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Abstract

Using wireless communication signals, also known as radio-frequency (RF)

signals, for not only data communication but also target detection and clas-

sification, is an emerging device-free sensing (DFS) technology that has a

great potential in our daily life. In particular, this technology can be used

for target detection in foliage environments. In this thesis, the target recog-

nition techniques based on RF signals have been extensively investigated.

The following outcomes have been achieved.

In order to tackle the issues related to target detection in foliage en-

vironments, a novel detection method based on DFS is proposed. Firstly,

compared with several different types of RF signals, it has been found that

the ultra-wideband (UWB) signal is the most appropriate one. Secondly, the

statistical properties of UWB signal are selected as the extracted features.

Finally, based on the collected data, the performance of the proposed meth-

ods has been extensively verified with different classification algorithms. To

minimize the impact on detection accuracy due to unwanted clutters, a high-

order cumulants (HOC) algorithm is proposed for feature extraction, which

has a good immunity against background noise. First of all, 1-D diagonal

slices of fourth-order cumulants are used to extract useful information from

the received UWB signals. Then, different classification algorithms are used

to demonstrate superior performance of this approach.

Another critical issue related to the proposed method is the potential im-

pact on detection accuracy due to weather variations. Thus, a novel method

for recognition based on a hybrid differential evolution and flower pollina-

xvii



ABSTRACT

tion algorithm (DEFPA) is proposed. Using the collected data that has been

gained from different weather conditions, the proposed DEFPA approach

has not only improved the efficiency of the support vector machine (SVM)

classifier, but also classification accuracy as multi-weather conditions are

considered.

Although the feasibility of using this technology in different weather con-

ditions has been explored to some extent, we observe that it still cannot

perform promisingly under severe weather conditions such as rain, fog, and

snow. To address this problem, an Auto-Encoder/Decoder (Auto-ED) deep

neural network is proposed. Experimental results demonstrate that the pro-

posed approach can best tackle the challenge of target detection under severe

weather condition in the foliage environment.

At the end of this thesis, the summary of the overall work is presented

and some possible future work is given.

xviii



Chapter 1

Introduction

This chapter provides an overview of this thesis. Section 1.1 states the back-

ground of the thesis. Section 1.2 presents the motivation behind the thesis

work. Section 1.3 describes the key contributions of the thesis. Section 1.4

introduces the organization of the thesis.

1.1 Background

Internet of Things (IoT) represents the most exciting technological revolution

since the last century which has the greatest potential to improve quality

of life in several meaningful ways, ranging from smart buildings to smart

cities (Kortuem, Kawsar, Sundramoorthy & Fitton 2010) (Fan, Yin, Da Xu,

Zeng & Wu 2014) (Zanella, Bui, Castellani, Vangelista & Zorzi 2014) (Lin,

Chen, Deng, Hassan & Fortino 2016) (Centenaro, Vangelista, Zanella & Zorzi

2016). Recently, IoT is being considered for critical missions, known as the

Internet of Mission-Critical Things (IoMCT), such as surveillance, search

& rescue and border patrol (Sun, Wang, Vuran, Al-Rodhaan, Al-Dhelaan

& Akyildiz 2011) (Domingo 2012) (Minaeian, Liu & Son 2016). For all of

these applications, the detection of human targets in an outdoor environment

is essentially required. Currently, human targets, at best, are monitored

at just a few locations, with expensive equipment. A low-cost monitoring

1



CHAPTER 1. INTRODUCTION

system with high reliability is urgently required. The availability of this kind

of system will open up a huge potential for not only increasing situational

awareness and strategic effectiveness in military and surveillance events but

also reducing potential casualties during search-and-rescue operations.

As far as target detection in an outdoor environment is concerned, three

approaches have been widely used in the literature. Perhaps the most well-

known approaches are the image- (Sakaino 2013) (Liu, Liu, Blasch, Shen,

Wang, Ling & Chen 2015) (Chen, Zhao, Sun & Tan 2017) and synthetic-

aperture radar (SAR)-based systems (Howard, Roberts & Brankin 1999)

(Dias & Marques 2003) (Yu, Wang, Liu & He 2016). However, the cost of

using either system is relatively high which completely disables the possibility

of deploying them for low-cost sensing. The final approach is to use hybrid

sensors such as acoustic, seismic, passive infrared, magnetic and electrostatic

sensors for target classification which leads to a dramatically reduced cost

compared to the other two approaches. However, the classification accuracy

of this approach needs to be further improved.

Wireless technology has advanced by leaps and bounds over the last half-

century. Although this technology was originally invented for military and

defense, it was actually well known due to the revolution of data commu-

nication. As predicted, by 2020, there will be more than 50-billion devices

connected through wireless links to enable the IoT. As each of them must have

a capability to transmit and receive radio-frequency (RF) signals, it would be

a natural choice to fully utilize these signals for not only data communication

but also sensing, such as target detection and classification. Consequently,

other than an RF transceiver, it requires no additional hardware for sensing.

This idea is known as IoT-inspired device-free sensing (DFS) and is getting

more and more popular in recent years.

Among different sensing technologies, this approach is perhaps the most

promising one that has the potential to dramatically reduce the overall sys-

tem cost. However, until a few years ago, there were few attempts to use this

approach for target detection and classification, although this technology has

2



CHAPTER 1. INTRODUCTION

been proposed since World War II. The idea was picked up for radar-based

applications, but never saw much acceptance beyond that. It would be obvi-

ous to ask why, if this technology was developed in the 1930s, it never caught

on. One might even suspect that some flaw might have been uncovered that

kept such approach out of the mainstream. Although there is no fatal flaw,

the transition from radar to IoT-inspired sensing still faces many challenges.

1.2 Motivation

In the thesis, we focus on the research of detection and classification of targets

that are obscured in a foliage environment. Currently, it is still a challenging

issue due to the low detection and high false alarm rate. This is mainly due

to the following facts:

1. Given multipath propagation effects of rough surfaces, scattering from

vegetations and ground tend to overwhelm the weak backscattering of

targets.

2. When humans and animals appear to have a similar size, it is hard to

make a clear distinction between them.

3. Due to the changes in atmosphere and ground conditions, foliage is

more likely to be a time variant channel environment, for example, wind

results in moving branches and leaves; therefore the foliage clutter is

quite impulsive in nature.

Motivated by the recently proposed DFS technologies, we would like to

present an effective and robust solution to tackle this issue in a cost-effective

way. In this thesis, we aim to investigate and tackle the following four chal-

lenges to obtain good performance for target detection and classification in

foliage environment.

3



CHAPTER 1. INTRODUCTION

1.2.1 Humans and Animals Classification in Outdoor

Cluttered Environments

As far as cost reduction is concerned, it would be a natural choice to utilize

DFS for target detection and classification since it only uses RF signals as a

sensing medium without the need for additional equipment. Unfortunately,

the performance of DFS-based approaches has mostly been verified only in

indoor environments. However, the case of the real world often refers to

environmental variations, which is much more complicated than the indoor

one. In an outdoor environment, since the time-varying clutters could signif-

icantly affect the prorogation of an RF signal in a non-predictable way, the

selection of the most appropriate RF signals plays a critical role. In addition,

animals may have similar dielectric properties as human beings that could

also adversely affect the detection accuracy. To reduce the number of false

alarms, it is important to select the distinct features of similar targets. Until

now, very few articles discuss this issue in the literature. It is still unknown

how to effectively distinguish humans and animals in an outdoor cluttered

environment.

1.2.2 Target Recognition in High-clutter Environment

For the case study in the real world, it is much important to deploy DFS tech-

nology for target detection and classification in high-clutter environments,

such as a foliage environment. In theory, since each target would result in

signals to have different patterns, it is possible to detect and classify the types

of targets by identifying and interpreting these patterns. However, it would

be quite difficult to ensure good detection accuracy in high-clutter scenarios.

For example, in a foliage environment, not only the strength of the RF sig-

nal tends to be rapidly attenuated due to the severe multipath effects, but

also the strong clutters can generate additional noise that would adversely

affect the RF signal. In order to correctly classify different targets, the key

features of the targets must be extensively analyzed. Previous DFS-based
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systems mostly use received signal strength (RSS)-based features for target

detection and classification. However, these features may be very similar

and can be adversely affected by time-varying noise and clutters. Therefore,

a more sophisticated feature extraction method needs to be adopted in a

high-clutter foliage environment.

1.2.3 Target Recognition with Seasonal Variations

As far as foliage penetration is concerned, how to ensure the feasibility of

using DFS-based approaches with seasonal variations is becoming a critical

mission. Since seasonal variations will result in different weather conditions

and foliage density, if we only use the datasets obtained in a specific situation

to train the classifier, the detection accuracy will be severely affected. To

overcome this issue, it is desirable to collect more and more datasets under

all seasons. The classical support vector machine (SVM) classifier has been

successfully applied to target classification. However, its performance highly

relies on the selection of SVM parameters. Although it is possible to obtain

the best-optimized parameters for SVM by using an enormous amount of

training datasets, the computational cost has significantly risen. Thus, how

to determine the optimal parameters for a classifier in a simple but effective

way also needs to be investigated in detail.

1.2.4 Target Recognition under Severe Weather Con-

ditions

Weather conditions play a significant role in the fading phenomena in wire-

less communications. Many studies have intensively investigated weather-

induced effects on radio-wave propagation in foliage environments (Lee &

Meng 2007). These weather effects will naturally change the property of the

propagation channel such as the foliage channel. For example, after heavy

rainfall, the tree trunks are often wet and more conductive, which might

result in a variation in path attenuation of radio propagation. Since the
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changes in temperature, humidity and winds may have significant effects on

the radio propagation, the strength of RF signals may reduce in such adverse

weather conditions as rain, snow, or fog. Consequently, the classification ac-

curacy can be dramatically degraded. While severe weather conditions are

inevitable, it is much important to make the DFS-based approaches appro-

priately used for target detection and classification in the real world scenarios

of foliage environments.

