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Abstract

Internet of things (IoT) has turned into an opportunity to connect millions of devices through communication
networks in digital environments. Inside IoT and mainly in the technologies of communication networks, it
is possible to find Low Power Wide Area Networks (LPWAN). Within these technologies, there are service
platforms in unlicensed frequency bands such as the LoRa Wide Area Network (LoRaWAN). It has features
such as low power consumption, long-distance operation between gateway and node, and low data transport
capacity. LPWAN networks are not commonly used to transport high data rates as in the case of agricultural
images. The main goal of this research is to present a methodology to transport images through LPWAN
networks using LoRa modulation. The methodology presented in this thesis is composed of three stages mainly.

The first one is image processing and classification process. This stage allows preparing the image in order
to give the information to the classifier and separate the normal and abnormal images; i.e. to classify the
images under the normal conditions of its representation in contrast with the images that can represent some
sick or affectation with the consequent presence of a particular pathology. For this activity. it was used some
techniques were used classifiers such as Support Vector Machine SVM, K-means clustering, neuronal networks,
deep learning and convolutional neuronal networks. The last one offered the best results in classifying the
samples of the images.

The second stage consists in a compression technique and reconstruction algorithms. In this stage, a method is
developed to process the image and entails the reduction of the high amount of information that an image has in
its normal features with the goal to transport the lowest amount of information. For this purpose, a technique
will be presented for the representation of the information of an image in a common base that improves the
reduction process of the information. For this activity, the evaluated components were Wavelet, DCT-2D and
Kronecker algorithms. The best results were obtained by Wavelet Transform. On the other hand, the compres-
sion process entails a series of iterations in the vector information, therefore, each iteration is a possibility to
reduce that vector until a value with a minimum PSNR (peak signal to noise ratio) that allows rebuilding the
original vector. In the reconstruction process, Iterative Hard Thresholding (IHT), Ortogonal MAtching Pur-
suit (OMP), Gradient Projection for Sparse Reconstruction (GPSR)and Step Iterative Shrinage/Thresholding
(Twist) algorithms were evaluated. Twist showed the best performance in the results.

Finally, in the third stage, LoRa modulation is implemented through the creation of LoRa symbols in Matlab
with the compressed information. The symbols were delivered for transmission to Software Defined Radio
(SDR). In the receptor, a SDR device receives the signal, which is converted into symbols that are in turn
converted in an information vector. Then, the reconstruction process is carried out following the description
in the last part of stage 2 - compression technique and reconstruction algorithms, which is described in more
detailed in chapter 3, section 3.2. Finally, the image reconstructed is presented. The original image and the
result image were compared in order to find the differences. This comparison used Peak Signal-to-Noise Ratio
(PSNR) feature in order to get the fidelity of the reconstructed image with respect of the original image. In
the receptor node, it is possible to observe the pathology of the leaf. The methodology is particularly applied
for monitoring abnormal leaves samples in potato crops.

This work allows finding a methodology to communicate images through LPWAN using the LoRa modulation
technique. In this work, a framework was used to classify the images, then, to process them in order to
reduce the amount of data, to establish communication between a transmitter and a receiver through a wireless
communication system and finally, in the receptor, to obtain a picture that shows the particularity of the
pathology in an agricultural crop.



1. Introduction

1.1. Agricultural monitoring system with images in Colombia

Colombia has a broad spectrum of possibilities in agricultural crops, due to its diverse geographical zone that
allows the production of a huge number of fruits and vegetables for the human consumption . The agricultural
sector needs the implementation of smart techniques, that allow improvement and efficiency in the quality of
the processes and make it possible the early prevention of pests and diseases in order to avoid losses in the chain
of production and achieve the effective marketing of the products. In Colombia, potatoes are one of the main
agricultural products, particularly in the region of Boyaca due to its tradition. Potato crops are present among
2500 and 3200 meters above sea level, which makes it difficult to undergo many process around the planting,
production and harvesting stages. In the production stage, there are different known phases: the selection,
classification and planting of the seed, and the crop growth, in which, the production is expected to strengthen
with a reduction in pest or diseases risk. An opportune and appropriate monitoring will reduce the negative
effects of pest or diseases with an acceptable level of quality .

The easiest way to detect abnormalities in the crops is through a visual method, that aims to distinguish between
normal crops or those with the presence of a particular pathogen . A pathology can be associated with
the pigmentation of the leaves of the plant. There are several types of pathology that can be represented by
brown, black or yellow colors. These colors that differ from the traditional green show some abnormalities such
as Phythophthora infestans or Alternaria Solani, mainly. Figure shows the normal or abnormal features in
the leaves of potato crops .

0ide

Figure 1-1.: Normal or abnormal leaves of potato

The diagnosis of diseases in plants is considered an art which involves the experience of the farmers. In
general, agriculture techniques entail monitoring with the use of variable control, such as temperature, humidity,
nutrients, light conditions, among others, in order to set up the control of these features. However, the traditional
methods used by the farmers involve the function of looking at behavioral patterns and, to a lesser degree,
technological support that could improve the early and accurate detection of abnormalities in the crops. The
digital analysis and processing of images offer an advantage in the early detection of diseases through pattern
extraction, features and attributes that allow farmers to define whether the plant belongs to a normal or
abnormal class @ In addition, different works have reported that capturing images of agricultural monitoring
with image processing in outdoor environments entails particular problems related to illumination and image
capturing . Therefore, in order to avoid those problems, we proposed a controlled environment for image
capturing where the main focus is to present an entire methodology framework combining image classification



1.2 Research problem and solution strategy

and compression, wireless communication through a LPWAN network and image reconstruction. The controlled
environment allows taking every leaf sample with a white background for image processing and transmission.
The proposed methodology framework presented several challenges, for example, in the processing stage, the
reconstruction of the image at the receiver node with an acceptable resolution level after the application of the
compression techniques which reduces the information even under the Shannon-Nyquist theorem [9]. Another
challenge was to implement a complete Tx-Rx communication setup of LoRa in its physical layer in order to
adapt the image transmission over narrow-band frequency channels for the proposed methodology framework.

1.2. Research problem and solution strategy

When real time data or high amount of information need to be transported through wireless sensor networks,
some critical points should be considered such as low computational complexity, memory limitations, narrow
bandwidth and low energy consumption. The work in [10] presents how to reduce the energy consumption of a
sensor network during image transmission with an energy efficient scheme, using image compression techniques
based on the compression standard JPEG2000. In [11], the results of images and voice transmission using
LoRa are presented, image and voice compression is set to a JPEG2000 standard and the A-law method,
respectively. In [12], a platform of video sensor network architecture is presented, with a proposed solution
to deliver high quality video over IEEE 802.11 networks. The compression method used is differential JPEG.
In [13], a framework is proposed and developed for streaming video flows through wireless multimedia sensor
networks. For the above, three main blocks were designed: an encoder to compress information, a congestion
control mechanism to avoid loss of information, and a selective priority automatic request mechanism at the
MAC layer.

LPWAN technologies are gaining incredible interest due to their efficient integration inside IoT, which represents
a union of data and communication systems that allows sensor data to transport through wireless environments
with some special features such as long range coverage, low power consumption and the possibility of using
non-licensed spectrum (Industrial-Scientific-Medical, ISM bands). This feature entails an additional advantage
such as less operational cost. However, LPWAN has disadvantages such as limited bandwidth, spectrum access
duty cycling and low data payload. Capacity restriction for high data rates is a challenge for applications where
images and video should be transmitted through a LPWAN as in the case of Wireless Visual Sensor Networks
(WVSN) [14], wireless camera sensors [15}/16] and image sensors [17H19).

LoRaWAN is a LPWAN solution that uses Chip Spread Spectrum (CSS) modulation, known as LoRa PHY.
The modulation system is a subcategory of the Direct Sequence Spread Spectrum (DSSS) that takes advantage
of the controlled frequency diversity in order to recover data from weak signals, even near to the noise level. It
works with a continuous phase between different symbols called “chirp”. The main technical features of LoRa
modulation are Bandwidth (BW) and the Spreading Factor (SF), commonly set from 7 to 12. The SF is the
number of bits in a LoRa symbol. It is possible to transmit from 2° to 2°F data codes, called chips, in one
symbol time, thus, the value of the coded chip will be the value of the phase change of the signal within a
symbol time. With each increase of SF, the data rate is reduced, while the transmission and the symbol time is
increased. As a result, large coverage and high energy consumption is achieved at the end device. Theoretical
references about LPWAN networks and LoRaWAN technology will be addressed in detail in follow chapters.

