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Abstract: There is an increasing number of devices available for the Internet of Multimedia Things
(IoMT). The demands these ever-more complex devices make are also increasing in terms of energy
efficiency, reliability, quality-of-service guarantees, higher data transfer rates, and general security.
The IoMT itself faces challenges when processing and storing massive amounts of data, transmitting
it over low bandwidths, bringing constrained resources to bear and keeping power consumption
under check. This paper’s research focuses on an efficient video compression technique to reduce
that communication load, potentially generated by diverse camera sensors, and also improve
bit-rates, while ensuring accuracy of representation and completeness of video data. The proposed
method applies a video content-based solution, which, depending on the motion present between
consecutive frames, decides on whether to send only motion information or no frame information
at all. The method is efficient in terms of limiting the data transmitted, potentially conserving
device energy, and reducing latencies by means of negotiable processing overheads. Data are also
encrypted in the interests of confidentiality. Video quality measurements, along with a good number
of Quality-of-Service measurements demonstrated the value of the load reduction, as is also apparent
from a comparison with other related methods.

Keywords: IoMT; load reduction; motion detection; Region of Motion; video compression

1. Introduction

The Internet of Things (IoT) is described as a network of smart objects collecting, processing
and sharing data, with sensors and actuators enhancing object functionality. The number of such
connected devices, as a result of rapid expansion, is estimated to reach 31 billion by 2020 [1]. For a
long time, the IoT infrastructure has been linked to event-based systems. These systems [2] identify
events, which cause streaming of structured or scalar data, for example the streaming of the ambient
temperature of an object or its energy consumption. On the other hand, camera sensors detect
multimedia events and, hence, communicate unstructured data. While event-based systems have
hitherto detected mainly structured events, trends in the IoT domain are shifting from structured
events to multimedia events. The Internet of Multimedia Things (IoMT) is an aspect of the IoT
associated with relaying images, videos, audio, speech, and other multimedia data. Camera sensors
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coupled with connected devices, make those devices capable of capturing images and recording videos.
Consequently, systems with diverse sensors are able to detect events based on image, video, or audio
data. It is estimated [3] that the number of installed cameras will globally exceed 13 billion by 2030.
These cameras can exist as either smart phone cameras or security cameras in homes, vehicles, cities,
highways, and public places. However, IoMT systems differ from simple event-based systems in
terms of: the heterogeneity and complexity of the sensed and communicated data; the high energy
consumption of the communication devices and their sensors; their higher bandwidth requirements;
the possible use of non-standardized protocols; the possible absence currently of suitable middleware;
and the complex processing requirements of the multimedia data analytics at the data sink. Current
practices and standards used in the IoT, such as the means of video encoding, the form of the protocol
stack, and the cloud services availed of, are not well-suited to the real-time nature of the IoMT.
Thus, in an IoMT [4], data is collected, stored, processed and distributed in real-time and, as a result,
more resources are required.

Another development should be mentioned: There is an obvious increase in mobile multimedia
devices and this growth brings with it large quantities of data, which development has been
named Multimedia Big Data (MMBD). MMBD in the IoMT comes with challenges of real-time
processing in terms of computation, communication and securing or protecting large amounts of
data passing through heterogeneous IoT applications, while ensuring Quality-of-Service (QoS) and
Quality-of-Experience (QoE) [5,6]. On top of that, real-time streaming and relaying of videos with high
bandwidth requirements, video encoding and connectivity also pose potential issues. Cumulatively,
the paradigm shift represented by IoMT gives rise to [7] issues of scalability, flexibility, compatibility,
security, and mobility. Complexities in the IoMT are a by-product of the massive amount of data and
the strain caused by sensing, processing and distributing such large quantities of data.

Camera sensors in IoMT tend to transmit videos, a complex type of data requiring storage and
subsequent processing. A need then arises for image processing to identify effectively objects within
the videos. As the number of camera sensors increases, the amount of video data distributed across
multiple applications has escalated. Managing large amounts of video data, because of its complex
nature, is a research challenge in general. Videos hold information indicating significant events, as far
as applications, such as home security, traffic or military surveillance, are concerned. As a result,
not only the protection and privacy of data is important but, for such content-sensitive applications,
requires data integrity and data completeness, without loss of any meaningful information.

The aim of this study is to reduce the communication load in an IoMT through efficient video
compression. This study proposes a method of content-based communication load reduction in an
IoMT, based on detection of Regions-of-Motion (ROM) through a consecutive frame differencing
mechanism. Notice that frame differencing is also known as background subtraction [8,9]. However,
herein the intention is to apply this established method to the emerging field of sensor networks.
The research focuses on the implementation of an efficient video compression technique, which reduces
the communication load of camera sensors in an IoMT. The proposed mechanism is of a modular
nature comprising of: Data acquisition; ROM identification, with trimming of changed video frames;
load reduction, featuring image compression; and confidential transmission through video encryption.
The contributions are:

• Enabling sensors to transmit only changing motion information, established through inter-
frame differing.

• Consequently, reducing communication overhead by limiting the data to be sent.
• Accommodation of limited resources in the IoMT by managing excessive data.
• Efficient data compression based on the contents of individual frames.
• Bitrate reduction through compression, while preserving the video content and its quality

of representation.
• Configuration of IoT testbed with two Intel NUC Core i5-6260U mini computers for experiments

and performance evaluation of proposed load reduction scheme.
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• Analysis of the proposed method in comparison with five other related methods for load reduction.
The relative merits and demerits of these methods are indicated.

This paper is arranged as follows: Section 2 gives the context to this paper, reviewing the research
literature in this field and recording challenges in IoT including overloaded networks, and the need
for resource management, video streaming, and IoT security. The Section also reviews the video
processing background, including video compression and motion detection. Section 3 describes the
methodology pursued in the paper, while experimental results are presented in Section 4, along with a
discussion of their significance, including in relation to other recent similar systems. Finally, Section 5
draws some conclusions as a result of this study.

2. Related Research and Background

This Section considers how researchers have tackled data overload within IoT/IoMT
networks. It then goes on to consider video streaming practices and technologies designed for
resource-constrained devices. IoT security and encryption is also discussed in this Section. Lastly,
it covers research in video compression and motion detection, which are the main contributors to this
paper’s proposal.

2.1. Challenges in IoT

Researchers have pointed out the challenges faced [10] and issues arising in the IoT.
These challenges mainly consist of—the protection and privacy of information; the shortcomings
of enabling technologies; the protocols available; and problems in designing an IoT architecture;
along with data management and analytics [11]. In an IoMT in particular, real-time operation is
an additional constraint. Other challenges are: the provision of scalable networks; device mobility;
and interoperability of devices and networks. Within an IoMT, the extraction of useful and meaningful
information from massive amounts of raw data will reduce the data quantity but the context of the
video scenes must also be preserved. More specific challenges are now considered.

