.2.4 Improvements over 2013 baseline reference
Baseline results were established by applying the standard RMD (completed in 2013) to the two
datasets. The three candidate approaches were then comparatively assessed in the light of this
benchmark. The parameter-tuned RMD returned a much higher performance than the baseline.
However, it generated significantly more false alarms than the other two methods. The RMD
incorporating pixel-based operations did particularly well for some video recordings, whilst the
texture-based RMD achieved a low number of false positives for others.
The second task was to port the RMD on to an i.MX6 board. The video processing and NEON
co-processor accelerator units were then exploited in order to improve performance. The relationship
between the engaged co-processor resources and various aspects of performance required empirical
assessment. This took the form of recording the baseline results for the initial version, applying
various combinations of the accelerator options and analysing which combinations gave the best
improvements to performance. The test material comprised a subset of the 2010/ 2011 dataset
described above.
Once the initial port had been confirmed as equivalent to the reference implementation, the
bottlenecks in the system were established and corrective optimizations identified. The initial
attempt enabled NEON support to take advantage of code which was written to be identified by
compilers as SIMD suitable. This did not yield significant gains as the video decoding dominated the
algorithm section with SIMD potential. The Video Processing Unit (VPU) was then targeted as the
best accelerator to improve performance. The removal of the video decoding bottleneck allowed the
NEON accelerator to make a measurable difference, bringing overall performance up to 436% of
baseline.
Using a USB webcam for data, the algorithms could be run in real time and the results output to
the on-board display. TUKL demonstrated the ported RMD at the COPCAMS Gdansk review,
November 2015.
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2.3 GUT-MSD demonstrators – Building Surveillance Applications
2.3.1 Setup description
GUT-MSD work in the COPCAMS project is focused on improving existing methods and
developing new ones for multi-sensor monitoring. The conceived applications involve digital
cameras, acoustic sensors, and RFID tags and receivers. The main goal was to implement parallel
algorithms to be deployed and tested on selected platforms, including STHORM, Keystone II,
various graphic cards (general purpose graphic processing unit – GPGPU), NVIDIA dev kits for
Jetson TK1 and TX1 (Tegra systems on chip, versions K1 and X1) (Fig. 11). Successful
implementation resulted in decrease of both computation time and consumed power.
Several algorithms were selected and applied in demonstrators operating in real conditions.
Their purpose is to analyse data streams in real-time and detect various safety-related events, such as:
entering protected area, excessive crowding and incorrect crowd flow, detecting and localizing RFID
tags and localizing sound sources (e.g. screaming person, explosion, gunshot).
Above functions aim at facilitating surveillance of outdoor and indoor building environments, and
reducing the stress and workload of such systems’ operators. Particularly we focus on:
-

Limiting the necessity of direct observation of the video feed by the user,

-

Reducing number of cameras required for accurate tracking by employing statistics and
object re-identification methods,

-

Decreasing amount of streamed data and detection delays by processing the video at the
edge (processing unit inside the camera casing or near the camera with a fast wired
connection),

-

Increasing number of possible detected events by introducing new types of sensors:
acoustic and RFID-based ones.

Figure 11. COPCAMS platforms used in experiments at GUT-MSD: STHORM (left), Jetson TX1 (middle) and
Jetson TK1 (right)
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2.3.2 COPCAMS modules involved
These demonstrators developed by GUT combines several algorithms developed in WP3 coded
and implemented in several embedded platforms in WP5.

2.3.3 Scenario
GUT has developed a set of demos to cover all work developed in the project. These demos
consist on:


Object detection and tracking with different algorithm implementations



Counting people in the crowd



Inter camera object tracking



Passive acoustic radar and RFID radar for setting camera position

2.3.3.1 Demonstrator of Particle Filtering method for object tracking
Numerous widely adapted video processing methods for object tracking assume a fixed
position of a camera, and for determining the object position, first aim at modelling a background and
then calculating a difference between the background and the current video frame. In our work we
refer to these as a baseline. Their application have important limitations: inability to move the
camera, and susceptibility to unstable frame (shaking camera), as every change in the image is
treated as a foreground object. To overcome this limitation we’ve focused on other approaches to
image processing, namely particle filtering, capable of tracking individual pixels or small regions in
the image, resulting in a robust tracking of a selected object, event with constantly changing
background, operating properly for camera panning, shaking, or high amount of motion in the
background. Therefore, GUT team took an effort to adapt this computationally heavy particle filtering
algorithm, and bring it to a Smart Camera. This device can be equipped with a processing accelerator,
in this case a general purpose graphical unit (GPGPU) with dozens of cores, able to perform
calculations in parallel to achieve significant increase of speed and decrease of power consumption,
comparing to CPU-based implementations.
In the GUT-MSD team the particle filtering algorithm was applied for tracking the position of
a moving object in video from camera with a fixed and non-fixed field of view (Fig. 12, Fig. 13).
This is in particular dedicated to and tested on-board of flying drones equipped with a camera,
recording the video with a significant amount of image shaking and constantly moving point of view
and orientation. In such a case previous approach dedicated for fixed camera (background subtraction)
is not suitable. The algorithm details were provided in D3.6 [4] (its implementation) and D3.7 [5]
(its optimization).
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Figure 12. Example frames from the PETS dataset used for testing particle filter tracker. Thin yellow rectangles
show the ground truth data, green rectangles show the position and size of the object found by the tracker based on
particle filter

Figure 13. Presentation of tracking a yellow object with the algorithm using video streamed from an UAV. On
the monitor a live video stream is presented, and the object is covered by blue dots denoting position of tracking
particles

2.3.3.2 Demonstrator of Optical Flow algorithm for crowd monitoring
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The baseline video processing methods based on background subtraction have one more
significant drawback important in the context of visual crowd monitoring: each individual figure
must be visually separate from others, i.e. groups of pixels must be disjoint. This is obviously
impossible to fulfil in a scenario of crowd monitoring. Therefore, other algorithms must be applied. To
overcome this drawback GUT-MSD team focused on Optical Flow algorithms for analysing frameby-frame movement in the video. The Smart Camera with appropriate processing unit (GPGPU) is
able to process video and obtain the motion flow faster than CPU-based implementation.
For the purpose of extending the capabilities of Smart Cameras with new functions, Optical Flow
algorithms implementations were made. Their evaluation was performed on selected platforms:
laptop GPU GT740M, NVIDIA Jetson TX1 and Jetson TK1. Four state-of-the-art methods were used
and compared: Lucas-Kanade (LK), Brox, Farneback, and TV-L 1. Performance, accuracy, processing
speed, and energy consumption were measured. The report D3.7 [5] includes detailed results.
Based on the implemented Optical Flow algorithm a demonstrator was developed including
1) A crowd flow monitoring
2) People counting in a crowd.
Crowd Flow Monitoring demonstrator
The crowd monitoring application was tested in real conditions at a large lecture hall, with a
group of 108 persons exiting through a 120cm wide exit after the lecture (Fig. 14)