In order to better understand the research problem of transmitting images through a LoRaWAN network, Table
1 presents the data rate limitation of this technology. With the relation between SF, bit rate, BW, symbol time
T, and the time on air (T multiply by packet number) for a packet of 255 bytes, which is the maximum payload
of LoRaWAN.
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Table 1 - Main features of LoRa technology

Bit rate Time on Air
SF | BW (kHz) Ts . 255 bytes

(kbit/s)

(ms)

7 125 1.024 ms | 6.836 389.38
8 125 2.048 ms | 3.906 686.59
9 125 4.096 ms | 2.197 1,229.82
10 | 125 8.192 ms 1.220 2,213.89
11 | 125 16.384 ms | 0.671 4,837.38
12 | 125 32.768 ms | 0.366 8,855.55
7 250 512 us 13.672 194.69
8 250 1.024 ms | 7.812 343.30
9 250 2.048 ms | 4.395 614.91
10 | 250 4.096 ms | 2.441 1,106.94
11 250 8.192 ms 1.342 2,009.09
12 | 250 16.384 ms | 0.732 3,772.42
7 500 256 us 27.343 97.34
8 500 512 ps 15.625 171.65
9 500 1.024 ms | 8.789 307.46
10 | 500 2.048 ms | 4.882 553.47
11 | 500 4.096 ms | 2.685 1,004.54
12 | 500 8.192 ms 1.464 1,886.21

In this research, we took images of 16384 (128 x 128) pixels of information, which allow detecting normal
or abnormal features of leaves with the aim to find possible diseases. With that image size, each pixel is
represented by one byte (8-bits), then, 16384 bytes must be transmitted with the wireless network. Besides
that, as mentioned above, LoRaWAN has the capacity to transport 255 bytes of information per packet. This
creates the need to use around 68 packets (including headers) to transport the complete image in the process,
which will take around 5 hours considering the spectrum access time restrictions of the ISM bands. This
duration is possible to observe in the best performance scenario with the use of a BW=500 kHz and a
SF=7, the duration of each packet in the air will be of 97.34 ms. For this reason around 176.8 seconds are need
to transmit the image without any spectrum regulation policy. However, since ISM bands policies are used in
most of the LPWAN works, as in the case of LoRa and Sigfox [20,21], there has been a duty cycle establishment
which uses 1% (ETSI EN 300 220-1) [22] of the real time to transmit an image of that size, which will be around
5 hours. Now, with the same conditions of SF and BW, but doing frequency hopping between 915 MHz to
928 MHz. (which must be implemented between channels with no contiguity [22]), the time will be around 3
minutes without considering saturation, collisions and other problems related to the use of shared spectrum.
In both cases, image transmissions in applications of agriculture monitoring is a challenge and it is a general
problem addressed in the literature for LPWAN networks when high data rates are needed in IoT services with
low-power consumption and long communication range requirements. [14123].

In the literature, few works have tackled the problem of image transmission over LPWAN network because
an image has high amount of bits and consumes more energy in the transmission process. In [23], a method
was proposed for a monitoring application using an image sensor working over the LoRa physical layer. The
work in [18] presents a low cost, low power, and long range image sensor through a Teensy 3.2 board as
the micro controller host to drive the CMOS uCamlI camera capable of providing a JPEG bit stream. The
sensor integrates LoRa long radio module inAir 9 from Modtronix, which is built upon Semtech SX1276 chip.
In [19], two control mechanisms are presented to enable the deployment of image sensor devices through LoRa
technology. The first mechanism is the Carrier Sense Multiple Access (CSMA) adapted to avoid packet collision.
The second one is the sharing time in order to mitigate the limit of duty cycling. Authors in [14] describes a
theoretical proposal of low power wide area network protocol, which combines LoRa modulation technique with
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embedded microprocessor technology. The proposed network is composed of three LoRa modules that provide
three physical channels, thus providing a diversity gain scheme.

A SDR is a device formed by a radio communication system that uses a software for the modulation and
demodulation of radio signals. It can make transmission and reception of data from several standards of
communication protocols at a time, which provides a flexibility and limitless platform [24]. SDR has been used
in the implementation of the physical layer of LoRa technology.

In [25], a LoRa signal is decoded through gr-lora, an open source software defined as an implementation of the
LoRa PHY, which defines blocks through Python for implementing LoRa. The authors guide its investigation
according to Josh Blum [25] and a gr-lora out of a tree module written in GitHub. It implements a receiver
in Python that uses a modified FM demodulation process, however, the author has not successfully decoded
messages with it. The authors in [26] give an overview into the technologies to support LoRa, and describe the
outdoor setup with the SX127x family of Semtech and the importance of transceiver generation that arrives
with a SDR. It allows reaching significant benefits for range, robust performance and battery lifetime. In [27],
it is possible to identify a description of the LoRa PHY layer, where the document shows a methodology for
detecting and decoding LoRa frames with the use of SDR (USRP B210, HackRF and RTL-SDR). In order to
transmit, it used commercial platforms (RN2483, HopeRF RFM96 and Semtech SX1272, mainly).

The aforementioned works will be described in more detail in Chapter 3. Nevertheless, it is worth mentioning
that some of them only reached a theoretical analysis without implementation, besides, there is lack of infor-
mation about the implementation process. To the best of our knowledge, there are no proposals or studies in
the literature that involve a general framework methodology for image transmission considering compression,
classification and adaptation to an LPWAN technology through the implementation of the physical layer of
LoRaWAN on a SDR.

To increase the amount of information to transmit with LPWAN network, it is necessary to work with licensed
technology (to avoid duty cycle) or increase the capacity per node to tackle the duty cycle problem (Multiple In
multiple Out- MIMO). Nevertheless, to transport a high amount of information with one node, it is necessary
to implement a method to increase the transmission data, thus improving the use of the transmission channel
that is limited. From the above, it is necessary to find the form to exploit the use of a channel within maximum
usable time (400 ms) [22], then, hopping to other available channel until all the information is transmitted. In
theory, there are diverse techniques to improve the efficiency of the transmission and increase the amount of
information, thus some methods such as space, time or frequency diversity can be applied. The main goal of
these methods is to protect the information and avoid losses of the frame. In our context, we need to increase
the amount of information to transmit an image through a LPWAN network. To make this happen, the solution
can be divided into two scenarios: (i) implementing a form of diversity with the aim to increase the transmitted
data and attack the limit with the use of ISM bands under consideration of the duty cycling or (ii) reducing the
amount of information in order to optimize the data transmission process. Therefore, in the present research
these options were considered, to determine that with the second option it is possible to transmit images with
the use of the LPWAN network within LoRa symbols creation through a high level of compression rates to
reduce the amount of information by employing compressive sensing and source coding methods.

The solution strategy contemplates the use of image processing techniques with the aim of classifying normal or
abnormal leaves samples of a potato plant to transport only the abnormal samples through the LPWAN network.
Besides a compression form of the captured image, it is necessary to reduce the high amount of information to
transmit with the aim of reaching a reduction rate of about 95% of information. Thereby, the transmission time
will be reduced to 2,51 seconds with only one frequency channel or 0,74 seconds employing frequency hopping.
Additionally, implementation through the use of SDR in the receiver and transmitter involves the creation of
LoRa symbols and setting up the features to adapt the symbols to the LoRa transmission.
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1.3. Organization of the document

The organization of the document is briefly described as follows. Chapter 2 presents the dissertation proposal
through the discussion of the research question, objectives, and hypothesis, followed by the description of the
methodology framework, which is the core of the dissertation. Finally, the contributions of this work will be
highlighted.

Chapter 3 provides an overview of the system and methodology proposed in this work. First, image processing
techniques which allowed the classification of the leave samples into normal or abnormal are described. Second,
the compression techniques that allowed the reduction of the amount of data of abnormal samples in order
to deliver it to the LPWAN network are presented with the subsequent transmission and reception process
between nodes, transmitter and receiver, respectively. Third, the main LPWAN networks references and in
particular LoRaWAN technology are described in order to justify its use in the present work. Finally, the works
that described the use of LPWAN networks for image monitoring systems will be detailed. Chapter 4, the
evaluation of the system will be outlined in order to propose agricultural monitoring systems with the use of
images through LPWAN network. Finally, in Chapter 5, the conclusions of this work will outlined.



2. Dissertation proposal: Agricultural monitoring
system using images through a LPWAN
network

In this chapter, the thesis proposal will be described, therefore, we present the research question, the objectives
and the hypothesis in Sections 2.1, 2.2 and 2.3, respectively. Section 2.4 shows the framework used for devel-
oping a prototype of an agricultural monitoring system with images in a LPWAN network. In addition, the
contributions of this work are presented in Section 2.5.

2.1. Research question

The research question that guides the investigation is:

How can a method that allows to structure an agricultural monitoring system be implemented with the use of
images through a LPWAN network?

2.2. Research objectives

The general research objective is divided into six specific objectives.

General Objective:

To implement a methodology that allows structuring an agricultural monitoring system with the use of images
through LPWAN network supported by image processing, samples classification, compression-reconstruction of
information, and use of LoRa modulation implemented on SDRs to transport information between transmitter
and receiver nodes.

