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Abstract—The demand for real-time video analytics is increas-
ing due to the prosperity of surveillance cameras in smart spaces.
In this extended abstract, we present our stream processing
platform to dynamically deploy, manage, and upgrade software-
defined video analytics. Our key innovation is to divide a smart
space into multiple Internet-of-Things (IoT) zones. Each zone
consists of a set of geo-collocated IoT devices, heterogeneous
networks, and edge servers. By creating a hierarchical archi-
tecture of IoT zones, our distributed platform achieves better
scalability and flexibility. We implement our stream processing
platform using a set of opensource projects. We deploy it on
a real testbed of eight smart street lamps on our campus, in
which four surveillance cameras stream live videos to an edge
server. The edge server runs multiple video analytics following
the user demands, and the analytics results are stored in a
time-series database for future usage. In this demo, we will
demonstrate two sample video analytics: illegal parking detection
and people counting. The conference attendees will get to navigate
through our Web user interface for various operations, e.g.,
selecting surveillance cameras, rewinding to earlier date/time,
and visualizing analytics results in plots. We believe our demo
will stimulate constructive discussion at the conference venue in
this emerging research area.

Index Terms—IoT analytics, fog computing, virtualization,
stream processing

I. INTRODUCTION

Increasingly more surveillance cameras are being deployed
in smart spaces, e.g., Atlanta city is reported to have more than
7800 cameras in 2019 [1]. Many of these cameras are used
for real-time video analytics, which refers to the process of
analyzing video streams for useful information. Examples of
video analytics include traffic flow analysis, speed estimation,
car tracking, illegal parking detection, and people counting.
Some surveillance cameras may support one or a few video
analytics implemented in hardware chips. Deploying a wide
spectrum of video analytics in smart spaces, therefore, faces
two major difficulties: (i) new video analytics dictates new
surveillance cameras and (ii) upgrading video analytics al-
gorithms on the existing surveillance cameras is expensive,
tedious, and error-prone, if at all possible.

One way to mitigate the difficulties is to employ software-
defined video analytics, so that: (i) new video analytics can
be deployed and (ii) new algorithms can be installed without
purchasing new surveillance cameras. Software-defined video
analytics require general-purpose computation and storage
platforms, which may be fulfilled by cloud data centers. That
is, we may stream the surveillance videos to data centers
for analysis, and send the results back to end-users. Doing
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Fig. 1. Distributed edge servers for stream processing in IoT zones.

so leads to new issues: (i) data centers are often far away
from surveillance cameras and end-users, which may cause
excessive delay and (ii) the surveillance videos have non-trivial
bitrates, which may overload the bottleneck links between the
surveillance cameras and data center servers.

A better solution is to deploy edge servers closer to the
surveillance cameras and end-users. The edge servers are used
to host software-defined video analytics in an on-demand
fashion. More specifically, the surveillance videos are sent to
an edge server and stored in a database on it. The edge server
supports stream processing of (i) live videos from the surveil-
lance cameras and (ii) historical videos from the database. In
this demo, we consider surveillance cameras (and potentially
other sensors) deployed on our campus. To better organize
the geographically distributed resources (sensors, servers, and
networks), we propose to associate each edge server to a
geographical region, called an Internet-of-Thing (IoT) zone.
Each surveillance camera, therefore, streams its videos to the
edge server of its zone. The edge server also performs stream
processing of software-defined video analytics. Realizing the
above vision results in the following design decisions:

o Data exchange among edge servers of different loT zones.
To achieve better scalability, hierarchical IoT zones and
edge servers are proposed.

o Dynamic analytics deployment on edge servers. To realize
fast deployment, virtualization and orchestration tech-
nologies are employed.

o Video lookup on edge servers. To ensure efficient retrieval
of historical videos, a time-series database is used.
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Fig. 2. An IoT zone on our campus.

Fig. 3.
campus.

More details on our system design, implementation, and
evaluations are given in the rest of this extended abstract.

II. OUR PROPOSED STREAM PROCESSING SYSTEM

In this section, we present our stream processing system
tailored for software-defined video analytics.

A. Overview

Fig. 1 illustrates our envisioned system. Our smart campus
is divided into multiple zones. All zones are managed by
a campus (parent) edge server, which deals with the cross-
zone video analytics. The broker of each zone manages data
exchanges among sensors (publishers) and end-users (sub-
scribers). It is also responsible for communicating with the
campus edge server. In our proposed system, we employ a
two-layer architecture with the pub-sub structure, which can
be generalized to more layers for larger smart spaces. The
video analytics may retrieve videos from both the broker
and database. The analytics are dynamically deployed in the
zones to satisfy the changing demands. The database is a
collection of historical data (from sensors) and information
(from analytics) for longer-term usage.