1.3 Contributions

The objectives of this thesis are to tackle the challenges stated in Section

1.2. The contributions of this thesis are stated as follows.

1.3.1 DFS-based Approach for Human and Animal Clas-

sification

To distinguish between human and animal targets in a cost-effective way,

we utilize a combination of DFS and machine learning technologies to tackle

this issue. We collect the datasets of three types of samples, including no

target, human target and animal target in a cornfield using impulse-radio

ultra-wideband (IR-UWB) transceivers. Here, we select IR-UWB signals be-

cause the impulse-shaped signal is relatively immune from multi-path effects

or fading problems. Then, we use the statistical properties of the RF sig-

nals to describe target features and apply the probability density function

(PDF) to select distinct features. The performance of the selected features

for target classification is verified by different classical classifiers. The exper-

imental results indicate that the proposed method can provide good access

to achieve the aim of low-cost but robust classification of human and animal

in a cluttered outdoor environment.
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1.3.2 HOC-based Feature Extraction in High Clutter

Environment

To improve the detection accuracy of DFS-based approach in a high-clutter

environment, we propose a higher-order cumulants (HOC)-based feature ex-

traction algorithm for target recognition. We utilize IR-UWB transceivers

to collect the datasets of three types of samples, including no target, human

target and animal target in a medium-sized forest, which is dominated by a

mixture of small- and medium-sized trees with varying amounts of brush and

shrubs. Furthermore, we apply HOC to analyze the received target signals

because it can provide high noise immunity and contain both amplitude and

phase information of a signal. Finally, we use 1-D slices of fourth-order cu-

mulants to extract useful information. The performance of the HOC-based

features for target classification is verified by different classical classifiers.

The experimental results show that the performance has been improved of

using the HOC-based algorithm over the conventional RSS-based one.

1.3.3 Target Detection with Seasonal Variations based

on DEFPA-SVM

To ensure reasonable detection accuracy with seasonal variations, we propose

a new recognition method using an optimization-based support vector ma-

chine (SVM) to recognize targets obscured by foliage in different seasons. In

a medium-sized forest, we use IR-UWB transceivers to collect the datasets

of four types of samples under four weather conditions in different seasons.

From these real received RF signals, we apply the HOC-based algorithm to

extract the target features. Then, we propose a new hybrid differential evo-

lution and flower pollination optimization algorithm (DEFPA) to optimize

the SVM parameters accommodated to datasets of all seasons. Finally, the

extracted features are input into the proposed DEFPA-SVM to automat-

ically classify the types of targets. Experimental results demonstrate the

effectiveness and robustness of the proposed method for target recognition
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with seasonal variations in foliage environments.

1.3.4 Target Detection under Severe Weather Condi-

tions based on Auto-ED Deep Neural Network

To improve the performance under adverse weather conditions such as rain,

fog, and snow, we present an Auto-Encoder/Decoder (Auto-ED) deep neural

network for target recognition in foliage environment. In the encoder process,

we utilize fractionally-strided convolution operation to encode signal-based

inputs into higher dimensional tensors. Here, We use the HOC as the in-

put vector to the encoder in our proposed Auto-ED neural network. In the

decoder process, we apply convolution operations to extract deep representa-

tions and learn the classifier simultaneously. The effectiveness of the proposed

approach is verified by datasets introduced in Section 1.3.3. The experimen-

tal results indicate that the proposed method can best tackle the challenge

of target detection under severe weather conditions in foliage environments,

1.4 Organization of the Thesis

The thesis is structured as follow:

Chapter 1 is the introduction of the thesis. Section 1.2 states the moti-

vation of this thesis, i.e., the main challenges we aim to tackle. Section 1.3

describes the main contributions of this thesis. Section 1.4 introduces the

organization of this thesis.

Chapter 2 comprehensively reviews the different research fields that are

related to this thesis. We first present the current studies of target detection

and classification in foliage environments. i.e., WSN-based approach and

Radar-based approach in Section 2.1. Then, in Section 2.2, we introduce

the existing DFS-based approaches for device-free localization, device-free

intrusion detection and device-free activity recognition.

Chapter 3 presents a DFS-based approach for human and animal clas-
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sification in a cluttered outdoor environment. We point out the challenges

in Section 3.1 and then introduce the data measurement and collection in

Section 3.2. In Section 3.3, we describe the details of our proposed feature

extraction and selection method. Section 3.4 provides the experimental re-

sults and analysis. Finally, We summarize this chapter in Section 3.5.

Chapter 4 extends the work in Chapter 3, which focuses on the target

detection and classification in a high-clutter environment. Section 4.1 first

introduces the problems and then Section 4.2 provides the data measurement

and collection taken in a foliage environment. In Section 4.3, we propose the

HOC-based feature extraction method. Simulation results are analyzed in

Section 4.4 and this chapter is summarized in Section 4.5.

Chapter 5 further investigates the impact of seasonal variations on de-

tection accuracy in foliage environment. Section 5.2 presents the data mea-

surement and collection taken in a foliage environment under four different

weather conditions. In Section 5.3, we briefly introduce the basic idea of

SVM. Then in Section 5.4, we propose a new DEFPA algorithm to deter-

mine the optimal parameters for SVM. The experimental results are given in

Section 5.5. Finally, the summary is shown in Section 5.6.

Chapter 6 extends the work in Chapter 5, which centers on addressing

performance under severe weather conditions. We first review related works

in Section 6.2 and then propose Auto-ED neural network approach in Section

6.3. Section 6.4 provides the experimental dataset and simulation results. We

summarize this chapter in Section 6.5.

Finally, Chapter 7 concludes the work in this thesis and gives the outlook

for future work.
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Chapter 2

Literature Review

This chapter reviews the related work, in regarding with all the important

fields related to this thesis. The studies of target detection and classification

in foliage environments are introduced in Section 2.1. The literature related

to DFS technology and its applications is listed in Section 2.2.

2.1 Target Detection and Classification in Fo-

liage Environments

Detection and classification of targets that are embedded in foliage environ-

ments is of interest to both military and civilian research. The accurate

and effective detection can provide a broad range of applications, such as

detecting weapon caches during military operations and detecting intrusion

for security systems. However, detecting and classifying targets, such as hu-

man, vehicles, and weapons that are hidden in foliage is still a challenging

issue. The conventional manual monitoring for target detection in foliage en-

vironments suffers from intensive human involvement. Due to the harsh and

complex conditions of the extreme environment, huge amounts of manpower,

material and financial resources are required. In addition, this manual-based

approach can neither allow real-time monitoring nor ensure a good detec-

tion accuracy. In order to dramatically reduce the implementation cost and
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improve the performance, a cost-effective monitoring system with a high re-

liability is urgently required for target detection in foliage environments. In

the literature, there have been two classical methods, one is the wireless

sensor network (WSN) -based approach, and the other is the radar-based

approach.

2.1.1 WSN-based Target Detection Approach

The WSN-based target detection approach utilizes a large number of sensors

spatially deployed over a wide area for detecting and classifying the presence

of the targets. Target detection can be accomplished by making use of multi-

ple sensing modalities, such as acoustic, seismic, ultrasonic, passive infrared

(PIR), magnetic, electrostatic and video. The description of these sensors is

given below (Damarla & Ufford 2007):

• Acoustic sensors use piezoelectric materials to detect acoustic waves,

such as hoof sounds of animals and human footstep sounds.

• Seismic sensors capture the vibrations in the ground caused by the

motion of the targets or ground coupling of acoustic waves.

• Ultrasonic sensors also known as acoustic Doppler sensors, emit acous-

tic waves toward objects and receive reflected responses from objects.

• Passive infrared devices are very inexpensive sensors, which can be

used to detect the nearby presence of a warm body within a cone-shaped

field of view.

• Magnetic sensors can be used to detect ferromagnetic materials car-

ried by people, such as keys, firearms, and knives.

• Electrostatic sensors can be used to detect the built-up electric charge

on personnel.

• Video sensors can capture color or grayscale video for human gait

detection and object recognition

11



CHAPTER 2. LITERATURE REVIEW

Target detection in foliage environments, particularly in terms of human

and animal classification is a challenging problem. For example, acoustic

sensors may analyze sounds and determine if there is any target present.

However, in an outdoor scene, the signals are contaminated by wind sounds,

human voices, or unexpected airplane engine sounds. Although computer vi-

sion is the most widely used technique for detecting humans, video sensors are

not preferred in long-lasting missions because they consume high amounts of

power and require a large memory size. Moreover, the imaging sensors usu-

ally suffer from the problem of line-of-sight (LOS) constraints, e.g., branches

and leaves of trees in foliage environment. Therefore, it is preferable to use

non-imaging sensors, since they tend to be low power and long-lasting. How-

ever, non-imaging sensors are adversely affected by the ambiguity among the

footsteps of animals alone, humans alone, and of animals traveling together

with humans (Huang, Damarla & Hasegawa-Johnson 2011). In addition,

discriminating footstep signals from noise sources is also a challenging task,

because the signal-to-noise ratio (SNR) of footsteps decreases rapidly with

the distance between the sensor and the targets. Furthermore, the foot-

step signals may vary significantly due to the environmental variations (Jin,

Sarkar, Ray, Gupta & Damarla 2012).

Traditionally, seismic sensors are widely used for target detection. Previ-

ous research has focused on footstep detection by means of estimating gait

frequency (Sabatier & Ekimov 2008) (Houston & McGaffigan 2003). (Park,

Dibazar & Berger 2009) proposed an algorithm that extracts temporal gait

patterns to provide information on the temporal distribution of gait beats.