2.1.1. Overloaded Multimedia Networks

Considering overloaded mobile networks with MMBD, the work in Reference [12] presents
a hybrid-stream scheme. This scheme utilizes spatial and temporal information in video data to
reduce the data load in an overloaded mobile Internet. The research proposes a coupled model
consisting of classifier based on an improved Convolutional Neural Networks (CNN) algorithm and a
feature-extraction mechanism. A layered structure comprising of pre-processing, classification and
load-reduction layers enables optimized image/video analysis with good precision. Individual images
and groups of images, that is video clips, are classified. According to the classification, frames are
dropped based on an importance measure. Overall, load-reduction and QoE occurs in simulation
results from the study in Reference [12]. Smart cities present a fertile application domain as they need
extensive monitoring of multiple scenarios, including traffic monitoring; security checks; and disaster
management, all of which generate large amounts of data. The work in Reference [2], to tackle the
problem of efficient analysis of multimedia events, presents a combination of event and multimedia
processing systems. Users queries are forwarded to a Multimedia Stream Processing Engine (MSPE),
where queries are resolved according to what event a user has subscribed to. A feature detection model
is then used to identify features suitable for recognizing objects in images. Once the classifiers detect
an image event, the result is forwarded to a user in accordance with their subscription. This model has
resulted in a 66.34% accuracy in identifying suitable events with a high throughput of 110 video frames
per s (fps). Although increase in the number of classes required of a classifier decreases performance,
by optimal selection of the number of classes, this system succeeds in optimizing the performance of
multimedia applications by identifying real-time multimedia events.
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2.1.2. Management of Limited Resources

Resource management is one of the challenges faced by the IoT. Some applications require the
processing of large amounts of data using existing technologies and limited resources while being
in a heterogeneous environment and retaining QoS targets. Data in massive amounts flow through
IoT devices. Once that data is collected from sensors or other devices, it goes through multiple stages.
After acquisition of the data, it is stored in memory for further processing. Then it is filtered using
multiple techniques. The filtered data is then checked for inaccuracies or errors. If needed, data are
then compressed and, additionally in some cases, it is changed into some other format or type for data
homogeneity across applications or for security purposes. The resulting data is subsequently sent as
an image, video, email, or whatever. All this data is processed either in the device memory or through
some cloud-processing platforms. Data must not only be scalable but meaningful too. While using
data in the IoT [13], it should be made useful by filtering it before carrying out any other operation
on it and, therefore, it must be safe to use for applications. As there are multiple stages involved,
managing data and resources remains a challenge.

To manage resources, IoT devices and applications must be sufficiently adaptable to their
dynamically changing environment. However, frameworks designed for IoT resource management,
such as optimization theory, result in additional energy consumption when communicating to
a wireless network Base Station (BS). A learning framework in Reference [14] helps adapt to
diverse environments by adjusting parameters of performance, processing and learning from the
data, while keeping within the resource constraints. In addition, by means of learning algorithms,
data analytics can be made easier in respect to large amounts of data, resulting in lower power
consumption and, thus, increasing lifetime of IoT devices. Again tackling energy conservation, a
concept of Green IoT was presented in Reference [15]. In that study, the authors described how
conservation of energy is possible using renewable energy resources. In addition, data size reduction
and efficient routing protocols were suggested as two ways to save energy.

Managing huge amounts of data arising from camera sensors has nowadays become a concern.
Cloud computing has paved the way for massive storage but there is a downside to cloud computing:
Applications suffer from latencies in video processing and, thus, real-time performance is compromised.
To maintain QoS, the spatial resolution of the videos is commonly decreased, which, however,
may affect applications requiring high resolutions to function in an optimal manner. Therefore,
bandwidth and storage constraints both need to be properly accommodated. Resource management
is able to make sure that despite resource constraints and a system’s capabilities, QoS is not
compromised. A methodology for stabilizing the amount of video data produced by camera sensors
works by determining the resolution of a camera sensor and analyzing the chores of each IoT layer.
This methodology [16] has been presented for content-sensitive applications such as face recognition.
Although, cloud-based IoT applications, have been addressed in the literature, for small-scale
applications and small devices such as mobile phones, a need remains to take measures to properly
utilize data generated in bulk [17].

2.1.3. Video Streaming in the IoT

Technologies and mechanisms have been presented in the literature to cope with devices
constrained by low power, limited storage, low processing capabilities, loss and delay in data
forwarding. For resource-constrained devices, 6LowPAN [18] has been designed, which is suitable
for use in IoT [18] and is cheap, scalable to many devices, can function over low bandwidth, and has
support for topologies such as a star and a mesh. The use of the Hypertext Transfer Protocol (HTTP)
over the Web for video streaming is also a popular practice. Dynamic Adaptive Streaming over
HTTP (DASH) is another development in the area of video processing. DASH helps to adapt
video streaming to changing network conditions, such as varying bandwidth, so as to improve
a user’s streaming experience. The authors of Reference [19] also suggested the use of compression
standards such as H.264/Advanced Video Coding (AVC), which is suitable for video streaming with
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low bitrates. The remaining video streaming challenges faced by IoT are highlighted in Reference [20],
where possible solutions to those problems were presented.

As has been already mentioned, the use of videos in the IoT is rapidly increasing and with
this increase, ways of processing videos on resource-constrained devices has been practiced by
researchers and practitioners alike. For research and experimental purposes, tiny processing devices
are used as an IoT device. The most popular of these devices are the Raspberry Pi and Arduino.
They have storage and processing capabilities, interfaces for user interaction, internet and peripheral
connectivity, video processing, as well as many other functions. In Reference [21] research was
reported on low-latency video streaming on a Raspberry Pi. Video encoded with H.264/AVC standard
was sent over a Peer-to-Peer (P2P) network with low latency using that resource-constrained IoT
device. In general, for video and image processing [22], these small devices can help in their cost
effectiveness, real-time operation, good quality visual output, and the ability to transmit over low
bandwidth links. A Raspberry Pi based video surveillance system was developed and tested in
Reference [23]. The setup helped in security monitoring, indicating if motion was detected, based on
frame differencing. A general surveillance system on a small device can be developed easily with such
small devices. Thus, in Reference [24], a similar home-based security system using a Raspberry Pi
was designed.

2.1.4. IoT Security

The IoT, though in high demand, also has many security concerns. Different layers of the Open
Systems Interconnection (OSI) protocol model are affected by different attacks. Either an insider
or outsider can cause attacks [25]. Outsider attacks are easy to detect but insider attacks are not
easily detectable because, an adversary contaminates a legitimate node, which may be difficult to
detect. An intruder in the network can intercept, modify and inject false data by interrupting the
transmission of data, adding a malicious node to the network, which may then forward messages
through the network to stay undetected. Maintenance of general security, as well as privacy of
information in the IoT, use of lightweight cryptographic algorithms, proper measures for authorization
and authentication of network nodes and prevention of malware are the major challenges, which are
now attracting the attention of researchers [26]. Many video-based applications particularly used for
surveillance, need protection of the information these applications are using. Cameras are installed for
monitoring houses, buildings, markets, hospitals, roads, and banks. These sensors are continuously
sensing and sending data to monitoring devices. If these devices become vulnerable, an intruder may
enter the network as a legitimate node and read all the information being exchanged. That intruder can
manipulate the data or even send repeated data in the form of video frames, stalling the video stream
at the receiver side. An outsider can manipulate or use sensor-detected information to cause harm.
For instance, a patient being remotely monitored will suffer adverse effects on their health if an intruder
in the network corrupts the information being sent from a biomedical sensor. Biomedical sensors
attached to the body of a patient measure the vital signs of the human body, such as the blood pressure,
heart beat, and so on. In the event of an infected network, data can be forged, which may prevent
a physician from timely checking upon a patient or giving the patient the wrong treatment. Data is
vulnerable to many threats [27], including unauthorized access to a network; data tampering; false data
and selective reporting. Similarly, for smart home applications, changes to data by an intruder can
cause harm. For example, a fire alarm system, which continuously monitors its surroundings, may be
falsely activated by changing detected information. Just intercepting the data bearing the room
temperature in a house, can allow an intruder to guess whether the house is occupied or not before
breaking in to a house.

Solutions to prevent attacks upon the IoT should be applied taking into account the limited
resources available to the networked devices. For prevention of jamming, a packet can be divided into
chunks to exhaust the energy of a jammer during transmission of that packet. Protocols used in each
layer can also be modified if necessary, to make devices immune to intrusions. Lists can be created
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for maintaining records of normal and faulty data to prevent Denial of Service (DoS) attacks. Thus,
a cryptographic algorithm with three components namely Feistel Network, Advanced Encryption
Standard (AES) S-Box and Genetic Algorithm is given in Reference [27]. The original file is divided
into multiple blocks which aid in creating a cipher key that is used by the AES encryption to generate
a cipher text and inject it in to the next component [28]. Here, the cipher text undergoes crossover and
mutation producing a cipher block. This algorithm is resource-efficient and robust against DoS and
tampering attacks.

