ALFA BK UNIVERSITY
FACULTY OF INFORMATION AND COMMUNICATION TECHNOLOGY B K @
FACULTY O F COMPUTER SCIENCE d

Proceedings of Conference Alfa BK Univerzitet

UDK: 004.89:71

711.45:004.7

COBISS.SR-ID 148894985

DOI: 10.5281/zenodo.12594418
Original scientific paper

COMPUTER VISION GATEWAY FOR REAL-TIME ON-SITE
ANALYTICS IN SMART CITIES AND PERI-URBAN AGRICULTURE

Branko Brkljacvgg; Milan Brkljaéloo; Boris Anti¢t®t

Abstract

Current state of edge computing technology is characterized by high level of integration and
increasing device availability for different application domains. In the design of computer
vision systems for real-time analytics in smart cities there are various components that
require significant engineering effort in order to be efficiently deployed and managed by
system operators. This is especially true in the case of edge devices performing on-site
processing or being deployed as generic computing platforms for different application
scenarios. In such cases, continuous development cycles can be affected by the need to
integrate various vendor specific software frameworks and the lack of unified middleware. In
this paper we propose an architecture of computer vision gateway based on open-source
software capable of simultaneously performing processing of different input data streams,
artificial intelligence (Al) based inference, and generating output data streams in the form of
processed video or extracted analytics. System architecture is demonstrated on heterogeneous
computing edge device with hardware acceleration capabilities in both video coding and Al
domains. Through proposed unification of data acquisition, information processing and data
distribution, gateway allows easier design of novel vision-based applications in settings
corresponding to the concepts of smart cities and peri-urban agriculture.

Keywords: edge devices, computer vision, real-time processing, video stream analytics,
middleware for the edge (middlewedge)

Introduction

Camera sensors are ubiquitously present in modern cities [1], including their neighbourhoods
that are characterized as peri-urban environments [2]. In the context of smart cities and data
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driven management of infrastructure, real-time information from visual domain play
important role for timely decisions, monitoring and urban planning activities [3]. Vision
based analytics are also exploited in different agricultural applications [4], especially in
automated crop management and field surveying using ground based [5], airborne [4] or
satellite [6] imaging platforms. In all cases, besides effective task specific operations, design
requirements are consistently being pushed towards capabilities providing on-site processing
[7-8], low power consumption [9], small form factor design [10] and easier integration into
the broader cloud and edge infrastructure [11]. In addition, development of novel applications
[12-14] and continuous development cycles require rapid and unified prototyping approaches
[15], with modular design [16] and lower entrance barrier [17-18]. As the result, in the
market are offered various software solutions and frameworks that are abstracting many
complexities involving hardware and software integration for both cloud based analytics, as
well as embedded vision on the edge devices. The range of software tools and abstraction
levels is very broad and goes from generic open source libraries to no-code graphical user
interfaces based on proprietary solutions and cloud infrastructure. In such setting, the sweet
spot for many system designers is to have generic testbed that integrates the best from both
worlds, by relying on generic open source software frameworks for signal acquisition,
processing and distribution, and at the same time generic support for efficient deployment of
advanced analytics and artificial intelligence (Al) on the proprietary hardware platforms.
Such vision system, although consisting of both hardware and software components can be
easily transferred and adapted to different tasks and working environments, thanks to open
software standards and Al model architectures. Combined by hardware acceleration
capabilities, which are usually platform specific and proprietary technologies, such edge
processing systems equipped with appropriate communication links can be described as
computer vision gateways (CVGs) with advanced on-site video stream analytics and media
server capabilities, Fig. 1. In a narrow sense, such systems refer to specific software
frameworks and libraries providing advanced streaming and analytics capabilities regardless
of specific hardware platform, Fig. 1.
MULTIPLE INPUT ST

TREAMS MULTIPLE OUTPUT
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E ISP + GPU n
Figure 1: Designed computer vision gateway for real-time on-site video analytics