In general, a person walks with a rhythm and has a gait frequency of ap-

proximately 1.5 Hz. However, if multiple people are walking out of sync, it is

difficult to estimate the cadence of an individual person. Moreover, if there

are animals, people walking can be mistaken for their seismic signatures.

In order to reduce false alarm triggering, high-fidelity sensors that capture

the phenomenology associated with people and animals walking are urgently

required. Ultrasonic methods were proposed for the detection of moving
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targets by means of micro-Doppler gait signatures. In (Zhang, Pouliquen,

Waxman & Andreou 2007), Gaussian mixture models (GMM) are used to

classify human and four-legged animals. In (Kalgaonkar & Raj 2007), the

cepstral coefficients are used as features to identify human walking.

As shown in the above literature review, no single sensor can discrim-

inate between human and four-legged animals in different situations and

circumstances. Therefore, some researchers proposed to use hybrid sensors

to identify targets. (Damarla, Mehmood & Sabatier 2011) and (Damarla

& Ufford 2007) used multi-modal sensors, namely, acoustic, seismic, PIR,

magnetic and electrostatic to detect people. (Iyengar, Varshney & Damarla

2007), (Iyengar, Varshney & Damarla 2011) and (Sundaresan, Subramanian,

Varshney & Damarla 2010) utilized both the acoustic and seismic sensors

and developed joint probability distributions based on Copula-based frame-

work for detection of people. (Jin, Gupta, Ray & Damarla 2011) and (Jin

et al. 2012) presented a feature-level fusion method based on a hidden Markov

model (HMM) for personnel detection by using the seismic and PIR sensors.

(Huang et al. 2011) developed a feature fusion system based on GMM by

using the acoustic, seismic and ultrasound sensors to discriminate between

humans and four-legged animals. Although these approaches can reduce the

false alarms to some extent, the computation cost also rapidly increases. In

addition, the sensitivity of these sensors is severely affected by environmen-

tal factors, such as temperature change, extreme air turbulence and adverse

weather conditions.

In summary, the classification accuracy of the WSN-based target detec-

tion approach needs to be further improved. On the one hand, complicated

environments with the presence of animals can cause false alarms to discrim-

inate different types of targets. On the other hand, adverse environmental

conditions may have significant effects on the sensitivity of the sensors. Al-

though it is possible to improve the detection rate by deploying hybrid sensors

within the scope of monitoring, existing research indicates that the perfor-

mance is still modest. In addition, the classification algorithm for data fusion
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will intensively increase the computational complexity and energy consump-

tion, which makes them unfeasible for large-scale deployment in practice.

2.1.2 Radar-based Target Detection Approach

Radar is an object-detection system that uses electromagnetic waves to deter-

mine the range, angle or velocity of objects by calculating various parameters

of the attenuation and scattering in the radar echo signal. Radar cross sec-

tion (RCS) is one of the key parameters in the detection of targets which

contains recognizable target characteristic such as size, shape, structure as

well as the state of motion. RCS is a fictitious area that reflects the intensity

of the wave back to the radar. It can be defined as follows (Balanis 1989),

σ = lim
R→∞

4πR2 |Es|2
|Et|2

(2.1)

where R represents the distance between the radar and the target, Es is the

scatter field intensity and Et is the incident field intensity. Here, we assume

that the target is in the condition of far-field covered by the radar. According

to the above equation, RCS highly depends on several parameters, such as

aspect angle, frequency, polarization and dimensions of the target. Therefore,

a traditional radar system usually uses RCS to detect airborne targets such

as aircraft and missiles when the environment is not so complicated (Foster

1995). However, the channel path in a foliage environment is non-line-of-sight

(NLOS) and obscured by leaves and trunks. For this reason, the propagation

attenuation and the multi-path effects become severe which makes some RCS

statistical parameters unfeasible for target detection in a foliage environment.

To overcome this issue, there have been many efforts undertaken to in-

vestigate radar detection in foliage environments. One direction is to pursue

the foliage clutter modeling and analysis in order to gain a better under-

standing of the clutter and improve the detection performance (Liang &

Liang 2010b). (Sheen, Malinas, Kletzli, Lewis & Roman 1994) measured and

analyzed one-way transmission properties of foliage using a bistatic and co-
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herent wide-band system over the band from 300 to 1300 MHz. (Fleischman,

Ayasli, Adams & Gosselin 1996) measured two-way foliage attenuation by a

synthetic aperture radar (SAR) and discussed probability dependency for fre-

quency, polarization, and depression angle. Other than SAR, in (Nashashibi,

Sarabandi, Oveisgharan, Dobson, Walker & Burke 2004) and (Nashashibi &

Ulaby 2005), the authors applied Millimeter-Wave (MMW) radars in mea-

surements of foliage attenuation and ground reflectivity. These studies have

shown that the foliage channel contains much spiky clutter; thus, it would be

quite difficult to ensure a good accuracy for target detection in foliage envi-

ronments. Although the K-distribution has been widely used for radar clutter

modeling in the previous studies (Watts 1987) (Nohara & Haykin 1991), it

is still inaccurate to describe the strong spatial and angular fluctuations of

foliage. Based on an ultra-wideband (UWB) radar, (Kapoor, Tsihrintzis &

Nandhakumar 1996) proposed an alpha-stable model and (Liang, Liang &

Samn 2008) presented a log-logistic model for foliage clutter. However, the

detection performance has not been further verified in these studies.

Another direction centers on the development of radar technology. Re-

cently, advancements in foliage penetrating (FOPEN) SAR have opened

new insights into the problem of detecting targets in foliage environments.

FOPEN SAR operates mainly in the VHF and UHF bands to enable detec-

tion and imaging of targets concealed in foliage. Many practical FOPENmea-

surements have been conducted by a number of researchers in recent years.

The research groups from USAFRL (Davis, Tomlinson & Maloney 1999),

MIT (Fleischman et al. 1996) (Bessette, Crooks & Ayasli 1999) (Toups,

Ayasli & Fleischman 1996) (Binder, Toups, Ayasli & Adams 1995), and

JPL (Durden, Klein & Zebker 1991) (Durden, Klein & Zebker 1993) have

reported the results of several foliage penetration experiments, using the

VHF, UHF, L and S bands fully polarimetric SAR imaging over forested ar-

eas. These results have demonstrated that these lower bands have very good

ability to penetrate foliage. Some advanced signal processing approaches

have also been published to support better performance for target detec-
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tion. (Halversen, Nanis, Owirka & Novak 1994) developed a two-pass change

detection algorithm for forming several aspect-angle-diverse SAR images to

enhance the target detectability. (Rau & McClellan 1998) also utilized re-

constructing directional filter-banks to enhance targets. Based on the ap-

plication of a set of filters, some alternative approaches have been proposed

to improve the detection performance. (Allen 1996) reported a matching fil-

tering method and (Runkle, Nguyen, McClellan & Carin 2001) employed a

sequence of directional filters combined with a hidden Markov model (HMM).

In addition, different pattern recognition approaches have been introduced to

these studies such as Bayesian Neural Network (BNN) (MacDonald, Isenman

& Roman 1997), Support Vector Machine (SVM) (Zhao & Principe 2001),

Extreme learning machine (ELM) (Guo & Zhou 2018) and so on.

As shown in the above literature review, there are still practical difficulties

inherent in detecting targets by utilizing radar systems. On the one hand,

the fluctuations of the foliage clutter may have significant effects on the

performance of identifying targets obscured in foliage. On the other hand,

although FOPEN SAR provides the potential for target detection in foliage

environments, most studies focus on the detection of vehicle-sized targets in

the forest such as trucks and tanks; thus, a few attempts have been made

to use this technology for small-sized targets detection such as humans and

animals. In addition, these radar systems are not suitable for the covert

operations due to the large size of the antennas. Compared to the WSN-

based approach with inexpensive sensors, the radar-based one requires high

power and high cost.

Although significant progress has been made for target detection in fo-

liage environments by utilizing the WSN-based and Radar-based approaches,

there are still some fundamental issues to be tackled such as installation and

maintenance costs of systems, adverse effects of the environmental conditions

and false alarms caused by the presence of animals. In order to solve this

problem, in this thesis, we present a cost-effective monitoring approach based

on DFS technology for target detection in foliage environment. The research
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of DFS technology and its applications will be introduced in the next section.

2.2 Device-Free Sensing

With the rapid advancements in the Internet of Things (IoT) and the widespread

use of wireless networks, virtually all entities in our environment will be en-

hanced by sensing. It is possible to capture the environmental changes as

long as wireless networks have been deployed over a large area with guaran-

teed coverage. Since each transceiver within a wireless network must have a

capability to generate and transmit RF signals, it would be a natural choice

to fully utilize this capability for not only data communication but also for

sensing. DFS is an emerging class of sensing technology which has been pro-

posed as a way of detecting and tracking targets which only uses RF signals,

such as Bluetooth, UWB, ZigBee and Wi-Fi, without the need to equip any

devices or extra hardware support. In the past several years, there have

been many efforts undertaken to investigate DFS technology. They can be

categorized into three groups: device-free localization, device-free intrusion

detection and device-free activity recognition.