In general, strong cryptographic methods can help secure data over the network. However,
due to constrained resources, lightweight cryptosystems must be used, which suit to these devices.
An asymmetric cryptography algorithm such as Rivest-Shamir-Adleman (RSA) is not suitable for
low-resourced devices due to its complexity. In fact, even over normal networks, asymmetric or
public-key cryptography is only employed in the key exchange process, after which encryption
proceeds with symmetric cryptography, which is much less complex. Lightweight cryptographic
algorithms are more suitable for the IoT, as they have smaller block sizes, key sizes, and fewer
encryption rounds. These algorithms also have applications in Wireless Sensor Networks WSNs.
A lightweight cipher EXPer for IoMT in Reference [27] was based on Selective Encryption (SE),
which encrypts part of the encoded bitstream (in the case of compressed video), while making the
decoded video stream unwatchable without decryption. The study in Reference [27] demonstrated
a lower Encryption Space Ratio (ESR) on application of the lightweight EXPer cipher on selected
syntax elements arising from H.264/AVC entropy coding. EXPer works best with the CABAC entropy
coder works best, with less data selectively encrypted, while still maintaining visual security as a
result of distorted video streams (after decoding without decryption). Hence, EXPer leads to reduced
computational overhead, making it suitable for an IoMT.

2.2. Video Processing

For resources to be managed properly in the IoT, data must be processed and stored efficiently
by filtering and data reduction. Among various stages of video processing, motion detection and
compression can be utilized for data management. Compression is used for reducing the size of any
data, which can be videos, still images, audio or speech. The basic principle of video compression
methods is that they need to reduce as much redundant data as possible. For video, compression
involves [29,30] exploitation of spatial, temporal and color space redundancies. Temporal redundancy
is the similarity between successive frames of a video sequence and spatial redundancy is the
correlation of neighboring pixel values in the same natural image [31]. Inter-frame coding using motion
compensation is adopted for exploitation of temporal redundancies and transform coding algorithms
such as the Discrete Cosine Transform (DCT) [32] reduce spatial redundancies, while operating in
the frequency domain. Color spaces are converted to a more suitable color space to exploit color
space redundancies. Furthermore, quantization and entropy coding is used in the standardized
hybrid codecs [30]. The main building blocks of a video are images, formatted as video frames.
Individual images are compressed for efficient transfer, post-processing, and storage purposes.
Image compression algorithms also exist in their own right, especially Joint Photographic Experts
Group (JPEG) compression. JPEG is an image compression codec [33] intended principally for
‘lossy’ compression of natural images created through digital photography [34]. As JPEG is a lossy
compression method, the image quality is traded against the size of the compressed data. Steps in
JPEG compression include subdivision of the image into 8 × 8 blocks, shifting the gray levels of the
image, then applying the DCT on a block-by-block basis, after which quantization of the coefficients
occurs, followed by zigzag ordering of those coefficients and lastly performing entropy coding.
The JPEG decoder works [33] in the reverse order and in place of DCT, it applies Inverse Discrete
Cosine Transform (IDCT). JPEG encoding is used in this current paper’s proposal and serves as a
stepping-stone in achieving the goals of this study. Some related video compression techniques in the
literature are given in the following Section, followed by a review of related techniques.
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2.2.1. Video Compression

In an IoMT, the employment of resource-challenged devices has made it necessary to find means
of data transmission which can still ensure reduced latencies for a real-time service, adjustable data
sizes to accommodate bandwidth restrictions, and the need to reduce energy consumption, as well
as power given battery power sources. Among all types of data in IoMT, video data is one of the
complex data types, due to, amongst others, its frame structure, color channels, and usually a fragile
compressed video stream, which is susceptible to bit errors, as there is a high degree of synchronization
across a compressed bitstream. During video streaming, a highly efficient transmission is needed
with the advantage of high video quality. Fulfilling either of those requirements will suppress the
other, that is, reducing the efficiency of the transmission will reduce the video quality, assuming a
fixed bandwidth capacity. Video compression is normally employed to achieve data reduction and,
hence, to decrease the bitrate. An encoding scheme, based on HEVC presented in Reference [35]
focused on compressing high quality videos, currently with 4K and 8K pixel/frame resolutions.
These are notably superior video qualities, consequently with a large amount of information to process.
Consequently, for such high-resolution videos, compression schemes also increase in complexity,
as does the output bit-rate. The fast coding scheme proposed in Reference [35] serves that purpose,
reducing processing time by 12.35% as a result of decreased complexity, while, compared to more
complex codecs only results in a bit-rate increment of 0.81% for the reduced computing time. For a
reliable video streaming in real-time, there is IoVT platform in Reference [20]. This platform combines
efficient video encoding and streaming with low power consumption. Video encoding standards
namely, H.264/AVC and particularly HEVC result in sharply reduced bitrates but, because of their
complexity, present a challenge to IoT devices. Although, HEVC provides more than 40% bit rate
savings [36], compared to H.264/AVC it is still more complex and, thus, is not suitable for these
low-resourced devices with low-processing capabilities. A content-sensitive compression technique
introduced in Reference [37], measures similarity between consecutive frames, depending upon three
factors, that is: luminance, contrast and structure. The frames, which are similar or have small
differences, are removed and only those frames are sent which show prominent change. There is
another data compression approach [38] for sensor data of different types. Based on an importance
of information score, sensor data is extracted and then, using Chebyshev polynomials, the extracted
information is compressed. This approach has shown reasonable compression gain. The approach has
also been adapted for quasi-periodic and dynamic signals [38]. A video compression technique for
mobile devices is reported in Reference [39]. This technique was introduced to enable mobile devices
to process and transfer videos. It uses successive frame differences, rate distortion and bit allocation
to reduce compression complexity. However, the technique does not handle inter-frame distortion,
which results in low PSNR (reduced quality).

As for commonly used and well-known video compression standards, there are two known
families namely Motion Photographic Experts Group (MPEG) and H.26x [30]. Initially, video
compression techniques like MPEG-2 were based on image compression techniques, among which
JPEG is the main image compression standard used [33,40]. Other image compression techniques are
outlined in Reference [41]. For compressing videos, compression of individual frames can be carried
out, as indeed occurs with Motion-JPEG (M-JPEG), which allows very rapid compression of Ultra
High-Resolution video. However, as a general solution to video compression, an M-JPEG encoder [42]
fails to exploit temporal redundancies, which represent around 80% of the redundancy in videos [30].

2.2.2. Motion Detection

A very important step in video processing is motion detection, which is also used for video
surveillance and alarm systems. Motion detection can serve as a basis for video analysis including
object detection, human and object tracking, counts of moving and stationary objects in a scene and
separation of foreground from background. Frame differencing, background subtraction, and optical
flow methods have been used. In fact, sometimes integration of these methods has helped in detecting
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moving objects. A comparative study of general and commonly used motion detection methods
can be found in Reference [42]. Background subtraction is the simplest method among them [43].
A motion detection mechanism was described in Reference [44], which detects motion using multiple
camera sensors and checks for abnormal motion detected by the cameras. Motion detected by all
cameras is checked for inter-connectivity, that is, if a detector is isolated spatially, but has connectivity
to other detectors temporally, it is not eliminated. If a detector is isolated both spatially and temporally,
it is removed. Results of classification of detectors based on detected motion are also illustrated.
Videos in the compressed domain can be used for additional operations on videos such as feature
extraction, object detection, segmentation, and watermarking. If motion detection is carried out on a
video in the compressed domain, that motion detection can be made more efficient by utilizing the
data acquired after compression, consisting of features such as macroblocks, motion vectors and DCT
coefficients [45].