In this paper we present design and implementation of one novel CVG solution based on
several open source software frameworks, adapted to specific requirements of the chosen
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system on chip (SoC) hardware platform and video capturing device. Implemented
functionalities support various application scenarios in smart cities (SC) and peri-urban
agriculture (PA), and can be deployed on both fixed and mobile operation platforms
(equipment mounted on fixed hosts like street poles or buildings, or mobile platforms like
road vehicles, agricultural machines or unmanned aerial vehicles, UAVSs). The rest of the
paper is organized as follows. In Section 2 we provide a brief overview of SC and PA tasks
that can benefit from the proposed CVG, and also refer to technical systems with similar
design and discuss their operations. Functional elements of the proposed CVG along the
hardware specific details are discussed and presented in Section 3, while in Section 4 an
overview of different experimental setups tested with developed CVG system are presented.
Finally, in Section 5 we indicate future research directions and space for further
improvements.

2. Related work

Technological advances in embedded vision hardware and camera devices have brought
increased interest for different applications of vision technologies (ViTech) in many diverse
fields, including smart cities (SC), e.g. [8], and peri-urban agriculture (PA), e.g. [5]. Such
systems are usually installed or run on-site and provide near real-time information about
observed processes and phenomena of interest. Depending on the level of integration and
device capabilities, information processing is performed at the same place where visual cues
are collected [10], or at the nearest edge server node of the broader data infrastructure [16]. In
terms of data engineering and processing pipelines, raw visual data in forms of multiple live
image or video streams need to be processed and analyzed on-the-fly, or transmitted to the
nearest cloud infrastructure before further analyses. When the video analytics is performed
locally, at the same video capturing device or on-site, it results in distribution of significantly
smaller amount of information to the downstream tasks. Such information can consist only of
data logs and specific insights coming from the locally executed inference engine,
significantly reducing the required data rates and data management in distributed system.
Similarly, data privacy issues can be more easily resolved by controlling the amount of
private information coming from the smart device capable of providing advanced video
stream analytics.

When it comes to collecting visual data in SC, dominant infrastructure platforms are still the
fixed mounted systems, with the classical networked video surveillance design [1]. However,
there is a general trend towards more flexible data collection platforms, enabled by novel
imaging systems and embedded devices. In the future, mobile platforms equipped with
intelligent edge devices, like UAVs [12] and vehicles [5, 14], will be a significantly more
present. Such platforms provide high temporal and spatial resolution of observations, and are
considered as part of the perception layer [12] of the urban spatial management. In the realm
of digitized agriculture, in-field robotics heavily relies on visual perception provided by
similar edge devices mounted on agricultural machines and equipment. There are also
numerous examples of unmanned aerial systems [4] equipped with camera sensors that are
intermittently or periodically used for conducting specific field survey operations in PA.

The applications of the systems like the proposed computer vision gateway can be broadly
divided into three categories: 1) efficient collecting of raw sensor data, without significant
on-device inference, which is postponed for later off-line analyses or left to downstream
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infrastructure nodes with more resources; 2) on-device processing of acquired video data with
the goal of providing real-time on-site data analytics, 3) performing complex visual
perception tasks that are part of machine automation or robot control. The last two
application categories mostly differ in the goal of performed on-device inference, while the
first one emphasizes efficient management of acquired and processed image and video
streams. This is also illustrated in Fig. 1, where the tasks characteristic for efficient visual
data management and network integration, shown in the lower part of the image, are
foundation for more advanced tasks related to application specific Al based inference. In that
sense, out of the box hardware accelerated video codec support for mainstream standards,
like [19], or future [20], is a usual prerequisite for low power consumption and efficient
utilization of computing resources in scenarios where CVG has to transcode or transmit
multiple input and output video streams on-device, besides the main inference stage.