2.2.1 Device-free localization

Device-free localization is a passive localization technique relying on the sens-

ing capability of the RF signals. Since the tracked entity is neither required to

carry devices nor participate actively in the localization process, device-free

localization has attracted increased attention from scholars and practition-

ers. In order to perform localization, there are several approaches that have

been proposed in the literature which can be broadly categorized into two

groups: (1) location-based approach and (2) link-based approach.
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• Location-based approach

The location-based approach is also known as fingerprinting which formu-

lates the device-free localization as a fingerprint-matching problem. The idea

of the approach was first proposed in (Youssef, Mah & Agrawala 2007) in the

context of passive localization. With the object placed at various predeter-

mined locations in the deployment area, the authors built an offline radio map

by collecting all the corresponding wireless link measurements. The objects

location was estimated by mapping the test location to one of these trained

locations based on the trained offline radio map. This work was extended

to a much larger deployment in Nuzzer, which is a large-scale localization

system for real environments with rich multipath (Seifeldin, Saeed, Kosba,

El-Keyi & Youssef 2013). The results of this study have shown that Nuzzer

gives location estimates with less than 2-meters median distance error. In or-

der to further mitigate the error caused by the multi-path effect in cluttered

indoor environments, the probabilistic techniques have been adopted to im-

prove the localization accuracy. The idea of this method is to formulate this

localization problem into a probabilistic classification problem. It estimates

received signal strength (RSS) distributions at each location according to

the training information and utilizes probabilistic methods to find the match

with the maximum likelihood. For example, (Savazzi, Nicoli, Carminati &

Riva 2014) proposed a framework of Bayesian estimation approach to reach

the localization accuracy to 1-meters and (Xiao, Wu, Yi, Wang & Ni 2013)

used the maximum a posteriori probability (MAP) algorithm to achieve the

localization accuracy to 0.9-meters.

In general, the location-based approach has two advantages: (1) It does

not require a dense nodes deployment because there is no intersection with

any radio Line-of-Sight (LOS) links with the presence of an object; (2) It

can avoid modeling errors by explicit measurements of the multipath effects

on RSS in each different location. However, it is also apparent that the

calibration procedure of fingerprinting is relatively tedious.
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• Link-based approach

The concept of the link-based approach is to form a consistent link-based

model to relate the object’s location relative to the radio link locations based

on the RSS dynamics in the network. This approach analyzes the statisti-

cal relationship between an object’s position and the resulting RSS of any

radio links in the environment and consequently deduces the location infor-

mation using geometric methods. (Zhang, Ma, Chen & Ni 2007) presented an

algorithm which directly estimates track of a single object from link measure-

ments. For each link whose RSS variation exceeds an empirical threshold, the

object is likely to be located in an area which is approximated as a rectangle,

centered at the midpoint of the line between the transmitter and receiver.

Then the authors adopted the best-cover algorithm to estimate the objects

position based on the experiments with a 44 RF-based grid array covering

36 square meters. This work was extended in (Zhang & Ni 2009) to use

a probabilistic cover algorithm based on distributed dynamic clustering to

improve the localization accuracy. In order to realize a real-time accurate

and scalable system for device-free localization, they divided the monitored

area into different triangular sections and used the support vector regression

model to locate the object in each area (Zhang, Liu, Guo & Ni 2013). This

series of work has performed valuable exploration and verified the feasibility

of utilizing radio link information for localization.

Inspired by the computed tomography method that is widely adopted in

medical and geophysical systems, another set of work following the above

studies modeled the device-free localization as a radio tomographic imaging

(RTI) problem (Wilson & Patwari 2010) (Wilson & Patwari 2012). When an

object moves into the area of a wireless network, links which pass through

that object will experience shadowing losses. This work carried out in-depth

research on the use of shadowing losses on links between many pairs of nodes

in a wireless network to image the attenuation of objects within the network

area. Based on this work, there has been a great deal of research on RTI

to realize high-performance of device-free localization. (Kaltiokallio, Bocca
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& Patwari 2012) exploited channel diversities based on channel packet re-

ception rates and fade levels to restrain the frequency domain interference.

(Wang, Gao, Yu, Cheng, Wu & Wang 2013) proposed a differential scheme to

process RSS measurements to improve the localization accuracy and system

robustness. (Nannuru, Li, Zeng, Coates & Yang 2013) presented measure-

ment models and particle-based algorithms for RF-tomographic approaches

to track multi-targets in indoor environments.

In general, the link-based approach has two advantages: (1) it is robust

to the environmental variations because the objects position is directly esti-

mated based on its relative distance to each radio LOS link ; (2) it needs less

calibration effort which means that only node positions and ambient RSS for

each link is required. However, it depends on a dense nodes deployment to

guarantee enough radio LOS links to cover all the tracking area.

2.2.2 Device-free Intrusion Detection

The concept of device-free intrusion detection is to record and analyze the

RSS dynamics obtained from the existing wireless infrastructures for per-

forming intrusion detection. Different from the traditional intrusion detec-

tion system that either requires special hardware support or communication

devices attached to objects, this passive intrusion detection has shown the

feasibility to detect intruders without any physical devices equipped with

them. With wireless infrastructures becoming more and more pervasive in

our daily lives, device-free intrusion detection can provide a broad range of

application such as intrusion detection in industrial facilities, surveillance of

the home security and search-and-rescue operations.

The device-free intrusion detection depends on the fact that RF signals

that travel through in the ranges of the wireless networks are affected by

absorption, reflection, refraction, and scattering. Therefore, the presence of

intrusions within the wireless network will result in significant RSS variations

at wireless devices which makes it possible to detect intrusion in wireless en-

vironments. In recent years, there have been many efforts undertaken to
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investigate device-free intrusion detection. (Youssef et al. 2007) first demon-

strated the feasibility of device-free localization in a controlled environment

using the moving average and moving variance of RSS to detect intrusions.

This work was extended to a real environment in (Moussa & Youssef 2009).

Although the performance of algorithms developed in previous work severely

degraded in this scenario, the authors presented an alternative algorithm,

based on the maximum likelihood estimator (MLE) that has a significant

performance increase without affecting the systems precision. However, these

studies are limited as only a single intrusion indicator can be exploited. In or-

der to improve the detection capability to identify different intrusion patterns

in real world ( e.g. an intruder is standing and hiding or a person is trapped

in a fire building ), (Yang, Ge, Xiong, Chen & Liu 2010) proposed a joint

learning approach which utilized grid-based clustering over K-neighborhood

to effectively diagnose the presence of intrusions in Zigbee networks.

Other than these studies, the RTI technique has been investigated to

further improve detection accuracy. (Wilson & Patwari 2011) first applied

an inverse imaging algorithm to obtain an attenuation map and then made

improvement by leveraging motion-induced variance of RSS measurements.

(Li, Chen, Coates & Yang 2011) presented a sequential Monte Carlo (SMC)

method incorporated with on-line expectation maximization (EM) to esti-

mate model parameters. However, the majority of these studies for RF

tomographic intrusion detection have focused on a single target in a wire-

less network. In order to realize detecting multiple targets, the authors in

(Thouin, Nannuru & Coates 2011) considered the attenuation effect is the

sum of attenuations caused by all targets and developed a multi-target track-

ing algorithm based on a particle approximation of a moment-based filter.

The approach was extended to provide some experimental verification for up

to four targets (Nannuru, Li, Coates, Yang et al. 2011).

In general, device-free intrusion detection brings several advantages over

other traditional technologies owing to the following facts: (1) It can per-

form based on RSS measurements from low-cost commercial wireless devices,
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which are relatively inexpensive and can be deployed quickly; (2) It is able to

work in darkness, smoke and to see through walls; (3) It does not raise high

privacy concerns as do video cameras. However, device-free intrusion detec-

tion still remains a challenging issue due to the presence of large amounts of

multi-path clutters in real environments.

2.2.3 Device-free Activity Recognition

Activity recognition has become increasingly important and has the potential

to support a broad spectrum of promising applications such as smart surveil-

lance, elder care, virtual reality, advanced user interface, etc. Traditional

approaches involve wearable sensors and specialized hardware installations.

Device-free activity recognition has been proposed as a way of identifying

human activities through the use of existing wireless networks while elimi-

nating the need for a human to carry any device. The concept of device-free

activity recognition is to utilize the variations in the transmission channel

to recognize human activities in a given environment. Existing solutions for

device-free activity recognition can be grouped into two categories: (1) RSS-

based approach and (2) channel state information (CSI)-based approach.

• RSS-based approach

The RSS-based approach is based on the fact that the existence of an

entity in wireless environments affects the RF signals, especially when hu-

mans are performing different activities. The RSS at transceivers should be

relatively stable if there is no movement or changes in wireless environments.

However, the presence of a human will results in changes in RSS values,

whereas the degree of the RSS variation is correlated with the level of hu-

man motion. Therefore, different human activities will generate correlated

characteristic patterns in the received superimposed RF signals. By identi-

fying and interpreting these patterns, it is possible to recognize activities or

gestures performed by device-free entities in the RF channel.
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There have been extensive studies on the RSS-based approach for device-

free activity recognition. (Sigg, Scholz, Shi, Ji & Beigl 2014) first investigated

the feasibility of recognizing activities based on RSS fluctuations. The au-

thors developed a DFAR system for device-free activity recognition which

achieved recognition rates of over 80% for four activities including crawling,

lying down, standing up and walking. However, this system relies on sophis-

ticated Software Defined Radio (SDR) devices from which one continually

transmits a signal that is read and analyzed by other nodes. In order to

directly use RSS in simple transceiver hardware, this work was extended to

utilize Wi-Fi RSS fluctuations on an off-the-shelf mobile phone for the recog-

nition of activities and gestures. The results demonstrated the feasibility of

distinguishing simple activities and to some extent also gestures based on

RSS fluctuations. However, the accuracies stayed below what would be pos-

sible with standard sensors such as accelerometers. In order to improve the

performance, (Abdelnasser, Youssef & Harras 2015) presented a WiGest sys-

tem by leveraging changes in Wi-Fi RSS to sense in-air hand gestures around

the users mobile device which achieved overall gesture detection accuracy of

89%.

In general, the RSS-based approach can be widely available in commercial

off-the-shelf Wi-Fi devices. However, the performance of device-free activ-

ity recognition based on RSS is limited by the disadvantage of RSS itself.