A dynamic template matching algorithm that is adaptive to changes in the video frames is
presented in Reference [46], updating a reference image every time a change is detected. The form
of temporal differencing used in Reference [47] solves the problem that the motion represented
using consecutive temporal difference shows images with unnatural effects that is, mild movements
of leaves, trees and effects of air are also detected as motion. Morphological operations and area
computation of connected fields are used to eliminate unwanted areas of motion. Consecutive frame
differencing, grayscale transformation of the resulting difference frame and its binary representation
yields approximately the same results as in Reference [47] but with the limitation of detecting air and
illumination effects as motion [48]. The research [48] indicates that with a combination of an image
subtraction method and edge detection mechanism, better motion detection is achieved. The methods
described include image subtraction, image subtraction followed by edge detection and edge detection
followed by image subtraction, among which image subtraction after edge detection is best [49].
Another motion detection setup for four cameras using frame differencing, pixelate filter, blob count
and morphological filtering is given in Reference [50]. A dynamic motion detection technique is also
given in Reference [51] to find active and inactive regions and another technique with weighted
difference image and its binary conversion can be found in Reference [52], which finds motion vectors
to help locate important regions of motion.

Background subtraction can be used for motion detection by separating background and
foreground and then, by masking the binary color space, objects can be further classified as background
and foreground [53]. The authors of Reference [54] propose an hierarchical data structure and
background subtraction method of motion detection. The hierarchical data structure method was
updated, as it now needs comparison of only one pixel per sub-image, thus, reducing processing
overhead. Additionally, the background-updating mechanism is changed by introducing an interval
for updating the background image, which is based on how small or large change is detected between
background and current image. Other variations in motion detection methods include use of DCT [55]
and entropy based detection of motion [56]. Entropy is low for less or no motion and comparatively
high when there is more movement.

The current study in this paper employs inter-frame difference as a method for detecting
motion, as it is accurate, while being less computationally complex compared to some other methods.
By keeping in view the resource constraints of IoMT devices, this research aims to reduce the amount
of video data handled by those devices. Data will be reduced before it is transferred to another IoT
device or injected into a network of multiple IoMT devices. Thus, this study presents a compression
technique, to reduce data in an IoT device so as to reduce energy consumption on a frame-by-frame
basis and, in that way, prolonging the duration in time of the network, which would otherwise be
quickly affected as devices fail through energy exhaustion. Each frame is checked for changes as
compared to its predecessor and sensors communicate only sufficient information to indicate any
changes. As a result, the communication load can be balanced in an IoMT.
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3. METHODOLOGY

In this Section, the methodology employed is described in a modular fashion. These modules
include data acquisition, ROM identification, load reduction, and secure transmission.

3.1. Outline of the Approach

This study advocates a method of video compression in which each consecutive frame of a video
is preprocessed, as the basis of making a decision regarding whether the video information at that time
shall, after compression, be sent or not. That is to say, it decides whether to transmit the compressed
video data from an originating IoMT device across the IoMT network. A difference frame is used to
establish whether any meaningful information is present or not at any one moment in time. Based on
that information, reduction of data can be achieved through motion detection. By reducing the video
content, the method not only avoids storage problems, given the limited memory sizes of typical IoMT
devices, but it also enables efficient processing and secure streaming of the compressed video data,
preserving the video quality, while not omitting any significant information contained in the acquired
video frames.

3.2. System Composition

The system that has been designed by the authors is divided into four major components
comprising of: (1) Data Acquisition; (2) ROM Identification; (3) Load Reduction; and (4) Secure
Transmission. The system, as shown in Figure 1, was implemented using the OpenCV library, written
in the Python programming language, to facilitate a variety of functions for image and video processing.
The proposed method uses an implementation of the JPEG codec in OpenCV. In data acquisition,
video frames are captured as YUV video of Phase Alternating Line (PAL) TV/video system [57]
before conversion back to the more convenient, as far as the current video processing of the authors
is concerned, Red/Green/Blue (RGB) color space. Thus, frame difference images are formed in that
RGB space. The difference frame calculated at any one instance is reduced to specified intensity values.
A ROM is separated from an image depending on the amount of motion change within each identified
region. The ROM is then compressed and encrypted before it is sent across the IoMT network. A more
detailed overview of each module is now given.

Figure 1. A modular representation of the system.

It is important to notice that for some security applications, there may not be a need to convert
from YUV to RGB, as color images may not be required. In fact, if difference imaging was the only
application envisaged then only the Y channel could be sufficient and will result in saving of resources.
However, if further video analysis is to be performed then conversion from YUV to RGB color space
may well be required, such as for gait recognition at airports [58] or facial recognition using the Kinect
sensor [8]. Therefore, this paper considers a system with the more general case, which readers can
reduce according to their individual application requirements.
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3.2.1. Data Acquisition

Acquisition of video data and conversion of color spaces, prior to actual processing, is carried out
in this module. For simplicity, raw YUV videos (Y is the luminance value and UV are the two color
component) are opened prior to conversion to the RGB format, which eases video processing. The trial
video sequences, used in experiments, are obtained from open source repositories, selected on the
basis of their different motion and color characteristics. Each of the video sequences used has differing
content type, extent of motion, and frame sizes. These sequences consisted of five open-source videos
named throughout this paper as Walk, Ground, Exercise, Duval Street and Football. Ground and
Football were obtained from the VIRAT video dataset (release version 2.0) [59] and Xiph.org [60]. At a
particular instance, a new frame is read from the stored video source. This new frame and a previously
acquired frame are converted to RGB color space.

3.2.2. ROM Identification

This module comprises of the extraction of a ROM and is further divided into two main parts that
is, Selector and Trimmer.

Selector: A difference frame is computed using new and reference frames. The difference frame
is then checked for the amount of change and depending on this amount, a decision is made as to
whether a ROM needs to be extracted or not. If no significant change is identified, the system state
switches to load reduction mode directly. On the other hand, if prominent change is detected in a new
frame with respect to (w.r.t.) the reference frame, then the difference frame is forwarded to the Trimmer.

Trimmer: The second step in ROM identification involves restriction of data to only the required
portion. Intensities considered in the reference and current frame, when differencing the two frames,
resulting, are limited to those greater than twenty (from a range 0 to 255) because lower intensity
differences are visually indistinguishable in the grayscale. A threshold of 20 was set after observing
the results from varying from threshold from 10 to 80, so as to check that there is not excessive loss
of information if a sub-optimal threshold value is set. Thus only region(s) containing non-zero pixel
values greater than the threshold value are selected from the difference frame. A region where those
pixel values occur is mapped onto the matching region in the current frame, after which the ROM that
it forms is cropped from the current frame. In Figure 2, a difference frame, FD in Figure 2a, is shown
after differencing between the corresponding reference and current frame, FC. From Figure 2a, it is
apparent that only the values 36, 45, and 40 are above the threshold. The region corresponding to the FC
array in Figure 2b is cropped to the area defining significantly changed pixel values and is represented
as FRegion, after cropping, in Figure 2c. After cropping, the color space of a ROM is converted back
from grayscale format to RGB, which is then used in the load reduction module.

As has been mentioned, a reference frame is required for accurate processing of the proposed
system. In practice a reference frame can be selected during the calibration or installation phase of a
system. This frame can be regularly updated automatically or manually, depending on the application
domain. For example, during video surveillance, when cameras are usually mounted at a fixed
position, the reference frame can be updated automatically by subtracting the static content of the
reference frame (selected initially) from that of a frame with moving content. Furthermore, for some
applications, a reference frame can be updated manually.
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Figure 2. Regions-Of-Motion (ROM) Identification. (a) Difference frame: example 2-D array of pixel
values (b) Current frame: example 2-D array of pixel values corresponding to the FD array (c). Extracted
ROM after cropping

3.2.3. Load Reduction

To further reduce the data quantity, JPEG compression [33] is applied on a ROM, whereas an
integer-valued indicator (rather than a ROM) is sent to a receiver in the case of little to no change
identified across the difference image.

Thus, in many cases the video frame compression rate, will be the ratio of the original frame
size to that of one integer. On the other hand, if there is maximal content change in the video frame
(caused by many moving objects) then the compression rate will be equal to that achievable by JPEG
compression of the whole frame. In general, however, the compression rate will be proportional to the
size of the ROM. In addition, the compression rate within a ROM is also content dependent, according
to factors such as the extent of exploitable spatial frequencies present in the ROM for the purpose
of JPEG compression. Section 4.2.4 indicates the bit-rates achieved after compression (and before
encryption) for varying content. From that Section it will be apparent that the overall compression rate
is highly variable according to the content, so that there is no simple descriptor of the compression rate.