Figure 14. Lecture hall exit experiment: two consecutive frames and optical flow results from 4 algorithms

The algorithm was proven to be capable to track motion in a dense group of people.
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Obtained flow vectors indicate areas with presence of motion, its velocity and direction. These
results are analysed and cases of correct and incorrect flow are detected:
-

Correct flow: medium and constant speed (within a tolerance range), uni- or bidirectional
motion present along the exit route, perpendicular to the exit,

-

Incorrect flow: fast speed exceeding a threshold (running person), or decrease of the
speed in the middle of a passage, or non-uniform speed or direction of the motion, e.g.
person turning back or persons in the middle walking slower than those away from the
centre.

The algorithm is crucial for crowded areas, where object tracking algorithms based on
background subtraction cannot separate individuals (algorithms using Gaussian Mixture Models for
background modelling and Kalman Filters for tracking). Therefore the implemented Optical Flow for
crowd monitoring is a significant addition to Smart Cameras applied for building surveillance.

People counting in the crowd demonstrator
The Optical Flow algorithm was applied for people counting demonstrator. The algorithm applies
OF to selected square regions in the image called here “virtual gates”, of the width matching average
person. Presence of motion in this area is interpreted as a passing person and then counted. Positions
of virtual gates overlap, therefore increasing a chance that a person will occupy one of the gates in a
ratio large enough to be counted as a single individual (Fig. 15, Fig. 16).

Figure 15. Virtual gate setup – blue square denotes first gate, red squares the following gates, overlapped in 1/3
ratio. During the passage, two gates are completely filled with motion flow, resulting in counted 2 persons.
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Figure 16. Camera set over the stairs, sample frames from people counting experiment

2.3.3.3 Demonstrator for inter-camera object tracking
Monitoring systems equipped with multiple cameras are not capable to automatically
determine that the object leaving a field of view of one camera should be sought for in other
camera, and which camera should it be, and after what period of time the object is expected.
Therefore, in particular monitoring scenario if the goal is to identify and track given object through
multiple cameras, then it is only up to the system operator to keep track and recognize the individual
as required. The GUT-MSD team focused on developing and testing methods of automatic objects
re-identification. Described methods are implemented on Jetson TX1, as their application requires
processing of every video stream, and such a device is expected to be applied at the edge (in the future
incorporated with a camera itself). Such an integration strategy would reduce the necessity of
transmitting large amount of data from all cameras to a processing centre, and employing large
computing unit.
A determination of object location while it is remaining inside the camera frame is
straightforward, but once it exits the FOV its location in non-monitored area must be expressed by a
probabilistic measure. Then, when the object would appear again in other camera, it is possible to
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re-identify the same object on the basis of number of clues: visual features, statistical plausibility of
transition between cameras, and expected time of this transition.
A demonstrator including 8 fixed cameras was conceived and realised, and re-identification
decision system was trained, based on real observation of movement patterns in this setup (Fig. 17).
The algorithm for object tracking based on background subtraction was employed, sending events
of object entrance and exit of the camera FOV (camera ID, timestamp, area of event), and object
appearance descriptor. Decision system collects events and descriptors from all tracking modules
and assigns identifiers to new objects, then, after re-identification reassigns previous identifiers.
Details of this procedure are provided in reports D3.6 [4] and D3.7 [5].

A
E

D

B

C

Figure 17. Frames with entrances and exits marked, sample identified objects

In this demonstrator the re-identification module relies on results provided by object detection
module. There are cases of incorrect object extractions (Fig. 17) where the object area is incomplete
because it does not incorporate parts where original colour is similar to background (e.g. grey asphalt).
Every camera is oriented arbitrarily, for the purpose of general monitoring of the area, therefore it
must be allowed for the particular object orientations to differ from one camera to the other. Extraction
errors would degrade the object in different way every time its image is obtained. Moreover such
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errors are propagated further, as the object visual descriptor is not precise, and it is expected to match
the one from previous or next camera.
The currently used visual descriptor is based on colour histograms, chosen as fast enough to be
run on Jetson TX1 platform. Other descriptors can be incorporated in the re-identification procedure,
potentially decreasing numbers of errors.
For the purpose of evaluation of the demonstrator of re-identification method video recordings
were first pre-processed: parts with erroneous object extraction (mistakes in background subtraction
algorithm) were removed. Result video streams contained only objects properly handled by extraction
algorithm. Then, these videos were passed to re-identification module. Detailed results are provided in
D3.7 [5].

2.3.3.4 Passive acoustic radar
The acoustic radar is based on a dedicated hardware and software developed at GUT-MSD
(Fig. 18). Its goal is to capture sound field with 6 microphones combined into the sensor head and
calculate direction of sound arrival vector based on sound samples captured and processed with
dedicated software developed at GUT-MSD. This vector is used for an automatic Smart Camera
positioning system, thus enabling automatic PTZ tracking of the sound source. The integrated system
of the acoustic radar and PTZ camera is created for T5.3 demonstrator and was tested in real
conditions within Task 5.3 scenario, in the context of building surveillance application. The test
scenario was focused on detection and tracking of various sound sources in varying level of noise. The
previously achieved laboratory results are already documented in WP3 reports.
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Figure 18. Developed acoustic vector sensor and testing environment (top), and audio-visual monitoring
application for automatic positioning of PTZ camera at the sound source (bottom)

2.3.3.5 RFID radar
Recent development of video surveillance systems and Radio Frequency Identification technology
(RFID) paved the way for exploitation of broad range of means for tracking and object localization.
Extending the surveillance systems with RFID enables estimation of the location and
identification of a person equipped with a radio tag, as well as tracking tagged goods and
equipment. Therefore the application of RFID allows for an improvement of the system accuracy and
reliability. Moreover, the automation of object tracking could be applied as well. Currently the radio
identification technology is proliferating the market of secure access systems, and cheap RFID tags are
commonly used to protect equipment and merchandise.
There are two possible approaches to RFID:
1) Passive tags with easy deployment but low operation range.
2) Active tags requiring internal power source but providing larger operation ranges.
For the COPCAMS multimodal event detector developed by GUT-MSD the active RFID is
used. Tags broadcast a beacon data (their unique digital identifier) received by the RFID base
station, and then translated into real object coordinates based on analysis of signals from multiple
antennas. This transmitted ID is on the higher level of the monitoring application related to an object
or a person.
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The developed RFID system is loosely based on the OpenBeacon project (OpenHardware license),
modified and improved by the GUT-MSD. In particular directional detection and localization of
trackers was developed, by applying 12 directional antennas matrix.
The previous RFID tracking system described in the report D3.3 was based on the antenna switch
applying Time Division Multiple Access (TDMA) technique, prepared as a proof of concept
prototype. Sector antennas combined into a cylindrical matrix required RF signals switching, with a
single RFID base station applied for signal reception (Fig. 19).