Specific Objectives:

- To implement an image processing and classification technique for identifying normal or diseased-affected leaf
samples in agricultural crops.

- To evaluate the implemented image processing and classification technique for identifying normal or diseased-
affected leaf samples in agricultural crops.

- To implement a compression technique for images of agricultural crops in order to reduce the amount of
information to transport on a LPWAN network.

- To implement and evaluate a reconstruction algorithm for testing the implemented compression technique
through the comparison of the reconstructed and original images.

- To evaluate a technique that allows an improvement in the data transmission in a LoRaWAN network through
LoRa modulation.
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- To integrate and validate the proposed system for agricultural monitoring.

2.3. Research hypothesis

The research hypothesis that guides the investigation is:

It is possible to implement a methodology in an agricultural monitoring system with the use of images through
a LPWAN network supported by image processing, compression and reconstruction, and the use of LoRa
modulation technology implemented on SDR transport information between network end-devices.

2.4. Proposal framework

First, we briefly recall the research problem. Second, the problem is considered by proposing a framework.
Finally, it matches each stage of the framework, which will be presented in this document with the aim to give
an overview of the approach of this proposal research.

LPWAN has disadvantages such as limited bandwidth, the use of duty cycle and low payload to transport
information. The capacity restriction to transport a high amount of information is a problem and a challenge
that needs solutions where necessary, to be able to use applications that transport images such as wireless visual
sensor networks (WVSN), wireless camera sensors and an image sensors, mainly.

Figure shows the node — gateway communication in order to develop the proposal of an agricultural moni-
toring system using images on a LPWAN network. The system is composed of the process of data acquisition
implemented through a normal camera with 12MP and a sensor of /1.8 that takes images of leaves in agricul-
tural crops of potato, which are sent to the transmitter (Tx) node. In the transmitter node, image processing
must be implemented, and the image data represented in an information matrix of its features. This matrix
will be sent, either to the classification process or to the compression process, if the sample has non-normal
features.

The classification process will generate a response indicating a normal or abnormal sample in the image, and the
response will be sent to the functional block of information grouping. If the sample is abnormal, the functional
block responsible for sending decisions allows the abnormal image vector to be delivered to the functional block
of compression, which is entrusted with reducing the amount of information and delivering a response to the
information grouping block. The classification response and the compressed information in the information
grouping functional block will be sent to the radio transmission interface.

The functional radio transmitter block is composed of a software defined radio architecture (SDR), which im-
plements the proposed technique in order to use LoRa modulation that will allow information to be transmitted
toward the radio receptor (Rx). The functional receptor block will receive the transmited signal and perform
the necessary LoRa modulation process. The functional receptor radio block will send the information to the
Rx node through the functional block responsible for visualizing the received image. The data received provide
the possibility of understanding the response of the classification and developing the reconstruction process of
the compressed samples in order to view the images with abnormal features.

Figure shows four stages. In stage I, processing techniques will be implemented to classify samples into
normal or abnormal. Each leaf is captured in a control scenario with a white background with the aim to
facilitate the classification process. Abnormal samples will be used in stage II, during compression technique, in
order to reduce the image information, thus making data transportation easier through the LPWAN network.
During stage III, transmission process between TX and Rx will be used in order to improve the transport of
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Figure 2-1.: Framework proposal

information in the LoRa modulation. Finally, in stage IV, post processing and reconstruction, the received data
will be processed and the data frame analyzed in order to inform the condition of the plant and execute the
reconstruction process of the abnormal images for their display.

In order to complete stage I, the proposal uses image-processing techniques for performing the classification. The
capture of images in exterior environments entails problems, due to variables such as sunlight intensity, shadows,
angle of capture and more, which can cause problems inherent to image processing, such as high probability of
noise or un-real data. For this reason, the captures presented in this work correspond to a controlled capture,
where these problems were avoided. Figure[2-2]shows stage I, processing and classification, which represents the
image process used to classify it. Initially, the image data will be received in the Tx node, then, the extraction
process will be executed to obtain the features that will be used in the classifier. Next, the classification will be
made and the output will indicate whether the sample is normal or abnormal. This stage aims to find general
information of the plant in terms of whether its growth is normal or affected by the presence of a disease or
attacked by a pest. The response in stage I is a binary solution (normal or abnormal sample), nevertheless, the
provision of specific details or levels of abnormality with quantitative indexes are limited in the classification
process. For this reason, further stages will be implemented to allow the transportation of images that indicate
abnormal conditions toward the Rx node with the use of a LPWAN network under LoRa modulation.

A literature review on image processing and classification methods that can be applied in the context of agricul-
tural monitoring reveals that there is progress towards a process of image acquisition in order to identify normal
and abnormal samples. Then, the review and evaluation of image-processing methods allow the construction
of inbound data for the classifier. For this purpose, a review of image-processing techniques was carried out
to gather the representative samples and filter the data information that includes errors in the classification
process. The next step was to elaborate a features matrix with the output data from image processing. From
this matrix, the process of data labelling was performed to identify which images were normal and which were
abnormal, then, the matrix of data and its labels were divided into training and test sets. Those sets were used
to evaluate the chosen classification process and calculate its precision under application with images. Finally,
the evaluation process of the classifiers was performed at several different moments with different samples in
order to validate the results. The outcomes allow establishing a strong criterion to choose the best tool to
classify and justify its use in this research.

In stage II, compression technique, this proposal uses a technique that allows reduction in the amount of
information of the images with abnormal features in order to transport this information vector on the LPWAN
network. Figure presents a scheme that allows understanding the process for reducing image size through
a compression technique. In the transmission node, compression algorithms will be applied to the output data
of the image vector (with abnormal features) obtained during capture, acquisition and processing. Then, it is
sent to the reception node through a LPWAN network, where a reconstruction algorithm will be used in order
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to recover the image and allow its display.

A literature review of compression techniques and reconstruction algorithms with image application was per-
formed in order to evaluate this process. The images taken of a crop must be processed in order to find the
data vector that represents an image. As a predisposition to high dispersion, which exists in the vector data,
transformation methods that reduce the dispersion should be evaluated in order to find which of them provides a
better transformation base, thereby obtaining less information to be processed. Then, a compression technique
is applied for reducing the data and asses the reconstruction algorithms in order to establish the best result
through a comparison of the original vector from the reconstruction, before making the inverse transformation
to rebuild the image and compare it with the original.
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Stage III is named transmission process between TX and Rx. This proposal implements changes within trans-
mission and reception SDRs in order to transmit data through the LoRa modulation with the application of
a technique that implements LoRa symbols and modulation. Figure shows a diagram of stage III, which
represents input data, coding (Tx), decoding (Rx), modulation (Tx), and demodulation (Rx) with LoRa tech-
nology. With this proposal, it is possible to send a major amount of information through each transmitter,
thereby, it obtains efficiency in features such as energy consumption by reducing the transmission time.

A literature review in LPWAN networks is carried out to define the efficient and applicable methods to achieve
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images through communication in a wireless LPWAN network. LoRa modulation is the technology choosen to
work by due to its capacity inside LPWAN technologies. The technical features can be consulted in the next
chapter of this document. For the transmission of images, it was necessary to evaluate its implementation in
SDR platforms between transmitter and receiver, as well as evaluating techniques that allow the convertion
of data in LoRa symbols and communicating them to a receiver with LoRa modulation. The use of SDR
allows understanding the LoRa modulation features, thus obtaining a better perspective of the technology in its
operation. Another technique susceptible of evaluation was the diversity in LPWAN, which is a possible solution
to increase the number of sent packets, which means there can be another way that allows the transmission of
images with the use of LPWAN networks.
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Figure 2-4.: Stage III, Tx and Rx stage

To improve the capacity of data transport and consider the possibility of working only with the system of mod-
ulation called LoRa, it has been proposed to analyze a diversity method in order to evaluate if the transmission
time is enhanced. Based on the above and consequently with the main feature such as duty cycle and others,
LoRa works with operating frequency, bandwidth and SF, mainly.

Stage IV, post-processing and reconstruction is represented in figure In this stage, the reception node
receives the data sent by the radio transmitter. These data is processed through the decomposition of the data
frame in order to organize and deliver the classification information, as well as the reconstruction of the images.
The reception node will display the result of the classification and the reconstructed images.