In order to reduce costs, many of the existing SoC edge devices with hardware accelerated
processing capabilities are made with generic functionalities that can be adapted to specific
tasks. Heterogeneous computing environments are thus easily utilized in user defined
instances of processing pipelines enabled by generic software frameworks like [15, 17-18,
21-22]. Proposed CVG solution follows similar design practice, where the inference stage can
be implemented by invoking hardware optimized Al model instances, through hardware
specific neural inference engine. Such approach provides modular design, easily adaptable to
different use case scenarios, including the ones with CVG mounted on an UAV platform or a
vehicle.

Thus, in contrast to e.g. [23], where the archived aerial and street level-imagery are used to
generate insights off-line, or e.g. [24] where the social media-based landscape studies
utilizing crowdsourced imagery are reported, CVG on board of smart mobile platform can be
used to directly collect or update volatile information of interest to some data catalogue or a
service, without the need for transmitting and storing all video data or other sensor readings.
According to [12], on-line data transmission include UAV flight instructions, flight status,
sensor data, but also in-flight data processing results, denoted as edge intelligence. In that
sense, UAV experiment involving proposed CVG solution is similar to [25], which utilizes
the same hardware platform [7] as the multi-purpose on board computer. However, in
comparison to [25], which avoids the transcoding step on board UAV and utilizes device
primarily for UAV authentication and establishing of WebRTC communication link, the
proposed CVG simultaneously performs both transcoding of live camera feed and Al
inference, on the same embedded hardware. In the case of multiple CVGs working together
in some collaborative setting, described distributed processing capabilities, performed on
individual CVG edge devices, can significantly reduce the computational load on the network
nodes (edge servers) that are higher in the infrastructure hierarchy. E.g. the task offloading
described in the design of [16] assumes that all input video streams are forwarded to the edge
server, including the computer vision algorithm execution. Similarly, in [11] the individual
components of the CVG (camera stream control, edge gateway control and the computer
vision applications) are in general physically distributed over one or more edge servers
connected to the cloud via the internet. On the other hand, in the proposed CVG these
operations are envisioned to be performed simultaneously on the same device, enabling the
fully decentralized edge intelligence on the fixed or mobile physical platform. Proposed
design is also similar to [8], since it employs the same inference optimization framework, but
without containerization of the execution environment.
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Type of SC insights that can be provided by the systems relying on CVGs include monitoring
of the existing building, transportation and power infrastructure [3, 13], commuting practices,
crowd analysis, anomalies detection [8], planning and management of emergency responses
in cases of urban flooding, earthquakes or other natural disasters. Important applications are
also landscape studies [23-24, 26], where visual information play key role in better
understanding of complex urban environments. In the context of PA [27-29], CVG systems
can provide visual information about the land use and land cover spatiotemporal dynamics
[27], farm operations, crop phenological stages [5], but also facilitate low-level vision tasks,
like depth estimation [31-32], in field robotics.

3. System design and implementation

The main objective of CVG design was to provide highly customizable and flexible solution
for efficient performing of computer vision tasks in outdoor environments. Implementation
requirements were to use commercially available hardware that could be easily acquired from
global suppliers and mounted on drones or other acquisition platforms in urban and peri-
urban environment. It should also provide high performance computing capabilities and low
power consumption. The first phase of system design was to identify the most desirable
features in terms of signal acquisition, processing and on-device inference. It also included a
strategy for mitigating possible technical issues during envisioned field tests. As the result,
functional requirements illustrated in Fig. 2 were proposed. These also include out-of-the-box
support for custom stream processing pipelines, as well as deployment of advanced Al
models for outdoor visual perception.