Figure 19. RFID object tracking system realized with the TDMA approach

This TDMA approach requires periodically setting up a connection with each antenna, thus
breaking paths of the RF signal propagation. The time interval can be configured in range 50-300 ms.
The total scanning time for 12 antennas being 600-3600ms is a great disadvantage. There were two
important modules required: 1) RFID base station responsible for acquisition of identifiers transmitted
from RFID tags; and 2) the RFID switch responsible for multiplexing antennas to the base station.
Finally information about RFID tags presence and spatio-temporal data are collected and analysed on
the host processing platform. The initial prototype is presented in Fig. 20, and RFID switch designed
in coplanar line technique is shown in Fig. 21. The information about the tag occurrence is translated
into the PTZ camera pan coordinate, and thus it allows visual tracking of the selected object (object of
interest, object of particular ID, or object closest to a camera).
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Figure 20. Omni directional RFID antenna with PTZ dome camera on the top

Figure 21. RFID switch based on AS204-80LF (SKYWORKS) visible in the middle of the board

The described prototype was tested, and its correct operation was confirmed. Presence of
other radio signal sources interferes with this setup, as for the demonstrator implementation RF
elements working with a typical, widely spread frequency of 2.4GHz were used. It is advised for
practical applications to modify this setup to use other frequency ranges.
In the recent work within the COPCAMS project the mentioned approach was improved by
using a newer technology and miniaturized microstrip antennas. Previous, prototype antenna
measured ca. 60 cm in height. The main focus was the antenna miniaturization, thus several
approaches were investigated and analysed. Based on the literature review and on the state of the art
research publication three solutions were proposed: Quad Antenna, Quados, and Patch antennas bisectional and quad-sectional.
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Figure 22. Tested antennas designs

The presented antennas differ in their directionality (Fig. 22). The largest difference is between
the bi-section (main lobe of ca. 45º, 2.9dBi efficiency) and quad-section (main lobe of ca. 30º, 5.7
dBi efficiency). Measurements of the resonant characteristic, efficiency and directivity were
performed with the SDR Software Defined Radio and USRP Universal Software Radio
Programmable. Results obtained with the UHD GUI are presented in Fig. 23 and Fig. 24, whereas
the directivity of the bi-section antennas in Fig. 25.

Figure 23. USRP as spectrum analyser on centre frequency 2.45 GHZ with averaging

ARTEMIS-JU – GA n°332913

2017-01-20 16:42

33

Cognitive & Perceptive Cameras

COPCAMS

Public version

Figure 24. USRP as spectrum analyser on centre frequency 2.45 GHz with higher order harmonic

Figure 25. The directivity of the quad antenna measured with the USRP

Chip-on-Antenna approach
The RF signal acquisition part of the system was also improved. In particular, to overcome the
latencies caused by the application of the TDMA technique the alternative approach was proposed,
called “Chip on Antenna”, developed at GUT-MSD. This is an analogy to CDMA (Code Division
Multiply Access). As a result RFID switches were eliminated, simplifying the solution (Fig. 26).
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Figure 26. Chip on Antenna solution scheme

In the “Chip on Antenna” each antenna is mounted on the base board which is both the ground
reflector for RF signals and RF micro-controller buffering portion of the RF data inside and handling
the communication between RFID tags and itself (Fig. 27).

Figure 27. Chip on Antenna base board

The base antenna board is also responsible for transmission of the acquired data to the host
processor via 4-wire SPI protocol which could be clocked up to 10 MHz. In this approach each
antenna receives and buffers RF signals transmitted from the RFID tags located in the antenna’s main
lobe. The data acquisition is performed simultaneously as each base board is equipped with
autonomous asynchronous chip. The transmission of data to the host processor is also
asynchronous and interrupt-driven. SPI connection is not required to be established in cases when
antenna did not receive any signal. The host processor translates SPI signal in form of XML files
which could be parsed and analysed autonomously via host processing platform. The XML file format
could be organized as it is contained in the following XML script:
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Figure 28. XML script

The XML file is a form of metadata for the host processing platform. In the prototype the
BeagleBoard-xM was used (Fig. 29) with the core AM37X ARM Cortex A8, but any platform could
be used as well. The board is small factor single board computer with the Linux on a bootable SD
card. The platform has typical input/output interfaces such as a USB ports, Ethernet 10/100, VGA,
audio IN/OUT, PS2 expansion port, and CSI camera port. The powerful processor enables a
processing with performance of 2,000 Dhrystone MIPS. The several features of the platform are listed
below.

Figure 29. Beagle Board - xM
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The BeagleBoard’s CSI (Camera Serial Interface) allows connection of a dedicated camera
directly to the board and acquisition of images or video streams using dedicated drivers. One of the
CMOS sensor compatible with the Beagle Board is the Leopard Imaging Sensor (Fig. 30).

Figure 30. 5M Resolution Camera Board for Leopardboard, CS Mount, No Lens

Interfacing the Leopard Imaging Camera Board with the Beagle Board leads to autonomous small
factor smart CCTV platform with an efficient processor onboard and high resolution sensor. The
last step which allows working with images is the lens. The final setup with Beagle Board – xM,
Camera Board and lens used at GUT-MSD is shown in Fig. 31.

Figure 31. Beagle Board – xM interfaced with Camera Board and Lens

To control the camera Pan and Tilt by using RFID-based coordinates the additional upgrade
was performed. A servo bracket plug-in enabling steering the camera was attached and programmed
(Fig. 32). The servo bracket is controlled from BB-xM using PWM (Pulse Width Modulation) signals
where the square signal period is related to the servo angle. The final prototype is able to steer the
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PTZ camera using the PWM signal. The software part provides several rules for tracking: e.g. last
object detected, first object detected, object which is nearest to or farthest from the antenna, selected
object classified as VIP, any moving object with the highest priority.