Finally, the connection and evaluation of the methodology of an agricultural monitoring system with use of
images through LPWAN network is included. The processes presented at each stage were evaluated indepen-
dently in order to determine their effectiveness. Therefore, stages of classification, compression technique, image
reconstruction and use of LoRa modulation to transport data between transmitter and receiver nodes through
the creation of LoRa symbols were evaluated.
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2.5. Contributions

The main contribution in this thesis is a methodology in order to transmit images of agricultural crops showing
disease features through LPWAN networks with the use of LoRa modulation. Only images with abnormal
visual features will be transmitted, which entails an optimization process that allows reducing the amount of
information to transport since to the best of our knowledge it is not necessary to load a limited resource through
the transmission of normal samples, where it has integrated features such as energy consumption and use of
spectrum, specifically. All the above is consequent with the follow stages:

First, the classification method is used in order to represent the normal or abnormal status of the sample (in
our case, in a leaf of a plant).[Chapter 3-16]

Second, the use of a compression technique is used in order to reduce information, thus saving time and
processing resources, among other features. [Chapter 3-23]

Third, the deployment of a LPWAN network with LoRa modulation is used to transport short information over
large distances with minimum energy consumption. [Chapter 3-30]

Finally, the goal to implement LoRa modulation in SDRs is to know the features of the modulation technique

and thus understand its potential to enhance it, particularly, in a method that allows improving its capacity of
data transport. [Chapter 3-55]
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Based on the above, this research has produced two papers, which are currently in submission process:

1. Coverage and Energy-Efficiency Experimental Test Performance for a Comparative Evaluation
of Unlicensed LPWAN: LoRaWAN and SigFox in IEEE Access -
https://doi.org/10.1109/ACCESS.2022.3206030 .

2. A Communication Framework for Image Transmission through LPWAN Technology in Elec-
tronics (MDPI) - https://doi.org/10.3390/electronics11111764.

Systems of agricultural monitoring use communication networks such as mobile cellular networks inside IoT
technologies. Their use may imply unattractive factors, for example access restriction in the modification of
network operations, monthly fees with capacity limitation, high-energy consumption and limitations based on
coverage availability. Other solutions involve high costs for variables such as energy consumption, installation,
operation, management and maintenance. LPWAN networks present appealing features for monitoring processes
in remote areas, as in agricultural monitoring processes. Nevertheless, current processes in which it is necessary
to transmit a high amount of information, such as images, are limited. Consequently with the above, this
proposal seeks to contribute to the implementation of a methodology for an agricultural monitoring system
with the transmission images through LoRa modulation. —
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3. Overview - Agricultural Monitoring System
using Images through LPWAN network

This chapter presents an insight into the framework and explains its concepts and state of the art of each stage
shown in Figure For this purpose, previous works are presented, compared and analyzed regarding the
problems to transport images through LPWAN networks. In summary, this chapter gives the reader an overview
of numerous techniques that partially tackle the research problem.

3.1. Image processing and classification

In this part is presented the main features, theory of image processing and classification features, the purpose
is to make an overview of the fundamental concepts which are useful in understanding the main contributions
of this thesis.

Recognition is the scientific discipline whose goal is the classification of objects into a number of categories
or classes. Depending on the application, these objects can be images or signal wave-forms or any type of
measurements that need to be classified [28]. In some cases, the objects use the generic term patterns. Pattern
recognition is an integral part in most machine intelligence systems built for decision making. Machine vision
is an area in which pattern recognition is important to capture images via hardware as a camera and analyzing
them. To make classification, it is necessary to create feature vector of the images.This features allows training a
classifier method and then evaluating and testing the classifier. In practice, the features correspond to statistical
data (mean, mode, standard deviation and more...). The number of the features to use is very important since
a larger number of feature candidates is better. To design the classifier, it is common to use a linear or non
linear classifier and the performance is evaluated through the classification error rate. In addition, there are
supervised versus unsupervised pattern recognition. When a set of training data is available and a classifier
was designed by exploiting this a priory know information, this is known as supervised method to recognition.
Nevertheless, this is not always the case, there is another type of pattern recognition tasks for which training
data of known class labels are not available, therefore, a set of feature vector information is provided and the
goal is to find the similarities, which is known as unsupervised pattern recognition [28-30].

In a classification task of M classes, wi,ws,...,w, and an unknown pattern represented by a feature vector z,
it is possible to form the M conditional probabilities P(w;|x),i = 1,2,..., M. Sometimes, these probabilities
are also refered to as subsequent probabilities, since, each of them represents the probability that the unknown
pattern belongs to the respective class w;, given that the corresponding feature vector takes the value x [2§].
Bayes decision theory could initially focus on the two class case wi,ws to which pattern belongs. It is possible
to assume subsequent probabilities P(wy), P(ws), which are known. It is a reasonable assumption, because
even if they are not known, they can be estimated from the available training feature vectors. Indeed, if N is
the total number of available training patterns, and N7, Ny of them belong to w; and ws, respectively, then
P(wl) ~ Nl/N and P(’wg) ~ NQ/N [28]

In any classification process the goal is to minimize the risk of the error probability, which is equivalent to
partitioning the feature space into M regions, for a task with M classes. If regions R;, R; happen to be contiguous,
then, they are separated by a decision surface in the multidimensional feature space. For the minimum error
probability case, this is described by P(w;|z) — P(wj;|z) = 0. From one side of the surface, this difference is
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3.1 Image processing and classification

positive and from the other it is negative. The approach of classification problem via Bayesian probabilistic
arguments is to minimize the classification error probability. However, not all problems are well suited to
Bayesian probabilistic arguments. In many cases, the problems are too complicated and their estimation is
not an easy task. In such cases, it may be preferable to compute decision by linear classifiers, such as Linear
Discriminant Functions and decision hyper planes, the Perceptron algorithm, Mean Square Error Estimation,
stochastic approximation, sum of error squares estimation, Support Vector Machines, among others, and non
linear classifiers, such as Multi layer Perceptron, back propagation algorithm, polynomial classifiers, Support
Vector Machines to nonlinear cases, and decision trees, among others [28-30].

A hyper plane in R? is composed of X € R? that satisfy w” X + wo = 0 where w € R? and wy € R. In
1-Dimension w21 +wg = 0 in 2-D w1 + wexs +we = 0 and in 3-D w21 + wexs + w3xs +wg = 0. If wg = 0,
then, the hyper plane passes through the origin. If (w,z) > 0 in one site of the hyper plane - one class and
(w,x) < 0 in the other site of the hyper plane, two class.

3.1.1. Linear classifier

This subsection describes the main features and the main tools used to classify with linear method for two
classes. The classification is done through the use of a hyper plane that allows separating one class of the other.
For this purpose a lineal combination of the features is used. A hyper plane is composed of X € R%. The hyper
plane {w, wo} divides R? into two regions, thus, if X € R?,

w'X 4+ wy > 0, then, x can be found it in one site of the plane.
wI'X 4+ wy < 0, then, x can be found in the other site of the plane.

The hypothesis H of the lineal classification can be defined as:

1 if © € «class A

H(x)—+/—(wa+wo)—{_1 if & € vclass B

Consequently, a set of data is linearly separable if there is a separator hyper plane that could classify it.

Some tools of linear classifiers are:

- Least mean square (LMS) algorithm is an iterative noisy gradient descent algorithm that approximates
the sample from the training example.

- Perceptron algorithm is a binary classifiers represented by a vector of numbers that belongs to some
specific class and its prediction is based on a linear function with a set of weights with the feature vector.

- Fisher linear discriminant finds the projection to a line or a plane from different classes that are well
separated.

- Support vector machine is a discriminate classifier defined by a separating hyper-plane.

In the two-dimensional space, the hyper plane is a line that divides a plane into two parts (class A or Class B).
Now, if in a conventional plane (x,y), it is not possible to separate the two classes, it is necessary to apply a
transformation that generates another dimension that allows separating the samples to classify [28-30].
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3.1.2. Non-linear classifier

When it is not possible to classify through linear methods, it is common to use Kernels that make linear models
work in nonlinear settings. To do this, it is possible to do mapping (changing the feature representation) of data
to high dimensions where it exhibits linear patterns. Then, the linear model is applied in the new input space
and thus, the data now is linearly separable in the new representation. The following are the most popular
kernels for real-value vector inputs:

- Linear (trivial) Kernel:

(z,2)=2T2 (3-1)
- Quadratic Kernel
k(z,z) = (xTz)2 or (1+ a:Tz)2 (3-2)
- Polynomial Kernel (of degree d)
k(z,z) = (xTz)d or (1 +xTz)d (3-3)

- Radial basis function (RBF) kernel k(z,z2) = exp [-T||z — z]|?], where T is a hyper-parameter also
called the kernel bandwidth - The RBF kernel corresponds to an infinite dimensional feature space.

It is worth noting that kernel hyper-parameters are chosen via cross validation. Kernels give a modular way to
learn nonlinear patterns using linear models, therefore, it is necessary to replace the inner products with the
kernel.

The cluster analysis allows finding similarities between data according to features underlying the data and
grouping similar data objects into a cluster. The method used is an unsupervised learning where there are
no predefined classes for a training data set and the goals are to identify the natural clustering number and
properly group objects into sensible clusters. The typical applications are:

- As a stand alone tool to gain an insight into data distribution, and

- As a pre-processing step of other algorithms in intelligent systems.