INPUT STREAM

Hardware DECODING :
and PREPROCESSING ;

UNPROCESSED QUTPUT

Source and format

REAL-TIME i
APPLICATIONS INFERENCE ENGINE COMPILERS
- visual perception Hardware accelerated MODEL POOL TRANC_:,Z?\TORS
- object detection Al processing
- scene analysis
CUSTOM
PIPELINES
POSTPROCESSING and OUTPUT STREAM

hardware ENCODING

Format and destination ~

PROCESSED OUTPUT

Figure 2: Functional elements of the proposed CVG solution

Generic solution provides support for different image and video sources, data formats and
communication protocols. It also anticipates different use case scenarios and possible
applications in which CVG would play the central role, as an information source, for data
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acquisition platforms like UAVSs, road vehicles or agricultural machinery. Thus, proposed
CVG supports multiple types of input sources: live camera feeds, remote image and video
data (transmitted over local or wide area networks by standard communication protocols, like
RTP, Real-time Transport Protocol), or data coming from the local storage devices. In all
cases, system design allows high level of flexibility in terms of data formats (hardware
accelerated image and video decoding, pre-processing and support of parallel input streams
running in separate computing threads or processes). These functionalities, implemented as
several front-end converters and software adapters for aligning input data formats with
capabilities of developed inference solution, are depicted by the first two blocks in Fig. 2. In
simple use case scenarios, with task offloading to nearby edge infrastructure, this is the only
operation performed by CVG. It assumes streaming of unprocessed video or image signals at
rates and in configurations suitable for other data processing subsystems (mounted on the
same platform, e.g. drone or vehicle, or present somewhere else at remote location). In such
case, input streams are decoded only in the case that additional modifications or adaptations
of the input signal are to be performed, e.g. like spatial or temporal interpolation, denoising,
or frame rate reduction, or when the input signal is just repacked into the output stream of
different type (e.g. received bitstream is packetized and sent to different port and address).
However, when the input video stream decoding is required or the output video stream is
made of encoded input signal, hardware accelerated codec implementations are necessary.
Similarly, live camera feeds are being pre-processed using hardware acceleration, by
invoking specialized ISP (Image Signal Processor) and VIC (Video Interface Chip) elements.
Described operations are thus performed without over-utilization of available CPU and GPU
resources, which are left for later downstream operations depicted in Fig. 2.

As possible test applications of CVG were identified several challenging low-level and high-
level vision tasks. This was done in order to design and test functionality of the central
functional block in Fig. 2, named “inference engine”. In order to reduce time of Al model
development and deployment, existing software frameworks for efficient computational
graph (neural network) design, training, description, exchange and deployment were adopted.
In general, many Al-based solutions require retraining and fine-tuning when exposed to new
operational conditions. Therefore, it is important that all elements support short development
cycles. This also includes easy deployment and field testing, which was one of the main goals
of implemented CVG. In that sense, adopted inference engine design included using of Open
Neural Network Exchange (ONNX) language [21], combined with hardware specific
software frameworks for exploiting heterogeneous computing capabilities [22].

In the concrete instance, as the testbed for inference engine was adopted Pytorch library with
additional model deployment optimization based on TensorRT framework for high-
performance deep learning inference on NVIDIA GPUs. In usual scenario, Al models are
developed offline, converted to generic description like ONNX, and then converted to
specific execution target, like NVIDIA Tegra chip supporting TensorRT inference engine.
Modular CVG design enables that besides hardware accelerated Al processing, system also
support adaptive model configuration, by using pool of pretrained computational graphs that
can be loaded and executed in the same manner (using developed procedures and tools
provided in the gateway). Thus, the same CVG system can have different roles, depending on
specific application scenarios, making it versatile tool for SC and PA operations.

CVG was implemented as generic solution based on open source software. In that sense it can
be deployed on different hardware platforms supporting hardware accelerated operations. In
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particular, proposed CVG implementation is mostly based on GStreamer library [15], an open
source multimedia framework that can be compiled against different targets, including the
NVIDIA SoC systems like Jetson [7-8].