3.2.4. Secure Transmission

This module deals with the secure delivery of data through encryption. Data present as ROM,
full frame, or integer value are sent to the receiver as encrypted bytes. As a result, the byte size will be
more than that originally compressed because of encryption overhead. The average bit-rate increase is
depicted in Section 4.2.4. A combination of two cryptographic techniques is used namely, Fernet and
RSA, programmed in Python. RSA [61] is used at the time of connection between sender and receiver.
On the other hand, Fernet [62] is used throughout the process for sending and receiving data. Farnet is
a symmetric encryption scheme built on a standard cryptographic method, that is, AES. Therefore,
it is a version of the strong and standardized cipher AES. For secure sharing of the Fernet public key
between the sender and receiver, RSA is used. The sender uses the receiver’s public key to encrypt
the Fernet-generated symmetric key and sends it to the receiver, which decrypts this key using its
private key. Later on, the symmetric key generated by Fernet is used on both sides for encryption and
decryption of the video data as indicated in Figure 3.

For confidential transmission of information between sender and receiver, a Public Key
Infrastructure (PKI) is normally initially employed to authenticate the receiver’s public key. This public
key is needed in the encryption of the sender’s Fernet symmetric key. After establishment of a
connection, the RSA receiver’s public key is authenticated by means of a digital certificate, supplied as
part of the PKI process. Later, a symmetric key generated via Fernet is kept by the sender and also
sent (in RSA encrypted form) to the receiver. To share this new symmetric key in an encrypted form,
the RSA public key of the receiver is used, which secures the key from exposure outside the connection.
At the receiver end, this Fernet key is decrypted to its original form with the help of the receiver’s
private key. Once a Fernet symmetric key is maintained at both ends, video transfer is initiated and is
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secured through symmetric cryptography, that is, through AES. Each follow up message (either in the
form of frame, ROM or integer indicator) is encrypted at the sender and decrypted at the receiver by
the Fernet public key.

With a composite encryption mechanism, data are encrypted over the connection with a Fernet
key. However, before that can happen the Fernet symmetric key must be exchanged. To protect that
symmetric key from exposure, RSA is used. Notice, however, that RSA is computationally demanding
as it uses large number modulo arithmetic. Therefore, RSA is only used for confidential exchange
of the symmetric key. Therefore, RSA is only used for confidential exchange of the symmetric key.
Notice that, though a PKI is only employed at the start-of the key exchange process, the well-known,
lighter-weight Diffie-Hellman key exchange mechanism can be employed as an alternative.

Figure 3. Combination of Farnet and Rivest-Shamir-Adleman (RSA) to encrypt the data at source.

3.2.5. Video Compression Algorithm

The previous Section described the system design. This Section illustrates the flow of data in a
series of steps, describing how it is processed at the sender and receiver. There are two algorithms:
one running at the sender and the other at the receiver, as illustrated in Figure 4.
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Figure 4. Processing steps at a sender and at a receiver.

Algorithm at Sender

The sender first opens a video file and starts reading frames, as shown in Figure 4. The first
frame of a video sequence is sent in its original form to the receiver, so that it is kept as a reference
for subsequently received data. For all subsequent frames, a frame difference is calculated, converted
to grayscale format and checked for any non-zero pixel intensity values. If the number of non-zero
intensities in the difference frame FD exceed a given threshold, that is, a percentage of changed
intensities to total frame size in number of pixels. For small frame sizes this percentage is set to 50%
and for larger frames it is 10%, to avoid loss of data. In the case that FD meets the given threshold, then a
rectangular region containing the remaining non-zero values is extracted as FRegion and the co-ordinates
of the starting and ending pixels are saved and sent along with this information. In Figure 4 at the
sender, this is summarized as Motion detection. Otherwise, a single integer value is sent to the receiver
as an indicator that no frame data will otherwise be sent. Here, a counter variable is used to maintain a
record of how many times an integer is sent in place of a frame and every time the counter reaches
eleven, that is, after a complete twelfth frame is forwarded. Each time, FC or FRegion is sent, it is JPEG
encoded and then encrypted. For every new frame a reference frame FR is maintained, namely the
previous FC frame. This process continues until the end of the video sequence or stream. A detailed
algorithm, including communication software primitives for a Sender is given as Algorithm 1.
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Algorithm 1 Sender
1. sock = socketUDP()
2. clientRequest = sock.recv()
3. If(clientRequest == “Send Video”)
4. vidObj = openVideoCaptureObject()
5. count = 0
6. FC = vidObj.read()
7. while(vidObj)
8. If(FC is first frame)
9. encodedBuffer=encode(FC ,JPEG)
10. sock.send(encrypt(encodedBuffer))
11. FR = FC
12. Else If (count == 11)
13. count = 0
14. encodedBuffer=encode(FC ,JPEG)
15. sock.send(encrypt(encodedBuffer))
16. FR = FC
17. Else
18. FD = absolute(FR - FC)
19. convert(FD, GRAYSCALE)
20. C=countNonZero(FD)
21. If C >= threshold
22. FD [FD <=20] = 0
23. region_Locations = nonzero(FD)
24. startRow, endRow , startCol , endCol = region_Locations
25. FRegion = FC[startRow:endRow , startCol:endCol]
26. count = 0
27. encodedBuffer=encode(FRegion , JPEG)
28. sock.send(encrypt(encodedBuffer))
29. FR = FC
30. Else
31. sock.send(encrypt([0]))
32. count++
33. FR = FC
34. FC = vidObj.read()
35. Else
36. return

Algorithm at Receiver

The receiver node also has its socket created and connected to a sender. Upon a video request,
the receiver receives data from sender as FRecv in an encrypted form. FRecv is decrypted and the
acquired data is checked as to whether it is a frame, a region of a frame (or ROM) or simply an integer
value. After a decision is made, at this stage, the algorithm follows any of three sequences. If an
integer value is received, it shows no motion is detected and results in a repetition of a previous frame
at the display. On the other hand, if a frame is received, it is first decrypted and decoded as FC and
then displayed while the previous frame FPrev is updated by the current frame FC. Then, if an image
region is received, it is decrypted and decoded, by using the co-ordinates of the starting and ending
pixel, FPrev is updated and displayed. This processing loop continues in the same manner until the
sender stops or closes its socket. Figure 4 includes a flowchart for the receiver side algorithm and a
pseudo-code representation of the detailed software code is given as Algorithm 2.
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Algorithm 2 Receiver
1. sock = socketUDP()
2. sock.send(“Send Video”)
3. while(1)
4. FRecv = sock.recv ()
5. data = decrypt(FRecv)
6. If(frame data is null)
7. return
8. Else If(data has “Region”)
9. startRow, endRow , startCol , endCol = decodedData [region_Locations]
10. FPrev[startRow:endRow , startCol:endCol] = decode(regionOfMotion)
11. imshow(FPrev)
12. Else
13. If(data has [0])
14. imshow(FPrev)
15. Else
16. FCurr = decode(data)
17. FPrev = FCurr
18. imshow(FCurr)

4. Results

For experiments, the IoT testbed comprised of two Intel NUC Core i5-6260U mini computers
connected via an IEEE 802.11 (wi-fi) connection. The operating system on both computers was the
Ubuntu 16.04 64-bit variety of Linux and device specifications included 4GB RAM and 1.80 GHz
processor. Both sender and receiver side software codes were implemented with the OpenCV library
in the Python programming language, as previously mentioned. All communication was carried
out through User Datagram Protocol (UDP) sockets [63]. Results were taken from stored videos,
as mentioned already in Section 3. A diagram of the communication setup is given in Figure 5. Results
were acquired through application of the proposed technique on the five previously-mentioned test
video sequences. Five parameters were computed, comprising of the amounts of data transferred,
delays in data transmission, bit-rates, and two measures of video quality, namely Peak Signal-to-Noise
Ratio (PSNR) and Structural Similarity (SSIM) index [64].