The distance measures used are Manhattan, Euclidean distance, Mahalanobis and Cosine measure. The major
clustering methodologies are partitioning, hierarchical, model-based and spectral clustering. [28H30].

The partitioning clustering approach has a typical clustering analysis via an iterative training dataset to learn a
partition of the given data space produce several non-empty clusters and search and optimal partition achieved
by minimizing the sum of squared distance in each cluster through a measure of distance. In K-means, each
cluster is represented by the centre of the cluster and the algorithm converges to stable centroids of clusters. K-
means algorithm is the simplest partitioning method for clustering analysis and widely used in data applications.
Given the cluster number k, then, the k-means algorithm is carried out in three steps after initialization. First,
each object is assigned to the cluster of the nearest seed point measured with a specific distance metric. Second,
new seed points are computed as the centroids of the cluster of the current partition where the centroid is the
centre as a mean point, for example, of the cluster. Third, it is necessary to return to the first point and stop
when a new assignment is not presented. It is possible to say that K-means algorithm is a simple and popular
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method for clustering analysis where its performance is determined by initialization and appropriate distance
measure.

K-Nearest Neighbor has features such as: all instances correspond to points in a n-dimensional Euclidean space,
and the classification is done through the comparison of feature vectors of the different points. For the samples,
weights are assigned to the neighbors based on their distance from the query point and the target function for
a whole space, which may be described as a combination of less complex local approximations.

Neuronal networks are a type of model for machine learning used for image recognition, natural language
processing and more. The great potential is its high speed processing that offers thanks to a massive parallel
implementation. It is also used for approximation in numerical paradigms because it has excellent properties
of self-learning, adaptive tolerance to fouls, and non-linear processes. The literature review says that neuronal
network can perform similarly to the human brain. The human brain has neurons working together to solve
specific problems on daily basis. A Neuronal network has layers that are independent of one another, and a
specific layer can have different numbers of nodes, called bias nodes. A bias value enables to move the activation
function either to the right or the left, which can be analytical for training success. When a neuronal network
is used as a classifier, the input and the output nodes will match input features and output classes [31].

Deep Learning refers to artificial neuronal networks with complex multi-layers. The distinction between deep
learning and neuronal networks like feed-forward and feed backward neuronal networks is in their features.
Besides, Deep Learning has more complex ways of connecting layers, more neurons count than previous networks
to express complex models, more computing power to train and automatic extraction of the features. In the
same way, deep learning is defined as a neuronal network with a broad of variables and layers with a single basic
network architecture of un-supervised pre-trained networks [32].

The innovation with deep learning in image identification, object detection, image classification, among other
tasks has great success. The major concept of deep learning is learning data representations by increasing the
quality of handling ideas rather than event levels [31].

3.1.3. Survey on image processing and classification

Table 2 presents a summary of the state of the art about image processing and classification methods. Some
data are not presented because they were not found in the works.

In [33] the authors present the management of a crop for early detection of diseases, the Red/Green/Blue (RGB)
components are obtained and pre-processed for color balance. The image is then transformed and clustered
to detect the cluster image of interest. After masking green pixels, the image is converted from RGB to HSV
(Hue-Saturation-Value) color space for computation of textual features. These selective features are the input
to the neuronal networks program, which can detect the disease.

In [34], high resolution multi-spectral and hyper-spectral remote sensing data has been used to detect and
analyze a fungal sugar beet disease. A high-resolution satellite image was chosen to produce the results for
the multi-spectral part of the study. To indicate the difference between healthy and unhealthy plants, image
classification was made and evaluated. The authors conclude that the red and near infra-red parts of the
reflectance spectrum are important for agricultural applications. The significant difference of the reflectance
at the red portions of the spectrum compared with the near infra-red ones can be used to predict vegetation
conditions.

The work in [35] studies a gray leaf spot disease. A component was chosen to segment disease spots and reduce

the disturbance of illumination changes and the vein. Then, disease spot regions were segmented by using Sobel
operator to examine disease spot edges. Finally, plant diseases are graded by calculating the quotient of the
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Table 2. State of the art . Image Processing and Classification

Reference Cliiséiigjglon Imagre;lé):}(l)ssssmg Authors Year AC?};‘;‘ <y
(0]
B RGB components S. K. Pilli
J33] Neuronal networks HSV color Nallathambi, S.J. 2015 88
Hyperspectral and
multispectral resolution, R. Laudien,
|34 red / infrared G. Bareth 2004
| components
Segmentation,
. total area, S. Weizheng,
135] Statistical sick area, RGB components, W. Yachun 2008
|| HSI color
M.S.P. Babu
JSG] Neuronal networks Edge and values B.S. Rao 2007
RGB components,
l6] Statistical H color A. Camargo 2009 80
I3a, I3b J.S. Smith
B RGB components, .
i3] K-means HSV color, G. Athanikar 2016 92
Neuronal networks M.P. Badar
| texture and area
. S. P. Mohanty 99-train
J37] Deep Learning area D.P. Hughes 2016 31-test
J.K. Sainis,
18] Software Color Pro R. Rastogi 1998
RGB components, M.B. and S.B.
J?)SI K-means texture Dheeb Al Bashis 2011 93
Segmentation, H. Al Hiary
12l K-means green mask pixels, RGB S. Bani Ahmad 2011 94
B : X. Wang,
J5| Neuronal networks Spectral component M. Zhang 2008
Serological, molecular, . .
hyperspectral data, C€.D. Sindhuja
[39] nfracred Sankaran, 2010
Auorescence Ashis Mishra
] . U. S. Rumpf 97 binary solution
J40] SVM Spectral index K Mahlein 2010 20 sick
. L.P. Jan Behmann
J41] SVM Hyperspectral index Jorg Steinrucken 2014 70
A.S. Jagadeesh D.
[42] Nearest Neighbors Gray levels Pujari, Rajesh 2015 90
|| Yakkundimath
A.S. Jagadeesh D.
[42] PCA —gi l\t/Iailalanobs Wavelet Discret Transform Pujari, Rajesh 2015 83
statice Yakkundimath
B A.S. Jagadeesh D.
[42] Neuronal network Pujari, Rajesh 2015 86
Yakkundimath
B A.S. Jagadeesh D.
[42] K-means + SVM Color, shape and texture Pujari, Rajesh 2015 85

Yakkundimath
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disease spot and leaf areas. Researchers indicate that this method to grade plant leaf spot diseases is fast and
accurate.

In [36], a software model is developed for remedial measures for pest or disease management in agricultural
crops. This software can scan an infected leaf to identify its species, pest or disease incidence on it and possible
solutions for its control. The software is divided into modules, namely leaves processing, network training, leaf
recognition and expert advice. Recognition and classification were done in a feed-forward back propagation
neuronal network. The inputs for this neuronal network are the individual samples of a leaf image.

The authors in [6] describe an image processing-based method that identifies the visual symptoms of plant
diseases from an analysis of colored images. The processing algorithm developed starts by converting the RGB
image of the diseased plant or leaf into H, I3a and I3b color transformations. I3a and I3b were developed from a
modification of the original intensity of RGB components to meet the requirements of the plant disease dataset.
The transformed image is then segmented by analyzing the distribution of intensities in a histogram. The set
of local maximums is located and the threshold cut-off value is determined according to its position in the
histogram. This technique is particularly useful when the target in the image dataset has a large distribution
of intensities. Results showed that the developed algorithm was able to identify a diseased region even when it
was represented by a wide range of intensities.

Deep Learning was used in [37] with a public dataset of images of diseased and healthy plant leaves collected
under controlled conditions. The authors trained a deep convolutional neuronal network to identify 14 crops
species and 26 diseases. The trained model achieves an accuracy of 99.35% on a held-out test set. When testing
the model on a set of images from trusted online sources under conditions different from those for training, the
model achieves an accuracy of 31.4%, then, more a diverse set of training data is needed to improve the general
accuracy.

Image processing is performed in [8] using a ColorPro software developed in computer vision. The system was
used in color image analysis for estimation of leaf area, infected leaf area and chlorophyll. Attacks on plants
result in degradation of chlorophyll pigments in leaves. The infected leaves have patches of green and yellow
color, mainly. The software can perform area measurements on green and non-green sectors of the leaf, thus the
extent of infection can be quantified without high effort. In addition, the software can be used for quantitative
estimation of chlorophyll in situ and measuring the intensity of color in the leaves.

In 38|, an image processing based software was designed, implemented and evaluated for detection and classi-
fication of plant leaf diseases. Human vision observation to detect and classify diseases can be expensive, for
this reason, a methodology of the proposed solution is described with image processing based on color transfor-
mation structure for RGB leaf image. The images are segmented using k-means clustering technique, then its
texture features are calculated for the segmented infected objects and data are processed through a pre-trained
neuronal network. The results indicate that the proposal can support an accurate and automatic detection and
recognition of leaf diseases.