B. Campus Deployment

We have built and deployed our proposed system on our
campus. Fig. 2 reveals an IoT zone, which consists of eight
street lamps next to the computer science department. Each
street lamp has two boxes: (i) a sensor box that hosts a
Raspberry Pi and digital/analog sensors, and (ii) a device box
that hosts an Ethernet switch and a compact PC serving as the
edge server. Four street lamps are equipped with surveillance
cameras. The sensors are connected to the Internet via GigE
and WiFi mesh networks. We plan to expand the deployment
to 400 smart lamps across our campus.

C. Sample Usage Scenarios

We present two sample usage scenarios of video analytics.
Illegal parking detection. Fig. 3 shows that we divide our
campus into several zones based on the major buildings and
open spaces. Once a car is detected to be parked illegally
within a zone, the edge server sends an alert to the campus
edge server and the security guard. In addition, the analytics
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Fig. 4. People counting analytics with bus dispatch-
ing algorithm.

keeps track of how long does the car stay there. The time
duration is sent to the broker and database. In some extreme
cases, a car may be illegally parked multiple times. When the
car leaves the campus, the campus edge server combines all
the illegal parking durations of that car for the total fine.

Bus dispatching system. In Fig. 4, we envision a bus
dispatching system on our smart campus. We divide the
campus into zones based on the bus stops. When a long queue
is built up at some bus stops, security guards are sent there
to manually count the queue lengths. Our proposed system
can be used to automate the process. That is, the edge servers
count the numbers of people in the queues. Once the campus
edge server receives the queue lengths from all edge servers,
it invokes a bus scheduling algorithm to determine where to
send the additional buses. Take the figure as an example, an
additional bus is dispatched to the most crowded bus stop at
the upper-left corner.

III. IMPLEMENTATIONS

We share our experience in implementing the stream
processing system in this section. Particularly, we build a
stream processing platform that analyzes streamed videos
using software-defined video analytics. The system is derived
from the testbed used in our earlier work on fog computing

(2] [3] [4].

A. Relevant Opensource Projects

Our stream processing platform is based on Pulsar [5],
YOLO [6], OpenCV [7], and InfluxDB [8]. Besides, we take
advantage of Flask [9] and Grafana [10] to visualize the ana-
Iytics results. We also adopt Docker [11] and Kubernetes [12]
for virtualization and orchestration. In the following, we briefly
introduce these opensource projects.

o Pulsar is a distributed messaging system that supports
publishing and subscribing to data streams with fault-
tolerant features. It shares similar goals with Kafka [13],
but offers additional features like geo-replication, multi-
tenancy, horizontal scalability, time-to-live, etc. We em-
ploy Pulsar to realize our broker.

o Docker is an OS-level virtualization technology, which
is lighter than virtual machines. It makes our analytics
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easier to deploy and manage on the resources-limited
edge servers.

Kubernetes is an orchestration tool for dockers. We
use it to deploy, monitor, and manage containerized
applications.

OpenCV is a BSD-licensed library written in C++ with
Python wrappers. We leverage OpenCV to handle surveil-
lance videos.

YOLO is an object detection classifier, which serves as
the basis of our video analytics.

InfluxDB is a schemaless database. It supports SQL-like
language and is optimized for time-series data. It allows
us to store and query analytics results as time-series data.
Flask is a light-weight and flexible Web framework for
Python. We rely on it for the user interface.

Grafana is a general-purpose dashboard using InfluxDB
as the backend. We capitalize it to monitor the status of
our overall system.
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Fig. 5. System architecture of our real implementation.

B. Testbed Implementations

Fig. 5 illustrates our testbed implementation, which consists
of three major components: (i) a pub-sub broker based on
Pulsar, (ii) a data collector based on OpenCV, and (iii) multiple
processors managed by Kubernetes. For better scalability and
reliability, we dockerize the collector and processors. With
Kubernetes, we can launch and restart the collector and
processors on-demand. The containerized collector receives
the video streams from multiple IP cameras. It serializes the
video frames to the data buffer of Pulsar. The processors
retrieve the data from Pulsar and analyze them. Processors
store the analytics results back to the data buffer of Pulsar. The
containerized processors host different video analytics, which
can be roughly classified into two groups. The first group
contains basic (common) analytics, such as video segmentation
and object recognition. The second group is comprised of
advanced (specific) analytics based on the results from the
first group. Example analytics in the second group include
illegal parking detection, people counting, and pedestrian area
monitoring. Last, Web application pulls the data from Pulsar
or InfluxDB and displays them on the user interface.
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IV. DEMO SCENARIOS

In this section, we describe the demo setup and give some
screenshots.
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Fig. 6. Our webpage showing the results from the illegal parking analytics.