For prototype implementations were utilized Jetson Nano devices with 4GiB of shared CPU
and GPU RAM memory, Quad-core ARM Cortex-A57 MPCore processor, 128-core Nvidia
Maxwell architecture GPU, 0.4 TFLOPS of computational power, as well as several
additional ISP, VIC and codec chips performing input and output video and/or image streams
processing. These included NVdec and NVenc chips running at 716.8 MHz, NVjpg and
VICO3 running at 627.2, and ISP at 793.6 MHz. Given hardware platform was also extended
by custom camera interface board supporting industrial cameras with coaxial interface, which
was incorporated into design requirements in order to enable higher flexibility in camera
deployment on drones and other platforms.

As the main camera sensor was utilized low light 5SMP Sony Starvis IMX335 image sensor
[33], integrated onto custom camera board with parallel to serial interface conversion. The
same camera interface conversion was also implemented on the host device, Jetson Nano.
Besides this specific imaging sensor, Fig. 3 (b), different cameras mounted on drones like DJI
Phantom 4 or DJI Matrice 600 were also utilized in some of the experiments.

@ (b
Figure 3: ViTech experimental setup performing vision task and transmitting output video to
drone operator console (a); CVG mounted on UAV platform (b)

As part of conducted laboratory tests corresponding to different gateway use cases, the peak
power consumptions of implemented CVG solution was determined, and accordingly
corresponding battery supply for deployment of CVG on board of UAV platform was
selected. In general, the peak power consumption of the implemented CVG (including
attached video acquisition subsystem) varied between 4.5 W and 18 W, depending on the
number and complexity of simultaneously processed input and output image and video
streams, and performed on-device Al inference. The peak power consumption was in the case
of high utilization of GPU by Al model running in the designed inference engine with
TensorRT optimization, and simultaneously encoding input camera feed and output video
streams transmitted over network. Although designed system allows adaptive configuration
of all functional elements shown in Fig 2, it should be mentioned that some of changes in
system configuration require more time, depending on the type of change. E.g. re-
initialization of camera feed or redefinition of input and output streams can be relatively fast,

312
ISBN: 978-86-6461-074-2



ALFA BK UNIVERSITY

FACULTY OF INFORMATION AND COMMUNICATION TECHNOLOGY B K @
FACULTY O F COMPUTER SCIENCE &/
Proceedings of Conference Alfa BK Univerzitet

while loading of precomputed inference engines or their production can last significantly
longer. However, due to modular design, it is easy to move engine production out of the
system and perform only Al model deployment, which significantly reduces necessary
production time. An important part of CVG implementation was demonstration of easy
integration with the existing commercial drone platforms. Therefore, for the design of ViTech
testbed was used DJI Matrice 600, which was additionally modified in order to support
mounting of Jetson Nano, camera and accompanying battery power supply, Fig. 3.

An instance of the gateway can be run as separate software module (component)
independently of other instances, allowing for parallelization, multi-thread processing and
scalability. Thus, the main task for the user interested in exploring gateway capabilities is to
plan number, format and type of input and output streams, and in-between them stream
processing operations utilizing hardware accelerated Al inference engine.

4. Experiments and results

One of the main targets during testing was demonstration of several low-level and high-level
vision tasks in SC and PA application scenarios, exploiting Al inference engine in the
gateway. The goal of these demonstrations was to highlight the real-time design of both input
and output stream processing components, as well as the Al model deployment module
implementing inference engine initialization, loading and execution.
CVG implementation consists of three main modules, which can have different elements
depending on specified configuration. Thus, before gateway initialization, the user needs to
perform certain choice of options, by selecting particular control flags and providing
necessary parameters, after which the whole pipeline consisting of: input stream(s), inference
engine and output stream(s), is adaptively built according to specified user requirements,
initialized and launched.
In this pipeline, the central role belongs to the main processing procedure, which can utilize
described Al inference optimization. Besides Al model execution, this central processing
module also performs necessary pre- and post-processing of model output, in cases that such
additional steps are necessary. The main prerequisite for efficient execution in this module is
that developed Al model can be translated into adequate computational graph representation,
which is suitable for the given inference engine framework. Thus, designed CVG also has
some additional software components and compilers that allow translation between original
model representation and optimized computational graph, like conversion from Pytorch
model to ONNX, and from ONNX to TensorRT. However, it is not suggested to perform
these transformations on the resource constrained platforms like Jetson Nano, but rather off-
line and instead just provide the precomputed TensorRT models into the model pool, Fig. 2.
We also note that there is a wide variety of model optimization approaches, including number
format precision and complexity reduction strategies, which can result in significantly faster
inference, e.g. on the same PA image classification task, Table 1.