The authors in 2] proposed a software solution for automatic detection and classification of plant leaf diseases.
First, a phase of segmentation was implemented, then, the mostly green colored pixels was identified. These
pixels are masked based on specific threshold values that are computed using Otsu‘s method. Additionally,
the pixels with zeros, red, green and blue values and the pixels on the boundaries of the infected cluster were
removed. This process allows finding a form for detection of plant leaves diseases with a precision from 83% to
94% and can achieve 20% higher speed than approach proposed in other techniques referenced in the paper.

In [5], a development for spectral predicting of late blight infections on tomatoes was proposed based on artificial
neuronal network (ANN). It was designed as a back propagation neuronal network that used gradient descendent
learning algorithm to train the ANN to predict healthy and diseased tomato canopies with various infection

21



3 Overview - Agricultural Monitoring System using Images through LPWAN network

stages for any given spectral wavelength intervals. The results provide a highly accurate classification of healthy
and diseased tomato plants.

The authors in [39] describe the currently used technologies that can be used for developing a ground based
sensor system to assist in monitoring health and diseases in plants under field conditions. The technologies
include spectroscopic and imaging based, and volatile profiling-based plant disease detection methods. Two
categories for non invasive monitoring of plant diseases are: (i) spectroscopic and imaging techniques that
include fluorescence spectroscopy, visible InfraRed spectroscopic, fluorescence and hyperspectral imaging, and
(ii) volatile organic compounds (VOC) that involve the use of nose-based metabolite analysis.

In [40], a procedure is presented for the early detection and differentiation of sugar beet diseases based on
Support Vector Machines (SVM) and spectral vegetation indices. The objectives were to discriminate diseased
from non-diseased sugar beet leaves, to differentiate between the diseases Cercospora leaf spot, leaf rust and
powdery mildew, and to identify diseases even before specific symptoms became visible. The discrimination
between healthy sugar beet leaves and diseased leaves resulted in classification accuracies up to 97%. The
multiple classification between healthy leaves and leaves with symptoms of three diseases still achieved an
accuracy higher than 86%. Depending on the type and stage of disease, the classification accuracy was from
65% to 90%.

In [41] the proposed approach combines unsupervised and supervised methods in order to identify several stages
of progressive stress development from series of hyper-spectral images. Stress of an entire plant was detected by
stress response levels at pixel scale. Unsupervised learning was used to separate hyperspectral signatures into
clusters related to different stages of stress response and progressive senescence. SVM was used to quantify and
visualize the distribution of progressive stages and to separate well-watered from drought stressed plants.
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3.2. Compression techniques and reconstruction algorithms

This section presents the main features of the theory of compression techniques and reconstruction process, to
give an overview of the fundamental concepts useful for understanding the main contributions of this thesis.

3.2.1. Compression technique

In order to compress data, this document emphasizes two concepts: Compressive sensing (CS) and Source
Coding (SC). CS works with high dimensional source data without loss, which allows compression into a lower
dimensional measurement data and it can be ultimately reconstructed. In contrast, SC compression technique
removes redundancy from the data sequence, and stores the data on a storage device or transmit them over a
communication channel.

An image is a rectangular array of dots, distributed into m rows and n columns. The expression m x n is called
resolution of the image and the dots are commonly called pixels. The term resolution is sometimes also used
to indicate the number of pixels per unit length of the image. There are some types of images, for example: a
monochromatic image (also called bi-level) has pixels with one out of two values 0,1 that correspond to black
or white colors and it is considered the simplest type of image. In a gray scale image, a pixel can have one out
of the n values 0 through n-1 indicating one of 2™, where n could be 4, 8,12, 16, .... A continuous-tone image can
have many similar colors (or gray-scales) and it is hard for the eye to distinguish their colors. A discrete tone
image is normally an artificial image that may have a few or a many colors, but it does not have the noise and
blurring of a natural image. A cartoon image has a color image that consists of uniform areas, where each area
has a uniform color but adjacent areas may have very different colors. It is clear that each type of image may
has feature redundancy, but they are redundant in different ways. This is why any given compression method
may not perform well for all images and different methods are needed to compress the different image types [43].

Modern hardware can display many colors, which is why it is common to have a pixel represented as a 24-
bit number (R-G-B components, where each one occupies 8 bits), Therefore, a 24-bit pixel can specify 1 to
224 million colors, thus an image of a resolution of 512 x 512 pixels occupies 786432 bytes (262144 in each
component), and resolution of 1024 x 1024 occupies 3145728 bytes. Then, image compression is highly
important. In general, the information can be compressed if it is redundant, however, there is a concept called
“remove irrelevancy” where an image can be compressed with loss through the removal of irrelevant information
even if the image has no redundancy [43]. The principle of image compression uses spatial redundancy; for this
reason, if we select a random pixel in an image, then it is possible that its neighbors have the same or similar
colors, thus the neighboring pixels are highly correlated. With this information, it is possible to rebuild the
original data with high values of efficiency.

Within compression methods, it is possible to find CS that performs acquisition and compression simultane-
ously. CS offers a framework for simultaneous signal acquisition and compression, which is based on linear
dimensionality reduction. It guarantees accurate source reconstruction from far fewer number of measurements
(rather than high dimensional raw measurements), under the condition that the source signals can be illus-
trated in spars forms. Nevertheless, the information of an image needs to be digitized and coded when it must
be transported through a communication network, thus it uses quantizers for compression, transmission and
storage, for example, in order to satisfy the delay constraints of modern network services. The prototype of
classical coding and communication techniques needs to be reconsidered. Therefore, it is important to re-design
quantization and coding techniques to meet performance features of recent network data systems. For this
purpose, it is important to design and analyze source and channel coding schemes, based on quantization and
real time transmission under CS [9].

CS has gained attention in the last years, since it is a technique to create and retrieve sparse signals with low

noise in a known basis, with far fewer samples those needed through the Shannon-Nyquist sampling theorem.
CS allows working with a high dimensional signal to be accurately retrieved from relatively fewer measurements
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through a non-linear optimization procedure. For the above, the documents present in [44] [45] used a program
that represents the original signal in a sparse signal through an adequate sparse representation. The original
signal can be represented in a vector with an Nx1 size, where N is equal to:

nxn [rows] X [columns]

which belongs to the matrix of original information or signal.

In the literature, some papers have implemented CS as a tool for several applications, for example, the work
in [46] describes a framework location accuracy of sparse transmitters in a wireless environment. Authors
in [47] introduce a algorithm to solve CS problems. The works in [48] [49] use CS in spectrum cartography to
discover spectrum holes in the space. CS for multi-target sparse localization algorithm is used in [50] with cross
correlation of the signal readings at several access points. In [51], CS stands out as digital image processing,
wireless channel estimation, radar imaging and cognitive radio (CR) communications. The paper is a survey that
focused on CR, which is used in radio spectrum allocation and occupancy measurements through sparse signal
in multiple domains such as time, frequency and space, because these are mechanisms that allow improving the
future generation on wireless networks where CS is highlighted as a theory that help to retrieve any signal from
fewer samples with a wide margin than traditional methods.

CS is a method for building a sparse signal, since it is a vector with a few samples of the original signal that
allow the reconstruction algorithms methods to rebuild the original signal with higher precision and fewer losses.
For improving CS, the original signal is transformed into a representation base as Wavelet Transform, Discrete
Cosine Transform, Fourier Transform and Kronecker Transform, mainly. This allows the samples to be in a
common domain and reduce the variability of the original data.

CS techniques helps to reduce a information signal with a samples lower than Shannon-Nyquist theorem [45[52],
all the above with sparsity technique and original signal processing, mainly. Sparsity uses information signal
as ”s”, which is equal in discretely form as a vector S € R™. The term s has a spreading factor k£ and s
elements different from zero of the original signal (the most representative). The signals with low dispersion
(high k factor) can to convert to a signal with a greater dispersion through lineal transformation f by f = s and
f € R™"™ which represents data of Wavelet Transform, DCT Transform or Kronecker Transform, mainly.

A k-disperse signal f € R™ is sampled with CS to obtain a g € R™ signal, where m << n. The sampling
can be represented in matrix form as ¢ = f y €  R™*", called system sampling matrix. If fis un-
known, it is possible to find an indeterminate system of linear equations (infinite solutions). This problem
can be solved with an optimization problem converted to a complex mathematical problem that is not convex.
Another solution is to employ g and the sense matrix with algorithms such as “IterativeHardThresholding”
(IHT), “OrthogonalMatchingPursuit” (OMP), “GradientP rojectionforSparseReconstruction” (GPSR) o “Two
— steplterativeShrinkage /Thresholding” (Twist). [45/53H55].

CS allows representing a signal with a few samples of the original signal. If a signal or its transformation
basis can be represented as a sparse signal, then, it is possible to use these techniques to represent a vector of
information with fewer samples and recover with high values of the original signal. This provides advantages in
wireless communications, particularly in energy consumption and bandwidth.