Dashboard n & -

Username
Tenant  video-streaming
Namespace  processed-video
Topic | peopleCountPole1
08f31010fedd

Cursor

2019-09-08 14:47:43 a

9/8/2019, 2:48:27 PM

m cancel

detections 1

timestamp 2019-09-08 14:48:27

Fig. 7. Our webpage showing the results from the people-counting analytics.

A. lllegal Parking Detection

We employ OpenCV library to create two masks to represent
the detected car (smaller rectangle in Fig. 6) and the illegal
parking spot (designated unloading spots for trucks, larger
rectangle in Fig. 6). The car detection was independently
done by a separate object detection analytics and stored in
the database and potentially shared by multiple analytics. In
the illegal parking detection analytics, we compute the area
fraction of the intersection of the car and the spot out of the car
itself. If the fraction exceeds 20% for more than 20 seconds,
we declare an illegal parking event and send an alert to the
campus edge server and security guard.

At the demo site, conference attendees will have a chance
to switch among cameras on our street lamps. They will get to
observe the illegal parking events detected from live videos.

B. People Counting

We realize video analytics to count the number of persons
at a bus stop to estimate the waiting queue length. We assume
the bus waiting zone can be modeled by a convex polygon. For
any detected person P, we implement the following algorithm
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to determine if P is inside the waiting zone. We consider a
quadrilateral waiting zone with four vertices: A, B, C, and
D as an example. We first define four vectors: PA, PD,
ﬁ, and PD. We then compute the directed areas of APAB
APBC, APCD, and APDA.We declare P is a person in the
waiting zone if the directed areas are all positive. Upon going
through all persons returned by the object detection analytics,
we overlay the number of persons in the waiting zone at the
bottom of the videos as shown in Fig. 7.
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Fig. 8. The Grafana dashboard showing the people counting results.

At the demo site, conference attendees will get to switch
among not only cameras but also day/time of the pre-recorded
videos. In addition to the original (from cameras) and analyzed
(with overlaid analytics results) videos, they will also get to
see live plots in the Grafana dashboard, such as the one shown
in Fig. 8.

V. RELATED WORK AND CONCLUSION

Various [oT analytics have been considered by the research
communities. For example, Siow et al. [14] survey the IoT
analytics and compare diverse distributed storage and compute
technologies for future developments. Yang [15] introduces
four typical fog streaming applications and shows the common
properties of them. He discusses the general fog streaming ar-
chitecture suitable for the four applications and the challenges
on fog data streaming. Zhang et al. [16] introduce general
video analytics and algorithms for public safety and discuss
the advantages of edge computing. There are also some demo
papers similar to our current extended abstract. For instance,
Ananthanarayanan et al. [17] propose a video analytics stack,
which mainly supports cascaded (linear) real-time analytics.
Khochare et al. [18] present a platform that allows users
to compose the data models for their own needs. Hellge et
al. [19] build a video surveillance system, and they dockerize
the analytics. The main differences between our work and the
above-mentioned demos are:

o Our video analytics are loosely coupled with surveillance

cameras and end-users through the broker and database.
Therefore, the analytics results (such as detected objects)
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can be reused/shared for higher efficiency. This is crucial
to resource-limited edge servers.

o Our hierarchical edge server architecture is more suitable
for larger smart spaces, compared to the standalone edge
servers in the above demos.

In this extended abstract, we present our vision on stream
processing of video analytics in smart spaces. To scale to
larger spaces, we incorporate the concept of IoT zones. Each
IoT zone consists of a message broker, a time-series database,
and multiple dockerized analytics. We share our experience in
implementing the proposed platform using several opensource
projects. Using a real deployment of eight smart street lamps
on our campus, we demonstrate two software-defined video
analytics: (i) illegal parking detection and (ii) people counting.
Our demonstration scenarios also reveal the merits of loosely-
coupled surveillance videos and end-users enabled by the pub-
sub brokers and time-series database. We believe our demo
will stimulate fruitful discussions at the conference venue.
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