Figure 32. Pan/Tilt servo bracket

Recent work was focused on modifying the RFID tag for proper object detection and distance
measurements with the RSSI (signal strength estimation) estimation. The novel tag has the ability to
be configured as a transceiver, therefore farther located objects could be recognized by the
tracking algorithm properly. The RFID tag EDA model and the manufactured unit are presented in
Fig 33.

Figure 33. Novel RFID tag: model and practical realization
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Figure 34. Final directional RFID antenna matrix with a pan-enabled camera, and new tag

The documented RFID antenna setup allows for detection and localization of RFID tags
mounted on protected equipment or carried by authorised personnel. Integration of this solution
with multi-camera system was conducted within the Task T5.3 for the purpose of Building
surveillance demonstrator. A testing scenario involved three objects (a person, a protected briefcase,
and a laptop), antenna with PTZ camera on top for detailed close-ups, and fixed camera for room
overview. Unauthorized man enters the room, is detected and tracked, and once he takes the protected
object the PTZ camera starts to follow the object movement, showing the perpetrator in a video frame.
Finally the person exits with the objects and alarm is raised (Fig. 35).
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Figure 35. 35. Phases of demonstration of multicamera and RFID application of equipment protection

2.3.4 Outcome of the experiments
The results obtained for each demo are described in the following points.

2.3.4.1 Demonstrator of Particle Filtering method for object tracking
The procedure of tracking a single object using the particle filter, then estimating the object
position and size was tested in real conditions, using a video recorded by a camera mounted on a
flying drone. Detailed analysis of algorithm performance is provided in D3.7, Sec. 9 [5], including
several approaches to the parallelization method. Obtained processing speeds measured in frames per
second (FPS) are:
-

Titan Black GPU: range of 80-800 fps for

-

Jetson K1: range of 3-125 fps.

The range variability depends mainly on number of particles and size of the tracked object.
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Above algorithm parameters (object size and particles count) influence accuracy of object
localization. For example for an object of a size of 50x200 pixels mean square error (MSE, here
denoting mean squared Euclidean distance between the actual and predicted location of the object’s
centre) is between 14 and 90 pixels.
The algorithm configuration should be adjusted to a particular scenario’s requirements and
conditions: larger objects are more suitable to be tracked by slower platforms, still achieving high
speed. It must be stressed that the object size is expressed in number of pixels; therefore the image
resolution must be taken into consideration, as well. For example the object with an area of 10k pix
occupies ca. 50x200 pixels (depends on object’s proportions), and is tracked with a satisfying speed of
28-37 fps on the slowest platform. If the input image is 1280 x 720 (921.6k pix), then this object is
1/25th of the image width. If the image is 640 x 480 (300k pix), then this object is 1/13th of the image
width.
All platforms’ power consumption was assessed as well: energy per task (processing single
video frame) deviates in range 0.31-0.34J for Jetson and Titan, respectively, to 0.79 for notebook
graphic card GeForce 840M. Average drawn power is 9W for Jetson, 36W for 804M, up to 90W for
Titan. Therefore planning practical applications one must consider speed and power consumption to
find an optimal balance.
More detailed results are available in D3.7 [5], released at the same time as this report.

2.3.4.2 Demonstrator of Optical Flow algorithm for crowd monitoring
Depending on the chosen method, its parameters, image resolution, and the used platform, a single
frame processing time is in a range 0.01s to 10s. Generally the TK1 platform is faster than TX1 by
25% to 77%, and GT740M is ca. 10 times slower than TK1. Mobile GPU consumes ca. 6.5mWh for
processing a single frame, while TX1 with the same algorithm configuration uses 1.6mWh.
The accuracy expressed by average angular error (AAE) for the direction of detected flow, and
root mean square error (RMSE) in the estimation flow velocity depend on the used method, its
parameters, and on input images. Obtained accuracies are in ranges: 1-18 degrees AAE, and 0.45-25
RMSE (see: D3.7, Sec. 7.2 [5])
In a practical application a balance should be maintained between chosen method (more or less
accurate, and in consequence slower or faster), input image resolution based on object size expressed
in pixels (slower or faster computations), and finally a processing platform (resulting in lower or
higher power consumption). For example input image of 640x480 pixels is processed on Jetson TX1
in 0.14s by Farneback algorithm, but expected errors are 2-4 degrees AAE, and 0.6-3.5 RMSE.
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The accuracy of counting persons in large groups using optical flow algorithms was evaluated.
During the passage of 108 persons in small (pairs, triples) and large groups (up to 10 closely
walking persons) the algorithm counted 106 individuals. The detailed momentary estimation and
actual value are presented below (Fig. 36).
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Figure 36. Results of counting persons experiment

This algorithm can be applied for crowded areas where the estimation of number of persons is
significant for area security. For example managing the number of people inside public area sectors
during large events, then redirecting excessive groups to more spacious sector. This method can be
applied in scenarios where object tracking algorithms based on background subtraction cannot
separate individuals because of the people number and density. Therefore the implemented counting
method based on Optical Flow is a valuable extension of Smart Cameras for indoor and outdoor
safety.
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2.3.5 Improvements over 2013 baseline reference
2.3.5.1 Object detection and tracking
The baseline used to check the improvements in these algorithms is the output of the standard and
widely used background subtraction algorithms. Numerous adapted video processing algorithms
assume a fixed position of the camera and compute a background model. It has important limitations:
inability to move the camera, and susceptibility to unstable frame (shaking camera), as every change
in the image is treated as a foreground object.
The improvements of the particle filtering algorithms allow tracking individual pixels or small
regions in the image. It creates a robust tracking of a selected object, event with constantly changing
background, operating properly for camera panning, shaking, or high amount of motion in the
background. An additional improvement is the adaptation of this computationally heavy particle
filtering algorithm, and bring it to a Smart Camera.
In the context of visual crowd monitoring, the baseline algorithms have an additional drawback:
each individual figure must be visually separate from others. With the developed algorithms based on
Optical Flow, the Smart Camera with appropriate processing unit can process video and obtain the
motion flow faster than CPU-based implementation.

2.3.5.2 Inter-camera object tracking
At COPCAMS starting point, there was not robust multi camera monitoring systems with an
automatic object identification of moving objects from one camera field of view to another. The usual
method to identify and track a given object through multiple cameras was to have a system operator to
keep track and recognize the individual as required.
The algorithms developed by GUT team allow automatic object re-identification methods than can
improve on this drawback.