For the aforementioned reasons, the process of CS help to reduce data payload, process time and energy
consumption, mainly. Particularly, an image can be represented by a vector. For example, some components
RGB or Gray components of image have components or spectral bands R, G, B, gray. Spectral bands have a
large number of pixels, but why is it important to work with a high number of data? It is important because
this entails more precision, quality and reliability of process information, nevertheless, this mean a problem for
the computational process such as high energy consumption, delays in process and more. Consequently, it is
necessary to reduce the data numbers to represent a image. In recent years, methods have appeared to acquire
least data through CS that reduces the data redundancy and manage the data with minor dispersion through
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base transforms. The main bases were listed above, and are well suited for the compression methods used in
JPEG 2000, MPEG and MP3 standards, mainly.

On the other hand, Source Coding (SC) is a compression technique that removes redundancy from the data
sequence, SC works in order to store the data on a storage device or transmit it over a communication channel.
The source or the measurements have to be mapped in a good digital format. For the above, SC techniques are
typically classified into two categories: lossless and lossy SC.

The aim of lossless SC is to digitally represent the source, so that it can be perfectly reconstructed. On the other
hand, the objective of lossy source coding is to reconstruct the source from arbitrary source coded information
within a small amount of distortion. In applications where there is not much concern about a small amount
of source information such as compressing multimedia, audio, image and CS measurements, lossy SC provides
more flexibility compared with lossless coding, where the source coding rate is not restricted. Some examples
of lossy SC are MP2, MP3 and JPEG [9}/56].

Peak Signal To Noise Ratio - PSNR

PSNR is a parameter that is typically used to assess the quality of an image transmitted over a network. As
image quality is assessed quantitatively, it is based on the difference between the pixels of the image reconstructed
following transmission and the original image [23]. The PSNR of a transmitted image can be calculated as

2
PSNR = 10log (]\fSE) (3-4)

For an image of 8-bits, s is 255 and MSF is the mean squared error, which is the average of the squared
difference in the intensity pixels in the original and the output images. MSE is calculated as in
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where m and n are the respective length and width of the image in pixels, and I(7,j) and K (i, j) are functions
describing the intensity of individual pixels in the transmitted and received image, respectively [23]43].
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3.2.2. Reconstruction Algorithms

Reconstruction techniques are tools that allow the signal to be constructed using few samples of its original
signal. These samples are a resultant vector of the compression technique process. Several tools are available
from the scientific literature, such as Iterative Hard Thresholding (IHT), Orthogonal Matching Pursuit (OMP),
Gradient Projection for Sparse Reconstruction (GPSR) or Two Step Iterative Shrinkage/Thresholding (Twist).
These tools were evaluated and compared with the aim to find the best solution. Their main features are
presented bellow:

- IHT: If we have y[0]=0 and use the iteration:
Yt = Hox [y + 07+ (X = ¢ xy")] (3-6)

where Hg(a) is a non-linear operator that configures the values of s-smaller in magnitude than a vector in zero.
The convergence of this algorithm was described under condition || ¢ |, < 1. In this case, the algorithm
converges to a local minimum in the optimization problem. IHT involves the operation of ¢ and ¢” once in each
iteration, as well as the addition of two vectors. The H, involves a partial order of the elements in magnitude
and requires a storage of X and the storage of a vector with length N [57159].

ol — (y[n] LT % (X — y["])) (3-7)

The IHT algorithm is referred to as:

Input: measurement vector y € RM
sample matrix ¢ € RM*N
K dispersion, regularization parameter u and maxiter (maximum number of iterations)
Output: disperse vector X* € RN
1: vector start X/0=0
2: for i=0 to maxiter do
3 y N = H (y™N 4 o+ (@7 % (X — ¢ % y')) — H,(.) thresholding operator
end for

OMP: If s is an arbitrary m-sparse signal in R? and X1, ..., X is a representation of measurements vectors N
where a matrix ¢ on N X d is formed, whose lines are the measurement vectors, N is the measurements of the
signal grouped into a N-dimensional data vector v = ¢ * s which is a combination of the m columns of ¢. In
terms of sparse approximation, v has a representation of term m on the ¢ dictionary. The sparse representation
algorithm can be used for sparse signal recovery. To identify the ideal s signal, the column of ¢ that participates
in the measurement of vector v is determined. The goal of the OMP algorithm is to choose the column of ¢
where data belongs. In each iteration, the column of ¢ with the highest correlation with v is chosen, afterward,
the contribution is extracted an the next iteration is carried out with the residuet. After m-iterations, it is
expected that the algorithm can correctly identify the original vector-column with a minimum error [17,/57H60].
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The OMP algorithm is referred as:

Input: measurement vector y € RM
sample matrix ¢ € RM=N
K dispersion
Output: disperse vector X* € RV
1: Initialize vectors XA0=0
XA0=0 40 "and A0 =0
for i=1 to K do
proj = ¢Tri—1
Ni=Xi_1 U supp(H1(p7"0j))
Xﬁf—(bM and, X =0
6: 1l =1y — pXN
end for

Algorithms of GPSR and Twist correspond to developments where they have a limit in the capacity to structure a
working logic. Nevertheless, with prior implementation of IHT and OMP algorithms, it is possible to understand
the configuration to adapt the implementation and run them based on literature features [57,61).

3.2.3. Survey on compression techniques and reconstruction algorithms

The following lines present works in compression technique and reconstruction algorithms. This information is
presented with the aim to reduce information for agricultural crop images. The image information is compressed
in order to transmit it through a LPWAN wireless infrastructure and the remote server recovers the images
with the use of reconstruction algorithms almost equal to the original. The following works show compression
techniques to use and reconstruction algorithms techniques.

Table 3 presents a summary of the state of art in compression techniques and reconstruction algorithms, mainly.
Some data are not presented, because they were not submitted in the papers.

The work in [57] shows CS method to reduce information below Shannon-Nyquist theorem and also describes CS
to energy preserve, efficiency in data transmission and optimal reconstruction of the signals. Analytic method
is presented in [62] in order to implement CS with a signal (digital image). If a result = is a unknown vector
in R™, a linear function “n” is used for rebuilding the original signal. If  is known, then, a code is used for
rebuilding the signal; in both cases m << n. An adaptative group sparse representation is proposed in [63]
for image CS recovery. A framework based on alternating direction method of multipliers is presented, where
the adaptative singular value thresholding is introduced to solve the group sparse representation problem. The
threshold adaptively decreases during iterations, in contrast to the traditional methods where it is independent
of the iteration number. The results reveal a good convergence performance and improve the CS recovery.

Authors in [58] describe a method for monostatic ultra wideband microwave imaging of breast cancer using CS.
Instead of using all of the conventional radar returned signals, a few received signals, by randomly choosing the
antenna, are sufficient for obtaining reliable images even at high noise levels. The simulations show that sparse
images are obtained comparing the delay and sum beam forming technique and using only a few received signals.
The work in [59] describes the features and advantages of CS for images (CSI) and develops a mechanism to
carry information of images in an unsure channel. It uses only a few data given by CSI. By using only a few
samples, security is improved.

Compression and reconstruction techniques for images with CS are described in [64] and several tools are eval-
uated with Gaussian model and sensing matrix for reconstruction. In [60] the authors obtained information
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Table 3. State of the art . Compression techniques and reconstruction algorithms

Compression Reconstruction
Reference technique . Authors Year
. algorithm
B application
57 Efficiency in data THT R. G. Baraniuk 2007
| transmission
Image Basis pursuit
J62] compression OMP D. L. Donoho 2006
(63] Image DWT, CT, TV, MH, T.Geng, G. Sun 92018
| compression CoS, sgsr, AGSR Y. Xu, B. Zheng
.. N.Z. Naghsh,
58] Med;‘;”;e Ifinige A. Ghorbani 2018
|| COTpLessio H. Amindavar
Channel security
[59] through image C. Ruland 2018
| compression
Gaussian, .
[64] Image. abolghasemi and M. K. B. Suhani 2008
compression . Salan
| sense matrix method
Spectral image ?C(i:i]ssl\lf—ll L. Deng, Y. Zheng
60| p 1ag P. Jia, S. Lu, 2017
compression S-s-CS 7 Yan
| JSM2 s
7] Image DCRE Q. Wang, J. Wang 92018
| encryption DPRE Q. Wang
Image compression IHT W. Zei, L. Yang
[61] for radar PKS Z. Wang, B. Zhang, Y. | 2018
|| application Lin, Y. Wu
Image compression Basis Pursuit .
J65] for magnetic resonance OMP S. Ramdani 2018
7] Medical image Basis Pursuit L. Wang, L. Li, J. Li 92018
| compression OMP B. Gupta, X. Liu
Test GPRS .
[66] reconstruction GPRS M. figuiredo, R Nowak, 2007
. S.J. Wright
| algorithm
. Quadratic problem L1 J.N. Tehrani, C. Jin
Test reconstruction o
[67] alorithm Lagrange, multiplier, A. McEwan 2010
|| & Twist, Lasso A. Van Schaik
Test IHT
[68] reconstruction IHT N. Koep 2017
. R. Mathar
|| algorithm
l69] regjrslzt?ul\(j[tli)on Basis pursuit X. Cai, Z. Zhou 2018
. OMP Y. Yang, Y. Wang
algorithm
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about hyper-spectral images and evaluated the data information through sparsity models and adaptative clus-
tering techniques AG-JSM1, FG-JSM-1, S-s-CS and JSM2. A encryption method of images is developed in [17]
with the use of CS techniques called DCRE and DPRE. CS for compression of images in magnetic resonance is
described in [61] using a reconstruction technique called Basis Pursuit OMP. In [65] and |17], the authors use
CS in images compression for magnetic resonance and a reconstruction technique called OMP. In the following
references, it is possible to find the evaluation of algorithms reconstruction to use in CS: GPRS [66], L1 norm,
lagrange multiplier, Twist and Lasso [67] THT [68] and OMP [69].
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3.3. lIoT-LPWAN networks