RSS is inherently a coarse measurement which only provides coarse-grained

information about the channel variations and does not contain fine-grained

information about small-scale fading and multipath effects caused by the

micro-movements. In addition, strong multipaths make RSS suffer unpre-

dictable fluctuations in dense multipath propagation. Therefore, RSS-based

techniques have difficulties providing high recognition accuracy in most en-

vironments.

• CSI-based approach

The idea of the CSI-based approach for device-free activity recognition is

to explore the change rules of CSI when the wireless environment is affected
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by human activities. CSI represents the channel properties of a communica-

tion link which describe how a signal propagates in the channel combining

the effect of time delay, amplitude attenuation and phase shift. Compared

with RSS, CSI measurements provide more fine-grained information on each

subcarrier with both amplitude and phase information for device-free activity

recognition.

As CSI is an upgrade for RSS, it is a natural choice to adopt CSI to boost

the recognition performance. (Wang, Wu & Ni 2017) presented a WiFall sys-

tem that employs the time variability and special diversity of CSI for fall

detection in an indoor environment. (Wang, Liu, Chen, Gruteser, Yang &

Liu 2014) developed an E-eyes system that utilizes CSI signal measurements

to identify household activities at home such as sleeping on the bed, sitting

on the bed, watching TV on a sofa, taking a shower and washing dishes.

(Nandakumar, Kellogg & Gollakota 2014) employed off-the-shelf Wi-Fi de-

vices that leverage the CSI information to classify four arm gestures such as

push, pull, lever, and punch. However, all of these studies have focused on

the recognition for macro-movements. As CSI takes the advantage of multi-

path effects and captures the detailed changes on different subcarriers, it is

suitable to recognize micro-movements. (Wang, Zou, Zhou, Wu & Ni 2016)

proposed a WiHear system that uses CSI values to identify mouth move-

ments while talking for achieving lip reading. This work introduced Mouth

Motion Profile that leverages partial multipath effects and wavelet packet

transformation to solve this micro-movement detection. (Ali, Liu, Wang &

Shahzad 2015) presented a WiKey system that exploits the variations in CSI

values to recognize keystrokes. In order to identify the micro-movements of

hands and fingers in typing, WiKey adopted an extraction algorithm that

automatically detects and segments the recorded CSI time series to extract

the waveforms for individual keystrokes.

In general, as CSI is a finer measurement of the wireless propagation

channel, the CSI-based approach can provide high performance for device-

free activity recognition. However, the CSI-based approach is only accessible
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on specific platforms because the resolution of CSI is limited by the operating

bandwidth of Wi-Fi (IEEE 802.11n/ac channel). Therefore, the majority

of current CSI-based studies rely on COTS Wi-FI network interface cards

(NICs) (such as Intel 5300 and Atheros 9390) to obtain CSI values.

As shown in the above literature review, device-free sensing-based tech-

niques have the advantages of long-range, low-cost and the ability to work in

darkness and NLOS scenarios while offering good privacy protection. How-

ever, all of these applications are based on situations where performance

validation is conducted in indoor environments or open-field outdoor envi-

ronments. Performance of DFS-based technologies in a cluttered outdoor

environment has not yet been fully explored. Therefore, in this thesis, the

possibility of using DFS technology for target detection and classification in

a foliage environment is investigated. Some more related works are referred

to in the following chapters.
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Chapter 3

A Device-Free Sensing

Approach for Human and

Animal Classification

The well-known IoT is recently being considered for critical missions such

as search and rescue, surveillance and border patrol. One of the most crit-

ical issues that these applications are currently facing is how to correctly

distinguish between human and animal targets in a cost-effective way. In

this chapter, we first present a relatively low-cost but robust approach that

uses a combination of device-free sensing and machine-learning technologies

to tackle this issue. In order to validate the feasibility of the presented

approach, a variety of data is collected in a cornfield using impulse-radio

ultra-wideband (IR-UWB) transceivers. These data are then used to inves-

tigate the influence of different statistical properties of the RF signal on the

accuracy of human and animal target classification. Based on the probability

density function (PDF) of different statistical properties, two distinguishing

features for target classification are found, namely standard deviation and

root mean square delay spread. Using them, the impact on the classifica-

tion accuracy due to different classifiers, number of training samples and

different values of SNR are extensively verified which indicates that the pre-
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sented approach has a great potential to be deployed in an outdoor cluttered

environment.

3.1 Introduction

Personnel detection in terms of human and small animal targets classification

has been found very useful for many applications, ranging from military to

surveillance (Chan, Kuga & Ishimaru 1999) (Frolind, Gustavsson, Lundberg

& Ulander 2012) (Jin et al. 2012) (Guan, Yin, Guo & Wang 2016) (Damarla,

Bradley, Mehmood & Sabatier 2013). The traditional approaches have been

revealed to be deficient due to ever-increasing requests for safety, security and

environment protection at local and national level. Previously, the most per-

formed studies are focused on using either SAR or hybrid-sensor systems for

personnel detection. Although these approaches can effectively differentiate

targets with very low false alarm probability, their costs of implementation

need to be dramatically reduced; otherwise, they are not going to be feasible

for target detection with the presence of animals that are similar to human in

terms of the physical size. As far as cost reduction is concerned, several novel

detection approaches based on micro-Doppler signatures have been recently

presented in the literature. Using these approaches, either a human doing

different activities (Wang, Liu & Fathy 2013) (Ding & Tang 2014) (Du, Ma,

Wang & Liu 2014) or different humans doing the same activity (Javier &

Kim 2014) (Kim & Moon 2016) (Fioranelli, Ritchie & Griffiths 2016) can be

accurately classified. Moreover, humans and dogs can be distinguished by

using stride information from the targets, as demonstrated in (Kim, Ha &

Kwon 2015). However, the performance of these approaches has only been

verified in the open-field environment. Their classification accuracy may be

severely deteriorated, if clutters are introduced in the surrounding area. In

order to dramatically reduce system cost without compromising performance,

a cost-effective monitoring system with a high reliability is urgently required

for personnel detection.
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There is an emerging class of sensing technology, known as DFS, which

only uses RF signals as sensing devices to detect some environmental varia-

tions. Thus, it requires no additional hardware but an RF transceiver which

shows a potential to dramatically reduce the overall cost. Although this

technology has been used to successfully demonstrate human target detec-

tion either at an indoor environment or in an open field, no attempt has

been made to transfer the technology to applications that are operated at

outdoor with changing atmosphere and ground conditions. Thus, there are

still several challenges for us to overcome. Since the outdoor clutter may

be time-varying, they could significantly affect propagation of an RF signal

in a non-predictable way. As DFS-based approach uses RF signals as sens-

ing devices, the selection of the most appropriate RF signals plays a critical

role. According to theory, the impulse-shaped signal with extremely short

duration pulses is immune or invulnerable from sensitivity or multi-path ef-

fects or fading problems which is a better option than the continuous-wave

(CW) signal (Wang & Fathy 2012) (Kumar, Li, Liang, Zhang & Wu 2014).

Thus, an IR-UWB signal is selected in this work. In addition, animals such

as goats and dogs, may have similar dielectric properties as human beings

that could also adversely affect the detection accuracy of human targets. To

ensure that the types of the detected target can be correctly classified, there

is no doubt that the selection of distinct features is a critical task. Until now,

very few papers discuss this issue in the literature. It is still unknown how

to distinguish humans and animals in an effective way.

In this chapter, we present an effective and robust solution to tackle this

issue. This solution is based on a combination of IR-UWB and machine-

learning technologies. Although continuous improvement of sensing technol-

ogy naturally pushes the state of the art to either lower cost or higher per-

formance, the innovations developed in this work will radically disrupt this

progression and create a whole new standard for cost versus performance that

will enable the development of applications which were previously unattain-

able. Several typical statistical properties (SP) of the received RF signals
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are investigated by means of a probability density function (PDF) so that

the computational cost can be minimized without compromising detection

accuracy. Based on our experimental results, two distinguishing features are

found to be particularly suitable for human and animal target classification

in a cornfield. Using these two features only, the impact on the classifica-

tion accuracy due to different classifiers, the number of training samples and

variations of SNR is extensively investigated. Simulation results demonstrate

the feasibility of the presented cost-effective sensing approach for human and

animal target classification in outdoor environments with the existence of

clutters.

The rest of this chapter is organized as follows. Section 3.2 briefly in-

troduces the data measurement and collection in real scenarios. In Section

3.3, we present the details of our proposed feature extraction and selection

method. We provide the experimental results and analysis in Section 3.4,

and finally summarize this chapter in Section 3.5.

3.2 Experiment Setup and Data Acquisition

To verify the performance of the developed system, in particular the accuracy

of distinguishing between human and animal targets in an outdoor environ-

ment with the existence of clutters, a variety of data have been taken in a

cornfield. The experimental setup is shown in Figure 3.1. The transceivers

are placed at fixed locations with a constant height, 0.5 m above the ground.

Four scenarios are used for data collection purposes. In scenario 1, a penetra-

tion measurement was taken without any target placed between a transmitter

and a receiver. In scenarios 2-4, three different targets are used, including

(1) human (a crouched man with 65 kg weight and 80 cm height), (2) dog

(approximately 70 cm length and 40 cm height), and (3) goat (approximately

60 cm height). Since the detection and classification accuracies may be ad-

versely affected by the selected locations where the target is placed, eleven

different locations (A, B, C, D, E, F, G, H, I, J and K) within a region
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between the transceivers are used to ensure that the system can effectively

detect and classify the concealed target in the entire monitoring area. The

detailed selection of locations is given in Figure 3.2. On the other hand, it

is also worthwhile to mention that the resolution of the scanned (captured)

waveform is 61 picoseconds. Since there are 350 sampling points (limited

by the used system) as shown in Figure 3.3 (a), the overall duration of each

captured waveform is 61 ps × 350 = 21.35 ns.