2.3.5.3 Passive and RFID Radars
Recent development of video surveillance systems and Radio Frequency Identification technology
(RFID) paved the way for exploitation of broad range of means for tracking and object localization.
Extending the surveillance systems with RFID enables estimation of the location and identification of
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a person equipped with a radio tag, as well as tracking tagged goods and equipment. Therefore the
application of RFID allows for an improvement of the system accuracy and reliability. Moreover, the
automation of object tracking could be applied as well.
The work carried on by GUT team has developed and automatic system of object detection and
camera position estimation to focus on this object by a set of events detected by these radars. It implies
a new information sources for object detection in a wide area apart from the information acquired and
processed by cameras.

2.4 Object

and

Environmental

Detection

for

Road

Based

Environment
2.4.1 Setup description
This study aims at providing a concrete solution for object and environmental detection
through stereo vision and more specifically for road based environment.
In order to factorize our work on different tasks (obstacle detection, autonomous vehicle for
building surveillance, and sensor fusion), the system has been designed for an embedded platform
mounted on a radio-controlled car (1/10th scale).
Consequently, we have limitations on the embedded computer and therefore the computing
power was limited. The algorithms involved in the processing pipeline have to be chosen with regard
to their computational resource needs.
In the same time, using stereo vision implies consuming part of these resources in order to
generate a depth map. For that reason, we focused on resource-efficient algorithms to post-process
depth information and extract obstacles position.
The choice of stereo vision instead of 3-dimensionnal LiDAR is a way to reduce cost. In that
sense, it fits our exploitation plan for the development of an affordable reduced-scale autonomous
vehicle. Unfortunately, while being less expensive than LiDAR, stereo vision suffers some
drawbacks.
Basically, stereo matching algorithms produce sparse depth map with lower confidence than a
LiDAR would generate. This will be detailed in a dedicated section, but stereo matching algorithms
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themselves are not the focus of this study. It is a complex field that can be discussed apart. Instead, we
will use state-of-the-art available implementations of those.

2.4.2 Scenario
To overcome the sparsity of depth information with limited resources, the presented approaches
make assumptions on the environment geometry to be real-time capable on the targeted hardware
platform.

2.4.2.1 Unknown environment
The first approach we made assumed no prior knowledge of the vehicle environment, except fact
that the floor is relatively flat. We used U/V disparity [11] to extract planar shapes from depth map,
that are largely represented in urban areas in which our vehicle is supposed to be operating.
The main advantage to this method is the fact that it consumes a relatively small amount of
computation time, but it does not perform well on uneven ground. Then, several techniques have
been used to refine and combine U and V disparities images (see 2.4.4.1).
As the result, we obtain a 2D top view of the obstacles in front of the car, but there is no
differentiation on moving and fixed objects until that point. The next step consists in the fusion of the
map into sensors referential. Once surrounding obstacles positions are reported into global map, the
path planning algorithm can be used with a GPS coordinate as input.
When pipeline is validated, we optimize it by implementing section of the pipeline with CUDA
to take benefit of the embedded GPU.

2.4.2.2 Prior knowledge of the environment
During the tests on the racetrack, we pointed out the fact that the car was running on the same area
all the time. In that case, knowing the environment beforehand can be used to predict obstacles
position instead of detecting it. This can also be applied to building surveillance. To achieve that, we
worked on a solution using a pre-acquired 3D map of the racetrack.
Then by using an ICP mapping algorithm [12] we managed to find correspondence between the
depth map produced by the stereo camera and the racetrack map. The results obtained are detailed
in the corresponding section. The 3D map acquisition was made using VisualSFM software
[13][14]. Hundreds of photos taken from different angles are fed into VisualSFM to produce the map
off-line. Finally, some parts of the map are fixed by hand to remove peaks generated by low texture
areas.
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2.4.3 Outcome of the experiments
The hardware platform is composed of a 1/10th scale RC electric car. As the car can reach
60km/h and may cause injury, we've designed a module to be able to take the control back from a
remote control at any moment. The module is composed of an Arduino that control steering and
throttle of the car in real time and that can take input from either embedded computer or remote
control. A heartbeat was also implemented between the computer vision board and the Arduino.
In case of missing heartbeat, the control is automatically given to remote.
The first embedded computer we used was a Raspberry Pi 2 model B. The good integration of
tools and libraries by the RPi community simplified the development of this first prototype. It allowed
us to run simple algorithms like blob detection and verify the whole control chain running on top of
the car. The Raspberry Pi 2 has rapidly shown its limits when running more complex algorithms.
At this moment we looked for an embedded GPU solution and the Nvidia Jetson TK1 seemed
appropriate for the task as for its computing power than for its already existing CUDA based OpenCV
functions. As many embedded GPU are designed for smartphone application, not everyone supports
OpenCL and OpenGL require "tricks" to be used on general purpose tasks.

Figure 37. Autonomous car first prototype with Raspberry Pi

2.4.3.1 Stereo vision Algorithms
Depth map computation from stereo pair is composed of the following steps.
1. Calibration and correction
Most of the stereo vision computing time is spent at matching pixels of the same areas in the
image pair. In order to reduce algorithmic complexity, we ensure that epipolar constraint between the
two images is fulfilled (Figure 2). First of all, both cameras are calibrated separately to remove
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effects of lens distortion and sensor/lens misalignment [15]. The two cameras alignment is then
characterized. For that, we finally used the camera calibration tool implemented in ROS [16] and
running on top of OpenCV functions.

Figure 38. Epipolar constraint ensure that for every pixel, the corresponding one, if it exists, is on the same plan.

The calibration is done by taking pictures of a chessboard under different angles, and then
correction matrices are then generated by the script and stored in a file.
2. Matching
Computing depth from stereo pair implies to match pixels from two images. The horizontal
distance between two corresponding pixels is called disparity and can be translated into depth through
the following equation:
𝑍=

𝑓·𝐵
𝑑

Where “Z” is the depth distance, “f” is the focal lens value, “B” is the baseline and “d” is the
disparity distance. In this case, “f” and “B” are constants so the relation is linear.

Figure 39. Disparity Image Space slice
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We used semi-global block matching [17] implementation from OpenCV [18]. We also
implemented a simple version of the algorithm to get a better understanding of the multiple tuning
parameters.