Figure 5. Testbed communication setup.
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4.1. ROM Extraction

All frames of the video sequences were each considered as a two-dimensional array with a depth
of three, for the three RGB color channels. Thus, the image dimensions were of the form (width ×
height × depth), for example 1280 × 720 × 3 pixels. Figure 6 consist of sets of three images, with the
left image showing the original frame, which is selected when the frame difference reaches a given
threshold (as previously described in Section 3), that is, sufficient change is detected. The middle
image depicts the identification of a ROM, while the right-hand one shows the resulting image after
processing of a selected frame. This resulting image (after compression and then encryption) is then
sent to the receiver of the video.

Figure 6 shows sets of images (A–E) obtained from all five video sequences. Consider Figure 6A,
where Figure 6(Aa) shows frame 28 of the video. This frame is selected after detection of prominent
change in intensity values with respect to a reference frame, whereas Figure 6(Ab) shows the region
where motion is detected. In most cases, a small region of a larger image is detected as a ROM. In the
worst-case scenario, when there is more motion and that motion is mostly at the corners of the frame,
then a whole frame is sent. For example, the actual size of Figure 6(Aa) was 384 × 288 × 3 bytes.
After cropping, a region of size 267 × 286 × 3 bytes, as in Figure 6(Ac) was left for transmission.
Similarly, considering Figure 6C, where Figure 6(Ca,Cc) also show a decrease in the amount of data,
with the image size reduced from 352 × 240 × 3 to 11 × 35 × 3 bytes. This ROM is far smaller in
size than the actual image. When a region of an image is identified, it is compressed through JPEG
encoding, as a result of which an additional reduction in size of transmitted data occurs. Table 1 shows
how much data is actually sent for the frames given in Figure 6.

Table 1. Comparison between the sizes of the extracted Region of Motion and the consequent encoded
buffer (in bytes).

Video Sequence Frame No. Size of Extracted ROM Size of Buffer (JPEG Encoded Region)

Walk_384 × 288 28 267 × 286 × 3 31,596 × 1
Ground_1280 × 720 185 1127 × 497 × 3 150,475 × 1
Exercise_352 × 240 7 11 × 35 × 3 1222 × 1
Duval Street_946 × 360 90 815 × 360 × 3 65,689 × 1
Football_352 × 288 233 309 × 257 × 3 35,876 × 1

4.2. Evaluation Parameters

For each of the evaluation videos, the amount of data sent, the time delays in sending the data,
and the frames per second (fps) were compared for two scenarios. The first scenario was through
the proposed method, where portions of frames were sent for most of the time. On the other hand,
in the second scenario, all frames were sent, with no ROMs, which scenario was called herein All
Frames. Because, for confidential transmission of data, cryptography was employed, the bit-rate
increase as a result of the application of cryptography was also compared for the proposed method
with and without encryption. Lastly, results for the two video quality metrics, namely SSIM and PSNR
(see Section 4) are discussed.

4.2.1. Data Sent

The amounts of data sent computed in kB for the test video sequences are shown in the graphs
of Figure 7. The first 200 hundred frames were chosen to compare the results, that is, between the
proposed method, plotted in yellow, and that of sending all frame data (plotted in blue). The x-axes in
the graphs of Figure 7 indexes the video frame number and the y-axes show the amount of data sent in
kB. For ease of representation sample frames are plotted. Thus, starting from frame 1 every seventh
frame’s data point is plotted. All the frames in both scenarios are JPEG encoded before transmission.
Thus, these results are computed for the encoded buffer created when images are compressed.
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(A) Walk

(B) Ground

(C) Exercise

(D) Duval Street

(E) Football

Figure 6. ROM identification in tested video sequences given in (A–E): video sequences: with (a)
Original frame from the video sequence, (b) Identification of a ROM, (c) Cropped image of a ROM.
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(a) (b)

(c) (d)

(e)

Figure 7. Comparison between the Proposed Method and All Frames in terms of data sent in kB against
the first 200 frames of (a) Walk (b) Ground (c) Exercise (d) Duval Street (e) Football.

By studying the graph in Figure 7a, Walk, a noticeable cyclical pattern can be seen in the graph.
For consecutive sample frames of video, blue markers are plotted lower than the previous one, but again
after a few sample frames a blue marker can be seen at a higher value, showing that consecutive
sample frames are almost the same for most of the video unless an abrupt change is detected as motion.
The same pattern follows for the rest of this particular video sample. The ROM area is comparatively
large, limiting the gains from the proposed method. The minimum and maximum data sent for the
proposed method were ≈0.003 kB and ≈39.66 kB. On the contrary, for JPEG encoded complete frames
data sent was ≈33.98 kB at a minimum and ≈39.66 kB at a maximum. Clearly, overall, less data were
sent with the proposed method.

Figure 7b shows a plot for the second video, Ground, which illustrates that periodically,
the amount of data reaches a maximum value (for both compared methods). This happens when a
single byte, signifying an empty frame, is sent consecutively 11 times when no significant change
occurs. On receiving an empty byte, the receiver repeats the display of the previous frame. Therefore,
to avoid a still video, a way is opted for that involves sending a full frame every 12th occurrence
of an empty byte. Figure 7b shows peaks mostly at regular intervals because, for this test video,
the difference between each two consecutive frames is found to be less than the threshold most of
the time (though not for the example of Figure 6). The proposed method reached its highest peak at
≈224.91 kB and a minimum value at ≈0.003 kB. On the other hand, byte size values are almost always
consistently higher for the complete frames method. Similarly, Figure 7c, for Exercise, is another
illustration of how the amount of data transmitted is controlled and reduced for a video. This plot
shows varying values for the data transmitted after applying the proposed method, which can be easily
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distinguished from the method when full frames are always sent. The amount of data is very low on
average, no doubt because of the limited size of the ROM. For this video, another pattern is noticeable,
one different from that of Figure 7a. For a few consecutive frames, values of data transmitted remain
almost the same but change shortly afterwards, depending upon how much change is detected. Here,
the proposed method has its minimum value approximately at ≈0.003 kB whereas, for the complete
frames method, minimum data value is ≈21.28 kB. Clearly, for this type of video with relatively small
ROMs in each frame, the proposed method can consistently reduce the amount of data transmitted.

On the contrary, if Figure 7d is considered, markers for both methods are plotted near to one
another. Data are reduced to some extent but not by a large margin. The reason here is the presence of
more motion in the video sequence, as compared to the three previous videos. Similarly, in Figure 7e,
the video sequence, Football, has again more motion. Although data values for the proposed method
are lower than the All Frames method, due to smaller differences between frames, the line plots can
barely be distinguished. Figure 7d,e show the results for videos with large motions and, thus, the
identified ROMs are large in extent. As a result of more motion, the proposed method shows data
values slightly lower or equal to the All Frames method.

Comparisons in Figure 7, show that the proposed method results in lower amounts of data sent
for most frames, even though the difference in quantity is small for those video sequences in which
there is motion across a significant extent of each frame. The reader can judge whether their application
will benefit from the proposed method. As many applications in the broad category of surveillance or
monitoring by an IoMT do not have large areas of motion occurring for a long time, one can argue
that the proposed method has considerable value, though relaying a sports’ event may not be one of
those applications.

4.2.2. Delays in Sending Video

The goal of the proposed method has been to find an efficient way of reducing data transmission
for low-resourced devices in an IoMT. Therefore, as the word ‘efficient’ implies, a method should
not only save data but also other resources including time. Figure 8, shows line plots representing
average time delay in seconds for all five test videos using the proposed method. These values show
by how much the subsequent response is delayed, that is, how much time it takes for the next complete
frame to reach the receiver. Frames are sent in chunks and these chunks are ultimately combined
as one frame at the receiver end. Delays are calculated for a complete frame, when all of its chunks
are received and combined, their average for complete video are given in Figure 8. Figure 9 can be
viewed in reference to Figure 8, as it reports the sender ROM processing time component in delay at
the receiver. However, there is no clear correlation with delay, which indicates that other delays at the
sender and some transmission delay has an impact on the delays.