UWB-IR 
receiver (RX) UWB-IR 

transmitter (TX)
 

Received Data 
Collection

Dog

Goat

Human

Figure 3.1: Measurement setup

Note that the corn plants are separated by approximately 0.3 m, and

the heights are up to approximately 1.7 m. To ensure the reliability of the

system, many samples are collected: in each scenario, 500 samples are taken

at every location. As there are 11 different locations, an overall 5,500 samples

for each scenario are collected to form a database. These collected data are

used for the purpose of machine learning and will be explained in detail in

the following sections.
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Receiver Transmitter

Corn

Target 
Location

20.15m

2.45m

6.32m
10.24m

14.36m
18.23m

0.3~0.4m

Figure 3.2: The selected locations for data collection in a cornfield

3.3 Proposed Method for Feature Extraction

and Selection

This section is organized as follows. Section 3.3.1 briefly introduces the data

preprocessing of the received RF signals collected in Section 3.2 and Section

3.3.2 presents the feature extraction and selection approach.

3.3.1 Data Preprocessing

IR-UWB technology is selected in the present approach because, not only

is it robust against noise but also is more energy efficient than the conven-

tional CW-based technology. The measurements were taken using PulsON

400 (P400) by the Time Domain Co., Ltd. The operation frequency of the

transceiver is from 3.1 to 5.3 GHz with the center frequency at 4.2 GHz. Pla-

nar elliptical dipole antennas with a gain of 3 dBi are used for transceivers.

In addition, the receiver is connected to a PC so that the collected data can

be directly acquired and recorded digitally. More details of the P400 spec-

ifications and key performance parameters can be found in Table 3.1. As
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Table 3.1: P400 Specifications and Key Performance Parameters

Physical Parameters

Dimensions 4”× 3”× 0.85” = 10.2 inˆ3

Temperature
Operating: -10◦C to 65◦C

Storage: -40◦C to 85◦C

Power Requirements 5.75V to 30V DC

Power Consumption 5 Watts

RF Characteristics

Operating Band 3.1GHz to 5.3 GHz

Center Frequency 4.3 GHz

Transmit power
Mode 1: -14.5 dBm

Mode 2: +2.3 dBm

Antenna Ports A&B Standard 50 Ohm SMA coaxial connector

Noise Figure 4.8 dB

Transmit Pulse Repetition Rate 10.1MHz (default - others available)

RF Communications

Channelization
7 user selectable pseudo-random pulse

interval channels

Raw (Symbol) rates: 158k, 79k, 39.5k, 19.7k, 9.86kbps

Max Distance (FCC Part 15

0dB Antennas, Freespace)
88m, 125m, 177m, 250m, 354m

Communications type Packet transmission

Max user bytes/packet 1024

32



CHAPTER 3. A DEVICE-FREE SENSING APPROACH FOR
HUMAN AND ANIMAL CLASSIFICATION

0 50 100 150 200 250 300 350
Sample Index

-1.6

-0.8

0

0.8

1.6
A

m
pl

itu
de

 (
un

itl
es

s)

104

(a)

0 10 20 30 40 50 60 70 80 90
Sample Index

-1.6

-0.8

0

0.8

1.6

A
m

pl
itu

de
 (

un
itl

es
s)

104

(b)

Figure 3.3: Waveforms of the raw RF signals at the receiver without any

target placed in the surrounding region: (a) without preprocessing, (b) with

preprocessing

mentioned, an RF signal can be partially blocked and reflected which results

in different scattering paths. This phenomenon can be represented as:

r (t) =
N∑
k=1

Akp (t− tk) (3.1)
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where r (t) is the received signal, Ak is the amplitude of the kth multipath,

p (t) is the envelope of the template signal, tkis the time delay of the kth path

and N is the number of scattering paths. As shown in Equation (3.1), this

model includes all multipath reflections. Since the envelope of the received

waveform can be significantly affected by the type of the detected target, any

changes in the targets, including the physical size and material, could be very

well reflected by the received waveform. It is noted that to improve classifi-

cation accuracy, only the part that contains the strong impulse is selected for

feature extraction and signal preprocessing is required to remove unwanted

noise. As illustrated in Figure 3.3, two measured waveforms, namely with

and without signal preprocessing, are compared.

To show the challenge of human and animal target classification, the

waveforms of the received raw RF signals with different targets, including

human, dog and goat, are plotted in Figure 3.4 (a), (b) and (c), respectively.

Although distinct differences can be found for the scenario, where no target

is placed, the differences between human and animal targets are not obvious

at all. Thus, using the conventional approach that only uses the strength of

RF signals is no longer appropriate.

3.3.2 Feature Extraction and Selection

As previously demonstrated, once a target is placed between a transmitter

and a receiver, the channel condition varies, which influences the received

RF signals. Since an impulse-like RF signal has rich multipath features,

some insight regarding target classification may be provided by investigating

the characteristics of these signals. To capture the salient differences of the

received RF signals as different targets are placed, a number of features can be

extracted from the waveform of every received RF signal r(t). The statistical

properties of IR-UWB signals that are commonly used for identification of

NLOS and LOS are used for features extraction in this work. Eight classical

statistics are selected because they have been successfully applied for indoor

target localization. However, the feasibility of using them for human and
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Figure 3.4: Measured waveforms at the receiver with three different targets,

(a) human, (b) dog and (c) goat
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animal classification in outdoor environment has not been attempted.

The PDFs of the statistics of multipath components (MPCs) can be ob-

tained using the previously collected data. Although multiple features can be

used for target classification, it is desirable to minimize the dimension of the

selected features. Consequently, not only the average classification accuracy

but also the computational efficiency would be significantly enhanced which

is essential for autonomous sensing. For this reason, the characteristics of

different features are analyzed in terms of PDF so that the most distinguish-

ing features can be selected. It is noted that all the extracted features in

this chapter are normalized between 0 and 1 for simplicity. If a collection of

extracted feature values is given as x = (x1, x2, . . . , xk) , their corresponding

normalized data z = (z1, z2, . . . , zk) can be expressed as:

zk =
xk −min(x)

max(x)−min(x)
(3.2)

Due to the fact that for personnel detection, it is not necessary to dis-

tinguish between goat and dog targets, the previously defined scenarios are

merged into three cases. The targets are defined as no target, human and

animal. Note that the case of animal is formed by a combination of goat and

dog with a ratio of 1:1. The statistics of MPCs can be categorized into either

amplitude-based parameters (in the time domain) or delay-based parameters

(in the frequency domain). For the amplitude-based parameters, they can

be divided into two types of parameters, namely absolute parameter and rel-

ative parameter. The type of absolute parameter consists of the maximum

amplitude of the received signal, the number of the MPCs within 10 dB of

the strongest path for each received signal and the number of MPCs that

contain 90%of the received energy. These parameters can be expressed using

the following equations.
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Figure 3.5: Calculated PDF as a function of selected statistical feature: (a)

maximum amplitude, (b) number of MPCs within 10 dB of the strongest

path, (c) number of MPCs that contain 90% of the received energy
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The maximum amplitude of the received signal:

Amax = max
t

|r (t)| (3.3)

The number of the MPCs within 10 dB of the strongest path for each

received signal:

NP10dB =
∑
r(t)

(|r (t)|>−Amax/10) (3.4)

The number of MPCs that contain 90% of the received energy:

NPE90=min
n

(
n∑

t=1

|r (t)|2>0.9Er

)
(3.5)

Using the previously obtained measurement samples, the calculated PDFs

of these three features for all cases are depicted in Figure 3.5 (a), (b) and (c),

respectively. As illustrated in Figure 3.5 (a), there is a relatively large overlap

between animal and human cases while there is another overlap between

animal and no target. Very similar results can also be observed from Figure

3.5 (b) and (c). This indicates that none of these three statistical properties

can be used to effectively distinguish not only human and animal targets

but also correctly detect the existence of a target. This is mainly due to the

fact that outdoor environments are highly dispersive which could severely

affect the type of absolute parameters. Moreover, the results also indicate a

similarity between human and animal targets. On the other hand, the type

of a relative parameter consists of mean, standard deviation and Kurtosis.

These parameters can be expressed using the following equations.

The mean of the absolute value of r(t):

μ|r|=
1

T

∫
T

|r (t)| dt (3.6)

The standard deviation of the absolute value of r(t):

σ2
|r|=

1

T

∫
T

[|r (t)| − μ|r|
]2
dt (3.7)
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Figure 3.6: Calculated PDF as a function of selected statistical feature: (a)

mean, (b) standard deviation, (c) Kurtosis.
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Kurtosis:

k=
1

σ4
|r|T

∫
T

[|r (t)| − μ|r|
]4
dt (3.8)

The calculated PDFs as functions of these three features are plotted in

Figure 3.6 (a), (b) and (c), respectively. It is evident that the PDF of the

standard deviation (as shown in Figure 3.6 (b)) is more distinctive than

the other two cases which means that this feature is very well suited for

target classification. The PDFs of both mean and Kurtosis have relatively

similar characteristics. Thus, neither of them can be effectively used for

target classification. In particular, the PDFs of the mean are almost identical

for human and animal targets which once again indicates that human and

animal targets have a strong similarity. Moreover, Kurtosis is a measure

of whether the data are peaked or flat relative to a normal distribution.

As previously illustrated in Figure 3.4, the received RF signals for different

cases seem to have similar waveforms which explains why it is difficult to use

Kurtosis as a feature in the presented system.

In order to ensure the accuracy of the presented approach, the delay-based

statistics of MPCs have also been taken into consideration. Two important

statistics that characterize the delay information of the MPCs are the mean

excess delay and the root mean square (RMS) delay spread which are given

below.