3. Post processing
There exists different techniques of disparity refinement like peaks removal, high confidence
voting, nearest reliable disparity filling [17][19][20]. At the time we started working on stereo vision,
there was no complete disparity refinement solution. Thus, we implemented nearest reliable
disparity filling method and then discarded it for performance reasons on the embedded platform.
The proposed algorithm for embedded platforms is Weighted Least Squares filter.

2.4.3.2 U and V disparity
For the autonomous vehicle we develop in this study, we are not especially interested on road
detection but on areas that are accessible to the vehicle. The 3D shape based detection allows
detecting accessible areas without road dependent features like lanes or asphalt. The algorithm we
need has to detect a contiguous flat area. The V disparity algorithm [11] was an interesting choice for
us, as it extracts plane aligned on the v axis from a depth map.
The first approach was intended to use only V-disparity to extract the road area from depth map
and to keep the car on it. We implemented V-disparity for CPU, then on the Jetson TK1 GPU with
CUDA. Once it has been computed, the road projected profile has to be recognized in V-disparity
image. But before, the perspective distortion is removed by applying tan to the V-disparity space.
Figure 4 show the raw V-disparity arctan shape profile.

Figure 40. V-disparity unrectified (arctan shaped)

Once the perspective is corrected using a tangent, the Hough transform [21] is used to extract a
line, but the results are not robust enough due to the vertical objects appearing in the V-disparity.
The resulting road profile detection is disrupted by these additional shapes.
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In order to refine that, the vertical objects have been removed from the scene as a
preprocessing step. By using U-disparity, the vertical areas are set in evidence in grey levels so they
can be suppressed from the depth map. By defining a “verticality” threshold it is possible to
consider only sharp obstacles. Another threshold is applied on the total height of the obstacle to
ignore small objects.
After the preprocessing is applied on the depth map, the V-disparity can be computed from the
scene which is cleared from every vertical object. The road plane detection is now more robust as
there is no vertical shape anymore on the V-disparity.
With the road profile and the depth map, one can extract all pixels belonging to the road plane
in the scene. Then a detection window in which we count the percentage of non-road pixels (obstacle
or no road) is used. Under a predetermined percentage of inaccessible pixels, it is considered that the
car should stop. This implementation gave good results in simulation as a frontal collision was not
possible with the obstacles present in the scene.
On CPU right now, V-disparity alone takes about 25-30 milliseconds to be generated. It would
be quite appreciable to reach above that as we need to compute multiple disparities map and Hough
transform. To do so, one solution is to use GPU acceleration, since it is highly parallelizable. As other
algorithms are supposed to run on the side, it seems quite important to optimize as much as possible
and use all hardware capabilities. The complete processing including V-disparity, U-disparity and
Hough transform take between 70 and 80 milliseconds on CPU and drop to 3 to 5 milliseconds on
Jetson TK1 GPU with CUDA with 640x480 pixels images.

Figure 41. KITTI stereo pair (left) [22]
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Figure 42. Sparse depth map

Figure 43. Obstacle detection

2.5 CPVS for Smart Building Scenario
Smart Facility and Building Management generally involves a number of disciplines and services.
The most general description to identify the market segment is to understand Smart F&BM as the
integrated management process that considers people, process and place in organisational context,
being focused in the design and improvement of intelligent buildings (IB) and the coordination and
optimization of several domains: facilities, life security, physical security and information technology.
The video surveillance system, that is a mainstay of building security, could serve also for this
purpose. The analysis of digital images addresses aspects of physical security but may go way beyond
that to provide data and information for building life safety, energy management and overall building
performance.
In this context, the Cognitive & Perceptive Video Systems (CPVS) enabled by COPCAMS would
represent a significant step towards wider adoption of embedded vision systems within the smart
facilities & smart building management domain. COPCAMS could provide an HVAC control strategy
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based on occupancy prediction and real time occupancy monitoring, as an added value feature, beyond
the current state of the art in smart surveillance systems.
This new approach would provide advanced features in an emerging market, where and improved
performance and reduced energy consumption will facilitate the use of embedded cameras not only as
simple sensors, but as a distributed cognitive system, going beyond smart surveillance.
The work during this field test has been focused in testing and iteratively improving the approach
(together with the use case Cognitive and Perceptive Cameras Systems for Smart Facility
Management Domain described in D5.1 – Large Area Surveillance Applications Specification [6]), in
order to identify a minimum viable service (MVS) that can be provided to different clients as a
comprehensive solution within the Smart Facilities and Smart Buildings Management domain, taking
into account performance, cost, efficiency and deployment requirements.
To check the feasibility of the use case, and determine the scenario structure, evaluation strategy
and validation, a deep study of the state of the art has been performed, and different algorithms and
approaches have been analysed.
The aim has been to define a set of candidate algorithms and approaches, and identify an initial
configuration for the field test. This approach has taken into account the basic requirements: identify a
minimum viable service (MVS) that can be provided to different clients as a comprehensive solution
within the Smart Facilities and Smart Buildings Management domain, taking into account
performance, cost, efficiency and deployment requirements. The strategy has been focused in the
potential use of a CPVS to provide different functions/profiles depending of different situations. The
goal, therefore, was to provide a set of algorithms that could provide good success rate in general
conditions. That is, to address situations where customization of the environment are not possible, and
where different cameras, with different camera resolutions, camera angles, light intensity, scales... will
be used. The approach, therefore, is based in a cascade of algorithms to give a better and more reliable
solution, instead of providing a single-algorithm-dependent implementation. In other words, all the
components are connected wisely, in different combinations to the required situation.
Having as reference the algorithms initially defined in WP3, the iterative process has led to a set of
final components, implemented in the Application Support Layer -using the component-based
interfaces approach-, that have been validated in the field tests -analysing its performance with
different CPU/GPU configurations-, that address two fundamental needs in Smart Facilities &
Building Management:
•

Occupancy Based Demand Response for HVAC.

•

Detection of Intrusions Indoor Work Area.
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2.5.1 Setup description
The setup of the system has been as follows: A COPCAMS platform (PC+GPGPU) with a single
camera has been placed in an indoor working area. The platform has been configured with the specific
COPCAMS components, that process the input from the camera and register the results, in order to be
sent to a main station that could feed a smart HVAC system for occupancy prediction, a business
intelligence unit, a dashboard or a decision-making system.

Figure 44 Process Unit / Main Station setup

The described setup has taken place in an indoor controlled area. We have assumed that the
system is correctly installed to cover the monitoring area and the cameras are calibrated.