Figure 8. Average delays during the reception of each consecutive frame at the receiver comparing the
proposed method with the All Frames method (plotted as gray bars).
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The time taken for each complete frame to reach the receiver is affected by the overall processing
overhead (not just that for ROM identification), which comes with ROM identification and extraction,
the amount of data sent, and network conditions. Hence, results show variations for all test videos.
The average delay for the first video sequence, Walk, is roughly equal for the proposed method and
the All Frames method. For Walk, significant changes occur between consecutive frames and, for the
majority part of the video, a ROM is extracted. Therefore, processing overhead and the consequent
delay in transmission of the data contributes to the delay at the receiver. For Ground, the delay
difference between the two methods is prominent, as the proposed method results in much less delay
(on average). This is due to the reason that, for most of the test video frames, motion is not found to
be significant and, therefore, the processing part of ROM identification is skipped and empty data is
sent instead. Exercise and Football again show comparatively lower delays for the proposed method,
when for Exercise less data makes up for low processing overhead, hence, low delay. However,
for Duval Street, the trend changes and comparatively longer delays are evident, which are a result
of network conditions and processing overhead. Overall, delays in data reception are low for the
proposed method and are not significantly higher than the ALL Frames method.

Figure 9. Average processing overhead at the sender for ROM identification.

4.2.3. Frame Rate

The frame arrival rate at the receiver of video by each second has been calculated for the proposed
method and compared with that for All Frames. The values of the fps are given in Table 2 and Figure 9.
The frame arrival rate varies according to the method used and the test video sequence sent. For the
Walk and Duval Street sequences, the proposed method has a comparatively smaller fps. Additional
processing is carried out upon both videos, that is additional processing occurs in extracting ROMs
for nearly every frame. Duval Street’s frame size is also large too and, therefore, all in all, the fps
lags behind. However, for Ground, Exercise and Football, the proposed method demonstrates higher
fps than the All Frames method. The cause of this is that, for Ground, extra processing for ROM
identification and extraction is not needed, because the difference between consecutive frames is
usually not significant and an empty byte is sent most of the time. Whereas Exercise and Football have
the same behavior in terms of ROM processing but, due to small frame sizes, processing time is low as
well and so the fps is comparatively higher.
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Table 2. Comparison of fps for the proposed method and the All Frames method.

Proposed Method All Frames

Video Sequence fps

Walk 11 12
Ground 6 3
Exercise 19 12

Duval Street 6 9
Football 17 10

4.2.4. Average Bit-Rate

The amount of data sent per second was measured as number of bits sent per second. A large
bit-rate means more of the data are sent and the quality of information is usually larger. The proposed
method aims to control the amounts of data transmitted, which has been shown in Figure 7. However,
at the same time, information must be kept complete and accurate without loss of significant data.
Figure 10 shows the average bit-rate for the proposed method across the five test video sequences.
Lower bit-rates occur according to the extent of motion, the spatial resolution and the behavior upon
application of the proposed method. Complete frames, ROMs and empty data bytes are sent in an
encrypted form in this study, resulting in an increase in bytes transmitted. Although, the bit-rates
increase after encryption, the new bit-rates are still quite low for the proposed method. It is likely
that, overall, lower bit-rates do not present a significant loss of information but represent confidential
transmission of that information.

Figure 10. Bit rates with and without encryption for five evaluation videos.

4.3. Video Quality Metrics

Video quality and accuracy of information is measured for all test videos. For the purpose of
justifying results in a more elaborative way, two major video quality metrics were used in this study
namely, SSIM and PSNR. The results obtained are presented next.

4.3.1. Structural Similarity (SSIM) Index

SSIM is used for the purpose of identifying degraded quality or loss in image information.
The index’s value lies between 0 and 1, where near 0 means little to no similarity and 1 or near to 1
means more similarity. It was introduced [65] to represent the response of the human visual system
more closely than other objective measures of video quality, without the cost and overhead of subjective
testing. Herein, the SSIM index is computed for complete videos. An original frame of a video is
compared with the one reconstructed at the receiver after ROM substitution. Results have also been
computed for those frames which are not sent due to less motion and compared with the previous
frame displayed at the receiver. This is done to show how many dissimilarities exist between actual
frames at the sender and those received or displayed at the receiver. Results in Figure 11 showing
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average SSIM for all five video sequences. Average SSIM is within a range of 0.96 to 0.98 showing very
few dissimilarities.

Figure 11. Average Structural Similarity (SSIM) between original frames at the sender and reconstructed
frames at the receiver for five video sequences.

Though, SSIM, along with PSNR, is generally employed by researchers as a way of comparing
their results, other video quality metrics have been surveyed and evaluated, such as in Reference [66]
or Reference [67]. Unfortunately [68], it is difficult to make conclusions based on such comparative
studies because the test images, testing procedures and applications differed. Ideally, subjective
assessment is required to assess video quality. Unfortunately, managers of video streaming normally
do not have access to a panel of viewers, owing principally to: time restrictions; and the difficulty
of assembling a suitable set of viewers. However, objective subjective ratings can approximate the
results of subjective testing with a high degree of correlation. For example, the Video Quality Experts
Group (VQEG) Full-Reference Television (FR-TV) Phase II tests [69] for VQM [70], resulting in Pearson
linear correlation coefficients (PCCs) with difference Mean Opinion Score (MOS) from subjective tests,
of above 0.9 (out of a maximum of one). Following the VQEG evaluation procedure SSIM also resulted
in correlations well above 0.9 and in Reference [71] outperformed four other models on the authors’
still image database. Since the original SSIM presentation [72], a number of refinements have also
occurred. These give good confidence that SSIM along with VQM are excellent objective measures
of MOS. However, the computation overhead resulting from VQM is high, which is why SSIM is
generally preferred by researchers to SSIM.

4.3.2. Peak Signal-to-Noise Ratio (PSNR)

PSNR is an objective video quality metric [73] based on second order statistics across all the
pixels of the video frames compared. Therefore, it is an objective measure that does not directly reflect
the human visual system. Nevertheless, it has been and remains in widespread use. A lower PSNR
shows that noise, for example, errors in the video representation, has disrupted the signal strength,
for example, the frame representation at the receiver. This study analyzes PSNR to find the accuracy of
information. It is computed for the test videos using random sample of 260 frames from each video.
Their average values are shown in Table 3 for the Y, U and V channels separately. Results show a
desirable quality of image, indicating a limited distortion, considering the use of a lossy compression
that is, JPEG, used in this study. Of course, when natural images are involved, that is, those from a
Markov field of order one, the human viewer is usually unable to tell that a scene has been affected by
(say) compression distortion, unless the original scene is available.
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Table 3. Average Peak Signal-to-Noise Ratio (PSNR) for Y, U, V channels of 260 random video frames
for all five videos.

Video Sequence Average PSNR (db)

Y U V

Walk 39.0173807 40.73244 40.99809
Ground 37.1191006 38.05364 37.36613
Exercise 37.1012336 40.90042 43.62024

Duval Street 43.7660886 48.99123 49.87238
Football 41.0030631 42.71924 44.67114

4.4. Discussion

Table 4 compares the authors’ method with the methods of five similar methods or systems of
recent years, assessed in their own terms. As might be expected, no one method is without weaknesses
or limitations. The authors’ method requires further software development, after the current research
phase, as the processing latency at the sender is, at the moment, a concern. The work in Reference [12]
seems to result in rather limited load reduction, whereas the method of Reference [37] is sensitive
to the behavior of SSIM, which appears to be more suitable for assessing relative quality compared
to an original image, rather than as a means of comparison across differing frames. The method of
Reference [39] can result in low quality video, which might make it difficult to identify objects in
surveillance video. Then, the method in Reference [74] is computationally complex, which currently
makes it unsuitable for some sensor devices and certainly appears less computationally efficient than
the authors’ core frame differencing method. Needless to say, there are many positive features, some of
which appear in the Merits row of Table 4. In general, it appears that there may be trade-offs between
the method of load reduction and the computational efficiency, as in Reference [74]. In fact, whatever
the computational gains, the resulting overall video quality is important for the type of applications,
that is surveillance ones, that are of interest to this paper’s authors. Thus, in some cases, such as with
Reference [37], the quality can be erratic.