The mean excess delay:

τm =

∫ +∞
−∞ t|r (t)|2dt∫ +∞
−∞ |r (t)|2dt (3.9)

The RMS delay spread:

τRMS =

√√√√∫ +∞
−∞ (t− τm)

2|r (t)|2dt∫ +∞
−∞ |r (t)|2dt (3.10)

The calculated PDFs of these two features are given in Figure 3.7. As can

be seen in Figure 3.7 (a), using the PDF of the mean excess delay is insuffi-
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cient for target classification. It is interesting to see that the characteristic

of this PDF is similar to the ones obtained from Kurtosis and NPE90. This

phenomenon once again indicates that a time-varying channel due to clutter

would severely affect the accuracy of classification. As illustrated in Figure

3.7 (b), τRMS can also provide a good indication among three different types

of target. Although using a single feature, either Figure 3.6 (b) or Figure 3.7

(b), could potentially differentiate between different targets, using two fea-

tures would surely enhance the reliability of the presented approach. Based

on the above discussion, the standard deviation and RMS delay spread are

selected as input parameters for target classification in this work.

3.4 Target Classification and Results Discus-

sion

In order to verify the performance of the presented approach for target

classification, three classical classifiers are selected, including the support

vector machine (SVM), the k-nearest neighbor (KNN) classifier and back-

propagation neural network (BPNN). The radial basis function (RBF) kernel

function is accepted for constructing the SVM. The penalization parameter

of the SVM and the RBF kernel function width is searched by a grid-search-

parameter optimization approach to minimize the average classification error

for each SVM. For the KNN classifier, the Euclidean distance is used as a

similarity measure in the experiment for KNN and the number of neighbors

that is selected to be 10. Moreover, three-layer BPNN is applied to the tar-

get classification. The number of input nodes is determined according to

the feature dimensions and the output layer contains 3 nodes which is the

number of target types in this work. The optimal parameters of the nodes

for the hidden layer, the target error, the training rate and the momentum

were determined to be 25, 0.005, 0.1 and 0.01, respectively.

The previously obtained data are divided into two types: training and

testing, in which the training samples are used to calculate the fitness func-
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Figure 3.7: Calculated PDF as a function of selected statistical feature: (a)

mean excess delay, (b) RMS delay spread
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Figure 3.8: Measured classification accuracy as a function of training samples:

(a) no target, (b) human as target, (c) animal as target, (d) average of three

targets
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tion so that the classifier can be effectively trained, while the testing samples

are used to verify the performance of the sensing system. In addition, all data

are randomly selected for training and testing. Once the data have been used

for training, they will not be used again for testing. As the presented ap-

proach is targeted for autonomous sensing, it is essential to investigate the

impact on classification accuracy of the selected number of training sam-

ples. As a rule of thumb, the more training samples are used, the higher

the accuracy can be achieved but with an increased computational cost. For

autonomous sensing, as the computational capability of the system is con-

strained by the limited battery capacity, special attention needs to be paid

to the trade-off between accuracy and complexity. For every target at each

location, 55 testing samples are used while the number of samples used for

training is varied for evaluation purposes. Thus, there are overall 11 × N

training samples and 550 testing samples are used to fully investigate the

trade-off between computational efficiency and classification accuracy where

N ranges from 5 to 40 with a step of 5. By using RMS delay spread and

standard deviation as extracted features and applying 275 training samples

for each target type, the classification accuracy of the presented approach

is shown in Figure 3.8. As illustrated, although the same accuracy can be

achieved using the different classifier, using the SVM classifier does show a

distinct advantage over using the other classifiers. This is particularly true

if the number of training samples is constrained.

Besides minimizing the number of samples used for training, another

serious concern is the reliability of the system. As RF signals can be easily

attenuated due to environmental variations, evaluating the impact of the

SNR on the classification accuracy can be used to verify the reliability of the

designed system. Therefore, additional white noise is added to the original

collected data so that the SNR can be effectively varied. To evaluate the

robustness of the system, the noise level is changed from 0 dB to 30 dB with

a step of 5 dB. During the calculation, there are 275 training samples and 550

testing samples used for each target. The corresponding results are shown in
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Figure 3.9. As illustrated, both KNN and SVM classifiers have demonstrated

very good immunity against noise.
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Figure 3.9: Measured classification accuracy as a function of SNR: (a) no

target, (b) human as target, (c) animal as target, (d) average of three targets
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The measured classification accuracy using different classifiers is given in

Table 3.2, Table 3.3, and Table 3.4, respectively. In Table 3.5, the accuracy

of using different classifiers is summarized. Note that, to verify the accuracy

of the system in a fairly reasonable way, each experiment is carried out 30

times. The mean and standard deviation for the overall measurements are

calculated and summarized in Table 3.5. The Average row shows the average

accuracy rate for all the target types.

Table 3.2: The Measured Classification Results Using SVM Classifier

Target type of samples
Test results

No target Human Animal

No target 531 10 9

Human 7 516 27

Animal 9 33 508

Table 3.3: The Measured Classification Results Using BPNN Classifier

Target type of samples
Test results

No target Human Animal

No target 526 11 13

Human 9 507 34

Animal 12 33 505

Table 3.4: The Measured Classification Results Using KNN Classifier

Target type of samples
Test results

SVM BPNN KNN

No target 527 10 13

Human 9 509 32

Animal 10 32 508
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Table 3.5: Summary of Classification Accuracy Using Different Classifier

Target type
Classification rate (%)

SVM BPNN KNN

No target 96.64 ± 0.72 95.73 ± 0.82 95.86 ± 0.79

Human 93.72 ± 0.97 92.14 ± 1.16 92.51 ± 1.18

Animal 92.26 ± 1.13 91.79 ± 1.23 92.38 ± 1.17

Average 94.21 ± 0.89 93.22 ± 1.08 93.58 ± 0.98

3.5 Summary

In this chapter, the possibility of using a cost-effective approach for human

and animal target classification in an outdoor environment with the exis-

tence of clutters has been extensively explored. The conceptual framework

of this approach is based on a combination of DFS and machine-learning tech-

nologies. To extensively verify the performance of the presented approach,

a variety of samples have been measured under three different scenarios,

including no target, human and animal targets. The influence of using dif-

ferent SP of the received RF signals for target classification is analyzed and

compared using PDFs, so that the computational cost can be minimized

without compromising the accuracy. It has been found that using two statis-

tical properties, namely standard deviation and RMS delay spread, appears

to be sufficient for our application. In addition, the impact of using differ-

ent types of classifiers, variation of SNR as well as the number of training

samples on classification accuracy is also investigated. Among different clas-

sifiers, namely BPNN, KNN and SVM, it has demonstrated that the SVM

classifier is very robust against noise while maintaining good accuracy with

the least number of training samples. The average classification accuracy

is greater than 91% in terms of distinguishing between human and animal

targets which is similar to other state-of-the-art systems that use physical

sensors but with a great potential to dramatically reduce hardware and com-
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putational cost. Therefore, we could firmly conclude that it is possible to use

the presented approach to form a cost-effective sensing solution for human

and animal target classification in cluttered outdoor environments.
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Chapter 4

HOC-based Feature Extraction

Approach for Target Detection

in High-Clutter Environment

In this chapter, the possibility of using DFS technology for target detection in

a high-clutter environment is investigated. Although in the previous chapter

we used the algorithm that is based on statistical properties of the received-

signal for target detection in a cornfield with the existence of low clutters, it is

still questionable if this RSS-based algorithm is fully functional for detection

of a target that is embedded in strong clutters such as a foliage environment.

To answer this question, a variety of the measured data have been taken

using different targets in a foliage environment. Applying these data along

with SVM, the impact on detection accuracy due to different classification

algorithms is studied. An algorithm that is based on the extraction of the

high-order cumulant (HOC) of the signals is presented while the RSS-based

one is used as a benchmark. The measurement results show that the classi-

fication accuracy of the HOC-based algorithm is better than the RSS-based

one by at least 17%. Moreover, to ensure the reliability of the HOC-based

approach, the impact on classification accuracy due to different numbers of

training samples and different values of SNR are extensively verified using
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experimentally recorded samples.

4.1 Introduction

DFS is an emerging technology that uses RF signals as sensing medium to

detect some environmental variations. To accelerate the pace of deploying

this technology for applications that need to be operated in high-clutter en-

vironments, such as target detection in a foliage environment, good detection

accuracy must be ensured. In theory, a transmitted signal consists of several

components, and they travel with different paths to arrive at the receiver. RF

signals can be easily blocked, reflected or scattered by different targets and

therefore each target would result in signals to have different patterns. By

identifying and interpreting these patterns, it is possible to detect and even

classify the types of targets. Based on this principle, it has been successfully

demonstrated that this technology is useful for many applications that oper-

ated at indoor environments. In (Patwari & Wilson 2010) (Chen, Edelstein,

Li, Coates, Rabbat & Men 2011) (Wei, Hu, Yang & Chou 2015), by detecting

the RSS, some simple but very useful tasks can be accomplished using the

CW signals, including localization, activity recognition and motion tracking.

To further investigate the possibility of using this technology in an outdoor

environment, in Chapter 3 we extract statistical parameters from IR-UWB

signals to distinguish between human and animal targets in a cornfield with

the existence of low clutters.

Although significant progress has been made for using DFS technology as

summarized above, deploying this technology in foliage or any other environ-

ment that has strong clutters is yet been fully explored. There are still some

fundamental issues that need to be tacked (Liang 2011) (Li, Zhao, Zhang,

Sun & Zhou 2013). In a foliage environment, not only strength of the RF

signal tends to be rapidly attenuated which could overwhelm the weak sig-

nals that may contain important features of targets but also the clutters can

generate additional noise that would adversely affect SNR of the RF signal.
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Note that comparing to target detection, the situation would be even more

complicated to target classification. In practice, due to multipath propaga-

tion of RF signals, the RSS is spread and reduced in intensity, if there is

any target placed between the transmitter and the receiver. Thus, it is rela-

tively straightforward to detect the existence of a target. As long as the RSS

is attenuated more than a certain level, the correct decision can be made.