2.5.2 COPCAMS modules involved
For CPVS for Smart Building Scenario, different candidate algorithms have been developed, and
analysed. An iterative process has led to a set of final components. Within the Application Support
Layer of the COPCAMS’ middleware, CCTL has generated specific features for human detection,
and occupancy calculation based on person counting, and implemented the respective services
through a component-based approach. This approach -based in a basic, common interface- facilitates
the provision of different CV components that can be used in high-level applications. To generate the
specific outcomes for analysing the different configurations, specific components have been
developed:


CPVS for Smart Building Application: This is the main component. It orchestrate the
communication with the Main Station, and enables the activate services for occupancy
detection based on people counting, and detection of human intrusions.



People Counting Script: This is a C++ component, that registers data captured in realtime, to evaluate the performance of the service.



Detection of Human Intrusions: This is a C++ component that registers data captured in
real-time, to evaluate the performance of the service.
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The final components of this demo make an intensive use of OpenCV 3.0, that are well
optimized for GPGPU architectures, and therefore the usage of WP2 tools (Kommentator
and PPCG) has not been included.

2.5.3 Scenario
The field test scenario has been performed in CCTL facilities. As described before, the scenario
has been focused in testing the potential use of a CPVS to provide different functions/profiles
depending of different situations. In this case, the field test aims to explore the possibility of a
COPCAMS system that is initially working as part of an Occupancy Based Demand Response HVAC,
(“HVAC mode”) to change to “surveillance mode” to detect intrusions in the specific indoor zone.

Figure 45 Description of controlled area

On a particular moment (triggered simulating the end of working time), the system has been
required to change to surveillance mode, and detect human intrusions in that working zone. The results
have been registered, in order to be sent to a main station that could feed a smart HVAC system for
occupancy prediction, a business intelligence unit, a dashboard or a decision-making system.
The evaluation strategy has followed an iterative process, where the algorithms and the overall
COPCAMS performance has been analysed in different target platforms, leading to a final set of
components that have been implemented in the Application Support Layer, and tested in the field tests.
The scenario has been tested in two different versions: A CPU configuration (AMD A8
7410@2.2GHz ) and a GPGPU for embedded applications (AMD Radeon R5 M330).

2.5.3.1 Occupancy Based Demand Response for HVAC
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This feature is focused in exploring the potential of COPCAMS for HVAC control strategy, based on
an occupancy monitoring system capable of detecting the number of occupants in real time to feed a
HVAC prediction system. Occupancy detection can be a complementary input for light control,
HVAC and elevator dispatching.

After analysing and testing different approaches, the final implementation has been setup as follows:

Figure 46 Occupancy Detection solution

The person detection has been implemented with Hog detector. Even though Hog is slower than Haar,
it has provided enough efficiency in the test performed. As an advantage, it provides more accuracy
and less false detections. The Movement filtering (filtering not moving objects) has been generated
iterating the MOG background subtractor. The multi-object tracking, to track the detected persons is
based on KCF algorithm. It is enough faster and reliable, and can be parallelized. The output from the
movement filtering and tracking is synchorized with Hungarina Matching. Finally, the direction of the
detected person in the scene is analysed, configuring two areas in the scene (in/out of selected area),
used as reference to increase or decrease the occupancy level.
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Figure 47 Detected person in transition to controlled area

2.5.3.2 Detection Of Intrusions In Work Area
The detection of intrusions in a specific area has been implemented with Hog detector. Therefore,
it can be understood as a subset of the occupancy detection. As described before, the field tests have
been focused in addressing different situations, simulating the specific needs that we will find in the
commercialization phase. In the field test, the whole scene was defined as controlled area to detect
intrusions. This setup can be changed, and configured with a variable to set a specific area, defined as
controlled area within the scene.

Figure 48 Person Detection

2.5.4 Outcome of the experiments
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The analysis of the outcomes has been focused in evaluating the performance of the solution in
two different versions: A CPU configuration (AMD A8 7410@2.2GHz ) and a GPGPU for embedded
applications (AMD Radeon R5 M330), to evaluate the enhanced capabilities of a multi-core platform,
that can be provided to different clients as a comprehensive solution within the Smart Facilities and
Smart Buildings Management domain, taking into account performance, cost, efficiency and
deployment requirements.

2.5.4.1 Occupancy Based Demand Response for HVAC
The final results, after the analysis of different videos, with different timeframes, are the
following:

Occupancy - CPU vs GPGPU
hungarian algorithm

person tracking

person detection

background subtraction
0

2

4
GPGPU

6

8

10

12

14

16

CPU

Figure 49 Occupancy detection CPU/GPGPU comparison

The GPGPU configuration speed-up the person tracking, person detection and background subtraction
phases. Therefore, the accuracy is highly improved. Below as follows, the comparison of three
different video samples is shown:
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Figure 50 Occupancy Detection Analysis

The GPGPU results are highly accurate, even though the solution is not fully efficient when
applied to crowds. It is important to remark that this approach is based on the study of the behaviour of
an office environment. That is, the algorithm is not intended to address the needs of people counting in
crowds, but analysing the occupancy based on transition areas. The field tests have validated the
approach, and it use as input data for HVAC systems, for occupancy prediction will mean a new
solution for Smart Environments.

2.5.4.2 Detection of Intrusions In Work Area
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Figure 51 Person Detection CPU/GPGPU comparison

The GPGPU results are highly accurate, and validates the overall approach, addressing properly
two fundamental needs in Smart Facilities & Building Management: Occupancy Based Demand
Response for HVAC and Detection of Intrusions Indoor Work Area.