Returning to a discussion of the current paper’s research, the results show that transmitted
video data are usually reduced by a significant amount through use of the proposed method of video
compression allied with motion detection. Additionally, the accuracy of the information and the video
quality in general are maintained, as was justified by SSIM and PSNR measurements. Not only is energy
conserved by saving excess data from being transferred but also, even with processing overheads
for each consecutive frame, acceptable transmission latencies were observed in respect to known
applications of an IoMT. Considering the processing overhead and time delays, the frame rates at the
receiver were proportionate. Network conditions in the wireless network may also have contributed
to delays, though such delays were not this study’s focus, which was the video response, and probably
warrants a wider investigation given a more extensive network testbed. Average bit-rates increased
due to the application of encryption but it is noticeable that the overall bit-rates were generally low,
despite the presence of encryption.
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Table 4. Comparative analysis of the proposed method and prior art.

Parameters Proposed Method Wang [12] Hsu [37] Jackson [39] Zhang [74] Leontaris [75]

Objectives Reduction of
communication load in
IoMT devices by
limitation of video data.

Presents a hybrid-stream
scheme for separating
spatial and temporal
information in videos to
reduce the data load and
improve efficiency in the
mobile Internet.

Video streaming enabling
lower data storage and
maintaining precision of
data.

A video compression
scheme for
computationally
challenged mobile
devices.

Avoid encoding of complete
videos and sending only
compressed information of
texture regions through
texture warping and
synthesis.

Region of Interest (ROI)
coding for high-quality
videos requiring some
portions of frames with high
resolution and, thus, high
transfer rates

Merits /
Features

- Identification of Region
of Motion (ROM) using
consecutive frame
differencing.
- Use of JPEG
compression for further
reduction of processed
information.
- Secure transmission
using encryption.

- Hybrid stream model
to resolve the mobile
network overload
problem.
- CNN model is used to
classify video frames.
- Key frame identification
mechanism is proposed
to achieve better QoE
performance.

- Use of Structural Similarity
Index (SSIM) for computing
the difference between the
pivot and the new frame.
- Similar frames are
eliminated from the original
video to conserve storage
space.

- To achieve a lower
computational time,
a frame differencing
technique has been
employed.
- Information in a
difference frame is
utilized through image
tiling, rate distortion
estimate, and allocation
of optimal bits.
- A wavelet transform
is used in place of the
usual Discrete Cosine
Transform (DCT) during
compression.

- Classification of images
to texture-based regions
identified as static, dynamic
and non-textured regions.
- Warping of static and
synthesis of dynamic
textures is employed.
- For evaluation of video,
Artefact-based Video Metric
(AVM) is presented, which
determines an index map for
an image, based on
similarity and blur distortion
and edges.

- Allocation of more bits to
the ROI, thus, using more
computational and memory
resources.
- Maintenance of a short-term
and long-term frame buffer
for keeping records of
previous interesting ROIs,
so, that macroblocks of ROIs
can reference previous ones
through the long-term frame
buffer.
- A composite frame scheme
for keeping records of the
same ROI for multiple
previous frames in a
long-term frame buffer.
- Error concealment feature
to avoid adverse effects on
results due to significant
motion.
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Table 4. Cont.

Parameters Proposed Method Wang [12] Hsu [37] Jackson [39] Zhang [74] Leontaris [75]

Dataset Experimentation on
static and moving
camera videos having
motion in a range from
low to high. Mostly
covering surveillance
video data.

Action Recognition
dataset videos taken
from YouTube and
Google.

Static camera videos
covering surveillance
and video conferencing.

Static and moving camera
videos with high texture and
artefacts.

Aerial videos with dynamic
motion and still-camera
videos such as in video
conferencing.

Findings - Data reduction to a
notable extent
- Desirable SSIM
values for original
and reconstructed frames
- Average high PSNR
ranging from 37 to 50 dB
- Negligible bit-rate
increase after encryption

- An improved
classification of video
frames over basic CNN
and SVM.
- Average 2.76% of load
reduction on all types of
video datasets.

- A lower value of Average
Frame MSSIM (AFM) points
to the dumping of many
differing frames.
- Evaluation of the method
based on varying the weights
for the luminance, contrast
and structure factors shows
the sensitivity of SSIM to
variations in those weight,
giving rise to different
compression rates.
- Results show that for video
frames captured in daylight,
due to a dominating
structural factor when the
scene contrast varies, SSIM
compression performance
can be affected greatly.

- Computational time
is lower in comparison
to standard video
compression techniques
such as the MPEG-2,
MPEG-4, and H.263+
codecs.
- Average PSNR values
are approximately
equivalent to those for
standard video codecs.

- AVM returns a high
similarity between reference
and reconstructed videos.
However, other video
quality metrics, including
SSIM, PSNR, VSNR and
MOVIE, give values that are
less desirable.

- Video quality is found to be
better for dual-frame coding
of ROI only. However, for a
static background video
conferencing scenario,
composite frame
outperforms in
categorization of ROI and
non-ROI and, at the same
time, the quality of the video
is high.

Limitations - Time delays due to
processing overheads at
the sender, which leave
room for improvement in
future work.
- Lower frame rates
prone to time delays

- Although a constant
bit-rate is maintained
but, due to lack of
distortion control, PSNR
is very low for a few
intermediate frames.

- Complexity of the method
increases to be around 3-4
times more than H.264,
limiting usage to devices
with high computational
resources.
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5. Conclusions

Resources are limited in an IoMT, which has similar limitations to the IoT, of which it is a subset.
The resources available to an IoMT constitute memory, energy (or power over time), processing
capability, and bandwidth. With the massive production of video data by mobile multimedia devices,
which are constantly storing, processing, and sharing information, those resources in an IoMT are often
devoured quickly. Devices in an IoMT become resource hungry due to processing large amounts of data
and, therefore, that data needs to be controlled, without in the case of video and still images (considered
herein) compromising quality, accuracy and confidentiality. In this study, a video compression method
was proposed based on frame differencing. Difference frames were acquired by subtracting two
consecutively occurring frames to extract motion information. Motion in a newly captured frame is
forwarded only when prominent change is detected, judged by a threshold, when a Region of Motion
or ROM is forwarded in JPEG compressed and AES encrypted form, as otherwise the previous frame is
displayed at the receiver end. All the parameters that were considered and measured for the proposed
method, including data size, bitrate, transmission delay, frame rate at the receiver, demonstrated the
worthwhile nature of the proposed method. Not only was the video information accurate but, all the
same, the amount of data transmitted was usually considerably reduced, especially when compared
to a method without motion detection. The time delays recorded demonstrated that, even with
the per video frame processing overheads, delays were close to those when sending all frames
without motion detection and ROM extraction. The SSIM and PSNR video quality measurements
show that, though there were some slight differences, the reconstructed frames at the receiver were
nearly equivalent to the original frames at the sender, during tests across the wireless link. Therefore,
no prominent degradations occurred. Bit-rates were increased as a result of encryption but the new
bit-rates remained low, showing acceptable behavior.

Overall, the authors found the proposed method to be flexible and efficient enough to be used in
resource-constrained IoMT devices such as Intel NUC for relaying videos. In fact, the paper includes a
comparison of the proposed method and that of five other related methods for load reduction. All six
methods have their relative merits and demerits, including for the proposed method a need to reduce
the processing times in the forthcoming development phase of the authors’ method, after the present
research phase. This study has focused on video aspects of the proposed method. Future work will
consist in tests over a more extensive wireless network, using more representative IoMT devices such
as the Raspberry-PI.
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