Table 1: Model execution times against the number format precisions

16 bit floating point precision 32 bit floating point precision

TensorRT  model running on  GPU:TensorRT model running on GPU:
resnetb0_pytorch_bsizel fpl6_engine.trt  [resnet50 pytorch_bsizel fp32_engine.trt
Size of the input batch: (1, 3, 224, 224) Size of the input batch: (1, 3, 224, 224)
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Average execution time on GPU: 0.037588
seconds

**** Top 5 prediction scores ****

Class ID: 866, Class name: tractor

Class ID: 595, Class name: harvester

Class ID: 856, Class name: thresher

Class ID: 730, Class name: plow

Class ID: 561, Class name: forklift

Class ID | Likelihood score:[(866, 16.7), (595,
14.82),

(856, 13.31), (730, 12.32), (561, 10.445)]

ALFA BK UNIVERSITY
FACULTY OF INFORMATION AND COMMUNICATION TECHNOLOGY
FACULTY O F COMPUTER SCIENCE

ALFATECH

Proceedings of Conference

Average execution time on GPU: 0.150072
seconds

**** Top 5 prediction scores ****

Class ID: 866, Class name: tractor

Class ID: 595, Class name: harvester

Class ID: 856, Class name: thresher

Class ID: 730, Class name: plow

Class ID: 561, Class name: forklift

Class ID | Likelihood score: [(866, 16.69704),
(595, 14.820633),

(856, 13.319504), (730, 12.332409), (561,
10.417375)]

CVG allows multiple settings of camera acquisition modes and pre-processing parameters,
which can be easily applied to any camera input. GStreamer library and Video4Linux
components are the main interfaces for utilizing proprietary system elements, like hardware
processing chips on board of Jetson Nano. Similarly, hardware encoding, which is known as
the most expensive video streaming operation, can be performed with full flexibility in the

choice of codec configuration (e.g. quantizer

settings and predictive coding elements) and

encoding strategy (e.g. variable bitrate encoding) for the particular purpose. This also holds

for the stream processing of JPEG encoded

images, which can be efficiently acquired or

emitted from the gateway, without other system resources. Several examples of conducted
experiments using implemented CVG, Fig. 2, and the ViTech UAV testbed, Fig. 3, are shown

in Figures 4-6.

@ (b
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Figure 4: An illustration of semantic segmentation performed by CVG: laboratory tests (a),

field tests using UAV mounted camera (b), or video streamed over network (c

@ (b
Figure 5: An illustration of monocular depth estimation [32] running in real-time on UAV
CVG inference engine and simultaneous transmission of output stream (b) over network RTP

@ (b
Figure 6: Testing of multiple stream processing and low-light camera acquisition (a); PA
image classification task resulting in high GPU load and low CPU utilization (b)

5. Conclusions

Proposed CVG has demonstrated that generic and modular software frameworks on top of
embedded SoC hardware can provide a versatile tool for advanced video analytics in SC and
PA environments. By allowing adaptive processing pipelines and customization, such
solution reduces development cycles and facilitates easier integration into larger edge
infrastructure. Moreover, it is well suited for both low-level and high-level outdoor vision
tasks involving mobile physical platforms like road vehicles, UAVs or agricultural machines.
It also reflects the general trend of developing hardware agnostic vision solutions, but does
not exclude the use of the existing frameworks, like [17], offering richer set of capabilities.
However, seamless integration of similar CVG devices into the edge-cloud continuum still
represents a challenging research topic that will require significant effort in the future.
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