2.5.5 Improvements over 2013 baseline reference
As stated before, while the video surveillance system is a mainstay of building security, it may
serve many purposes. The analysis of digital images addresses aspects of physical security but may go
way beyond that to provide data and information for building life safety, energy management and
overall building performance. However, though during last years a wide range of new applications
within computer vision have been enabled, the baseline reference in 2013 was showing that network
bandwidth, server processing and cost had been inhibitors for these opportunities up until now.
Additionally, the traditional vision of a vertically structured market prevented the adaptation to a
growing demand of dynamism and flexibility in the context of Smart Facility Management. The
market was demanding not only more efficient, flexible and autonomous surveillance systems, but
also the integration of video systems to provide more data and information for energy management
and enhanced building performance.
One of the key trends in Smart Facilities & Building Management is to provide solutions that can
take remedial actions automatically, providing a coordinated response in the “foundational systems”
such as security, electrical and lighting distribution or HVAC (heating, ventilation, and air
conditioning). For instance, the heating, cooling and ventilation represents for 30% of energy usage
and for 50% of the electricity. Currently, most modern buildings still condition rooms assuming
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maximum occupancy rather than actual usage. As a result, rooms are often over-conditioned.
Temperature and CO2 levels are two main conditioning factors to consider for HVAC control
strategies. Temperature only requires a binary indication if a room is occupied, which could be
implemented using a Passive Infrared Sensor (PIR). However, CO2 ventilation rates are a function of
the number of occupants and cannot be effectively controlled via PIR. CO2 sensors are problematic
for ventilation control since they may require a significant amount of time before detecting CO2
buildup. Thus, an HVAC control strategy must utilize an occupancy monitoring system capable of
detecting the number of occupants in real time.
During this field test, the combination of sensing technologies with the already consolidated need
of retail market for security systems has been validated. The analysis of images, usually used for
physical security, has been included in a broader solution, to provide data and information for building
life safety, energy management and overall building performance.
The Cognitive & Perceptive Video Systems (CPVS) enabled by COPCAMS represent a
significant step towards wider adoption of embedded vision systems within the smart facilities &
smart building management domain. CCTL has validated a prototype that can provide an HVAC
control strategy based on occupancy prediction and real time occupancy monitoring, as an added value
feature, beyond the current state of the art in smart surveillance systems. In this sense, the current
prototypes based on HVAC prediction systems can save over 15% of overall energy consumption.
This new approach will provide advanced features in an emerging market, where and improved
performance and reduced energy consumption will facilitate the use of embedded cameras not only as
simple sensors, but as a distributed cognitive system, going beyond smart surveillance. The CPVS for
Smart Buildings has also validated the Component-Based approach, as a way to reduce barriers to
product development and market entry. The outcomes of this field test provide a solution with clear
competitive advantages: flexibility and higher performance, together with high composability than can
be applied to different platforms in a field-proven technology.
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3 Summary of T5.3 achievements
As it has been presented, in COPCAMS there are several achievements that have been completed
in the different demos.
Although it has not been possible to use in all demonstrators, in COPCAMS project a high level
SDK has been created with high level function that uses and take advantage when possible of the
embedded and multi-processor platforms characteristics.
The migration and deployment of algorithms based on traditional PC architecture to a new one
based on embedded platforms allows to get better efficiency in power consumption maintaining or
even increasing the performance in terms of images processing per second (FPS).
Those migrated algorithms and the new ones developed during the project have been designed to
optimize their execution and parallelization capabilities to extract the maximum power from the
project platforms. It implies to achieve real time processing algorithms in crowded areas or classifying
objects. Although not always is possible to parallelize or to obtain an huge advantage of using a multi
core and/or multi thread approach, it is possible, for example, to combine different object detection
algorithms with image enhancement modules to increase the object detection and classification rate
without significant performance lose, been able to maintain a real time processing scheme. Another
example is the use of vision algorithms for obstacle detection in real time using 3D images.
In terms of security, there has been shown how different smart cameras can process their own
images in real time, extract the information and communicate between them and with other
sensors (acoustic, RFID, etc.) to create a wide intelligent sensor net for object tracking.
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4 Relevant target markets
TECNALIA have been speaking with Basque Country Public Authorities about the possibility
of implementation and use of COPCAMS output in their control centres for traffic surveillance. From
Basque Government, they were glad to know there are improvements in this technology but they
also told us that from a real and economical point of view, it would be very difficult to change the
current system to a new one.
That is, because in Europe there are two main vendors of traffic solutions and, for each country,
the entire infrastructure is build according to one of these systems (all the Spanish traffic system is
based on Trafficon solution [10]). So, the change of all the equipment, infrastructure and cameras is
going to be near impossible, locally in Basque country, and in Europe in general.
It is different in new markets and countries where there is not a well-defined infrastructure or
without any legal consideration about this type of traffic surveillance systems. There is a real market
where invest, but this work needs to be done from a private company as an addition to other
works such as new tunnel constructions, new highways, etc.
Within the UK, TUKL have been demonstrating the RMD COPCAMS technology to a
number of potential customer/collaborators ranging from SME’s to government and corporate
entities. The details of such contacts are commercially sensitive and cannot be disclosed here, but
actual business exploitation is in progress.
The RMD COPCAMS technology has also been demonstrated (in 2016) to the senior Thales
management responsible for both the innovation and security aspects of the Mexico City vast camera
installation and in the growing security market in Brazil, with follow-ups.
Detailed reporting of TUKL’s Market Analysis and exploitation plans is presented in “D6.6
Final Exploitation Plans Including Business Plans” [8].
Research of GUT team is focused on enabling new functions for Smart Cameras –methods
for tracking objects with moving cameras, and methods for locating sound sources with dedicated
acoustic sensors and PTZ cameras. The result applications lay in the scope of interest of safety,
surveillance, transport and aerial markets. As a consequence, the achievements in development of
algorithms and hardware raised an interest of an experienced Polish firm Microsystem Co. Ltd.,
which during past 2 decades installed more than 25.000 cameras in various monitoring systems and
also of another firm (a large enterprise) Sprint S.A. which has installed traffic monitoring systems in 3
Polish big cities. GUT is currently engaged together with those firms in preparing several new project
proposals built atop of COPCAMS project experience, including ECSEL and Horizon2020 programs.
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GUT was also invited to present project's results at Airfair Technology Exhibition in
Bydgoszcz, Poland. This event was initiated by a company Wojskowe Zakłady Lotnicze (Military
Aviations Industry) interested in the potency of the developed technologies.
As provider of its own tool for the management of facilities -ServiceONE®-, CCTL targets public
and private organizations with a wide range of assets and areas that are difficult to manage due to their
complexity (Banking, Hospitals, Hotels, Infrastructures, Logisctics, Pharma, Public Admin…).
The outcomes from COPCAMS are representing a significant step towards wider adoption of
embedded vision systems within the Smart Facilities & Smart Building Management domain. With the
outcomes from COPCAMS, CCTL is providing enhanced solutions, integrating smart video
applications in future releases of its Infrastructure and Facility Management solutions.
CCTL is currently working in the definition of strategy for the commercialization phase, taking
advantage of the flexibility provided by the new CPVS implemented in this project, to consolidate our
position as provider of integrated services in Smart Facility Mangement domain for surveillance,
energy management and enhanced building performance, and generate innovative solutions to
strengthen our strategy for a wider deployment within the Smart City domain.
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