This part of the document introduces the main and most important features of LPWAN networks, its uses
and main technologies in licensed and non-licensed frequency bands. The purpose is to give an overview of the
fundamental concepts useful for understanding the main contributions of this thesis.

ToT wireless networks designates a new digital time to facilitate data transport information. It is considered to
be the third wave of information technology after the Internet and mobile communications. IoT concept was
formally proposed in 2005 by ITU [70,/71]. The technologies inside IoT are used in wireless networks sensors for
service control in telemetry applications, smart cities, health or precision agriculture. Nevertheless, it can be
used in other scenarios where the main objective is data transport with low amount of information. [21}[7275].

IoT grows with the relation of Internet in 5 stages: (1.) one to one communications, known as the stage of pre-
Internet; (2.) “www” communications or content Internet; (3.) the WEB 2.0 services-Internet; (4.) the Social
WEB, people-Internet and (5.) stage M2M (Machine to Machine) Internet of Things [20476-82]. IoT facilitates
the local and remote process control with connectivity of information networks, especially in Internet [83]. ToT is
a concept that allows gathering technologies for specific uses, for example, low consumption battery, large range
or low data transport [84H87]. In [88], it is possible to observe IoT elements for understanding it. Categories
have an identification: sensing, communication, computation, service, and semantics, that serve to deliver the
functionality of IoT. One of the objectives of IoT is to collect wireless communication technologies with common
goals for connecting heterogeneous objects to deliver specific smart services. Typically, the IoT nodes should
operate with low power lossy and noisy communication links.

The main IoT tools from range and coverage are: Wireless Personal Area Network (WPAN), where it is possible
to find technologies such as Bluetooth, Zig-bee and Wireless Hart with coverage among 10 - 100 meters; Wireless
Local Area Network (WLAN), where it is possible to find technologies within IEEE 802.11a/b/g/n/ac/ah with
coverage among 100 - 1000 meters, Wireless Neighborhood Area Network (WNAN) with technologies such
as Wireless Smart Utility Network (WI-SUN), a precursor of WPAN networks with IPV6, whose coverage is
among 3 - 10 kilometers; Wireless Wide Area Network (WWAN), including technologies such as mobile networks
(2G/3G/4G) and LPWAN (Low Power Wide Area Networks) where it is possible to find technologies such as
4G mobile, particularly, the Release 12 and 13 of Third Generation Partnership Project (3GPP) with Long
Term Evolution for Machines (LTE-M) and Narrow Band IoT (NB-IoT) in the private spectrum, and Sigfox,
LoRaWAN, Weightless, Ingenu and others in the free spectrum. Private and free spectrum technologies have
medium coverage among 10 - 50 kilometers, approximately [21,89-91].

Many companies develop new applications and services under IoT with low power consumption, high coverage
and low data transport and are interesting for standardization bodies like 3GPP or IEEE Standard Commit-
tee [92]. For example, NB-IoT and IEEE 802.11 try to develop common technologies that can be used in a
vast range of scenarios. On the other hand, there are technologies like Sigfox, LoRa and Ingenu that are pro-
prietary technologies. Here, it is important to highlight Semtech (developer of LoRa), which published a LoRa
Specification for opening the door to independent performance evaluation [91}93}/94].

3.3.1. LPWAN communication technologies

This part shows the general access techniques employed in wireless networks, particularly in LPWAN, as well
as presents the main features of IoT and LPWAN wireless networks such as specifications, protocols, and main
technologies.

The next lines present the main features of IoT and LPWAN wireless networks such as specifications, protocols,
and technologies. Wireless networks technologies give a support of development of the IoT environment. Some
references are (i) devices working in a small range of coverage, for example, Near Field Communication (NFC);
(ii) Radio Frequency Identification (RFID); (iii) Technologies such as 6LowPAN and Zig-bee, under IEEE
802.15.4; (iv) systems such as Bluetooth and Bluetooth Low Energy (BLE); (v) private technologies such
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as Z-WaveTM, CSRMeshTM, Nwave (Weightless -N), M2COMM (Weightless —P), Acellus, Telensa, Dart,
Wavelot, Qowisio, Wifi Halow (IEEE 802.11ah) and Ingenu (On-Ramp), and (vi) systems in IEEE 802.11/WIFI-
TM [91191,95H[110).

In the ERC 70-03 recommendation of the Electronic Communication Committee (ECC), it is possible to find
information about Short Range Devices (SRD-devices). The main goal is to do radio transmissions in uni-
directional or bidirectional ways with low interference capacity to others devices. In the recommendation, it
is possible to find the relation and coexistence of frequency bands, power maximum levels, channel spacing,
modulation, wide of band and duty cycle. With that recommendation, the developers in the IoT industry give
the parameters for frequencies use.

In wireless systems, modulation techniques have been developed for supporting communications where multiple
users are present among other advantages. There are some techniques that facilitate the communication process,
such as Code Division Multiple Access (CDMA) and spread spectrum (SS) that employ pseudo-random number
sequences to modulate a signal. Multiple transmitters use the same signal with orthogonal codes (called Walsh
codes), to separate communication channels [111,]112]. Frequency Division Multiple Access (FDMA) allows
different users with various carrier frequencies |113] and, Time Division Multiple Access (TDMA ) uses time
slots to coordinate multiple transmitters. The users transmit in fast sequence, one after the other, and each
one uses its own time slot. It allows multiple stations to share the same transmission medium while they are
using the available bandwidth. [114-116].

LPWAN networks used in IoT communications have special features, such as limited packet size (for example
127 bytes for IEEE 802.15.4), length address variable and low bandwidth [88]/117]. The Internet Engineering
Task Force (IETF) and Six Low Wide Wide Pan Access Networks (6LoWPAN) groups were working on the
development of the standard since 2007, where the mapping of services is required for Internet Protocol version 6
(IPv6) over LPWAN networks for maintaining the IPv6 protocol. The standard provides header compression to
reduce the transmission overhead, fragmentation to set the IPv6 Maximum Transmission Unit (MTU) [83[117].

Figure presents the relation between information transport capacity and coverage of wireless technologies.

LPWAN gathers broad coverage, lower capacity information and low battery consumption, mainly [118].

100000 *

10000

Distance (m)

4 WPAN

0,01 10 1000
Data Rate (Mbps)

Figure 3-1.: Data rate vs. Reach. Characteristic wireless of information transport capacity (Mbps) and coverage
(meters).
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Some applications of LPWAN networks are automation process, events control, smart illumination, smart
parking, pets tracing, garbage collection, precision agriculture, monitoring in the mountains (fire, seismology),
health, and others. LPWAN opens a broad possibility for development in the social environment inside Internet
Communications Technologies (ICT‘s) projects [85}/95].

LPWAN works inside IEEE 802.15.4 for unlicensed frequency bands with Instrumental, Scientific, and Medical
(ISM) free bands such as 2.4GHz, 868/915/433/169 MHz, in agreement with the operation area and in LTE-M
/ NB-IoT works in LTE bands for licensed bands. The main settings are tracing, control, capacity, payload,
coverage, range and operation frequency. [90,119-121]. Figure presents the relation between IoT scenarios
connectivity among licensed and unlicensed frequency bands.

LPWAN
(Low Power Wide Area Network)

Licensed Spectrum Un-licensed Spectrum

[ | 1
Sigfox | Ingenu |Telensa | Qowisio Nwave  NB-FI

NB-loT LTE-M  EC-GSM-loT

LoRa-WAN Weightless Dash-7 IEEE 802.15.4

Figure 3-2.: Scenarios for LPWAN networks with licensed and unlicensed bands frequenc