However, this is not the case for target classification. In order to correctly

classify different targets, the key features of the targets must be extensively

analyzed. Due to the nature of DFS technology, these features may be very

similar and can be adversely affected by time-varying noise and clutters. If

the RSS is relatively weak and the energy of the signals is widely spread, the

RSS-based features may not be sufficient to distinguish similar targets, such

as human and animal. Therefore, as noise immunity of RSS-based features is

limited, a more sophisticated feature extraction method needs to be adopted.

To find an appropriate solution for target detection in a high-clutter en-

vironment, unlike conventional DFS-based systems using RSS-based classi-

fication algorithms at indoor or in open-field outdoor environments, in this

chapter, an IR-UWB signal is utilized for sensing and its high-order cumulant

is extracted as a key feature to improve the immunity of the system against

the noise generated by clutters (trees and their branches). Using this system,

a variety of the samples are taken in a foliage environment. These samples

are then extensively used to verify the performance as well as the robustness

of the system. In particular, the measurement results show that the classi-

fication accuracy of the HOC-based algorithm is better than the RSS-based

one by at least 17%. Moreover, the impact on classification accuracy due

to the different number of training samples and different values of SNR is

extensively verified.

The rest of this chapter is organized as follows. Section 4.2 briefly intro-

duces the data measurement and collection taken in a foliage environment. In

Section 4.3, we present the details of our proposed feature extraction method

based on HOC. We provide the experimental results and analysis in Section
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4.4, and finally summarize this chapter in Section 4.5.

4.2 Experimental Setup and Data Collection

To verify the performance of the presented approach, in particular the ac-

curacy of distinguishing between human and small-animal targets in a high-

clutter environment, a variety of data have been taken in a foliage envi-

ronment. The foliage environment applied in this work is dominated by a

mixture of small- and medium-sized trees with different amounts of brush

and shrubs. The diameter of the trunk is varied in the range of 2 to 20 cm

and is up to approximately 10 m tall. The trees are spaced varying from

0.5 to 2 m and a small amount of underbrush was scattered throughout the

area in the space. The operating frequency of the IR-UWB transceiver is

from 3.1 to 5.3 GHz with the center frequency at 4.2 GHz. Planar elliptical

dipole antennas with a gain of 3 dBi are used for transceivers. In addition,

the receiver is connected to a PC so that the collected data can be directly

acquired and recorded.

Receiver

Data collection

Target

Foliage environment

Transmitter 

Figure 4.1: Measurement setup

The experimental setup is shown in Figure 4.1. The transceivers are

placed at fixed locations at a constant height, 0.5 m above the ground. Three
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scenarios are used for data collection. A penetration measurement was taken

without any target placed between a transmitter and a receiver, in scenario

1. In scenarios 2 and 3, two different targets are used, including (1) a hu-

man (a crouched man with 65 kg weight and 80 cm height) and (2) a dog

(approximately 70 cm length and 40 cm height). Since the detection and

classification accuracies may be adversely affected by the selected locations

where the target is placed, five different locations (A, B, C, D and E) within

a region between the transceivers are used to ensure that the system can

effectively detect and classify the concealed target in the entire monitoring

area. These locations are illustrated in Figure 4.2.

Receiver A

D

E

14.23m

2.95m

7.14m
11.26m

B C Transmitter

Tree

Target 
Location

Tree

Target 
Location

Tree

Target 
Location

Figure 4.2: The selected locations for data collection in a foliage environment.

To ensure the reliability of the approach, 480 samples are taken at every

location for each scenario. As there are 5 different locations, an overall 2,400

samples for each scenario are collected to form a database. These collected

data are used for the purpose of machine learning and will be explained

55



CHAPTER 4. HOC-BASED FEATURE EXTRACTION APPROACH
FOR TARGET DETECTION IN HIGH-CLUTTER ENVIRONMENT

in detail in the next Section. To show the challenge of human/dog target

classification, the waveforms of the received raw RF signals with different

scenarios are plotted in Figure 4.3. Although distinct differences can be

seen for the scenarios with and without any target, the differences between

humans and dogs are difficult to distinguish. The features from different

scenarios must be extracted in an effective way, otherwise it is impossible to

correctly classify the different targets. For this reason, a feature extraction

method based on a high-order cumulant is selected in this work.

4.3 HOC-based Feature Extraction

This section is organized as follows. Section 4.3.1 briefly introduces the

the basics theory of HOC and Section 4.3.2 presents the feature extraction

method based on HOC.

4.3.1 Brief Introduction to HOC

The HOC-based method for signal processing has lately regained the spot-

light owing to the achievement of excellent empirical performance in several

different domains of application such as pattern recognition (Chandran &

Elgar 1991) (Chandran, Carswell, Boashash & Elgar 1997) (Orlic & Dukic

2009) (Mustapha & Dimitrakopoulos 2010), study of machine faults (Benbouzid

2000) (Chow & Tan 2000) (Liang, Iwnicki & Zhao 2013), analysis of electro-

cardiogram (ECG) (Khadra, Al-Fahoum & Binajjaj 2005) (Martis, Acharya,

Lim, Mandana, Ray & Chakraborty 2013) and electroencephalogram (EEG)

signals (Muthuswamy, Sherman & Thakor 1999) (Acharya, Sree & Suri 2011),

although the main concept has been around for some decades. The basic

principle of HOC is briefly introduced here (Mendel 1991).

If a collection of random variables is given as {x1, x2, . . . , xk}, their corre-
sponding kth-order cumulant can be defined as the coefficient of {v1, v2, . . . , vk}
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Figure 4.3: Measured waveform at the receiver under different senarios: (a)

no target vs human target, (b) no target vs dog target, (d) human vs dog

targets

in the Taylor series expansion of the cumulant-generating function,

ψ (v) = lnE {exp (jv′x)} (4.1)

where E [·] is the expectation operator, representing the statistics average.

The kth-order cumulant of x is defined as,

cum (x1, x2, . . . , xk) = (−j)k [∂/∂v1∂v2 . . . ∂vk]ψ (v)
∣∣∣
v=0

(4.2)

When the average of the random variables is non-zero, the expression of the

third-order and above are very complicated. Thus, in practice, the zero-

mean processing is adopted to the raw signal so that the higher-order cu-

mulant can be simplified. Let {x(t)} be a zero-mean of kth-order station-

ary random process. The kth-order cumulant of this process is denoted as

Ckx(τ1, τ2, . . . , τk−1), which is defined for the joint kth-order cumulant of the
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random variable x (t), x (t+ τ1), . . ., x (t+ τk−1), i.e.,

Ckx (τ1, τ2, . . . , τk−1) = cum (x(t), x(t+ τ1), . . . , x(t+ τk−1)) (4.3)

where τ1, τ2, . . ., τk−1 are time delays. Following from Equation (4.4) to

Equation (4.6), the corresponding second-, third- and fourth-order cumulants

of zero-mean x (t) can be expressed as,

C2x(τ) = E {x(t)x(t+ τ)} (4.4)

C3x(τ) = E {x(t)x(t+ τ1)x(t+ τ2)} (4.5)

C4x(τ) = E {x(t)x(t+ τ1)x(t+ τ2)x(t+ τ3)} − C2x(τ1)C2x(τ2 − τ3)

−C2x(τ2)C2x(τ3 − τ1) − C2x(τ3)C2x(τ1 − τ2)
(4.6)

For a zero-mean Gaussian random process, the cumulants have the fol-

lowing conclusions,

C1x = 0, C2x = σ2, Ckx = 0 (k ≥ 3) (4.7)

As indicated in Equation (4.7), if a signal contains additive Gaussian

noise, including colored or white noise, the influence of noise can be mini-

mized by using higher-order cumulants which proves the fact that the HOC-

based approach is inherently suitable for this case. However, this requires ex-

cessive number crunching. In order to extract useful information from higher-

order cumulants of non-Gaussian stationary processes, one-dimensional (1-

D) slices of multi-dimensional cumulants are often used. This is mainly due

to the fact that a 1-D slice of a higher-order cumulant retains all the use-

ful characteristics of the signal. Therefore, computational efficiency can be

significantly improved by using 1-D slices. The 1-D slice of a third-order

cumulant C3x (τ1, τ2) can be defined as,

C3x(0, τ)=cum (x (t) x (t) x (t+ τ)) (4.8)
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and

C3x(τ, τ)=cum (x (t) x (t+ τ) x (t+ τ)) (4.9)

If a random process is symmetrically distributed, then its third-order cu-

mulant equals zero whereas some non-symmetrical process has an extremely

small third-order cumulant and much larger fourth-order cumulant. The

one-dimensional slices of fourth-order cumulant C4x (τ1, τ2, τ3) is defined as

following,

C4x(0, 0, τ)=cum (x (t) x (t) x (t) x (t+ τ)) (4.10)

C4x(0, τ, τ)=cum (x (t) x (t) x (t+ τ) x (t+ τ)) (4.11)

C4x(τ, τ, τ)=cum (x (t) x (t+ τ) x (t+ τ) x (t+ τ)) (4.12)

4.3.2 Proposed HOC-based Feature Extraction

Since the HOC of Gaussian signals is statistically zero, HOC-based meth-

ods can be used to separate additive mixtures of independent non-Gaussian

signals and Gaussian noise (Nikias & Mendel 1993). This feature can be

exploited to detect and classify non-Gaussian signals and provide high noise

immunity in applications where the signal source is corrupted with Gaussian

noise. As previously mentioned, one of the critical hurdles to enable DFS for

target recognition in a foliage environment is to enhance the immunity of the

system against the noise generated by clutters (trees and their branches). In

addition, HOC contains both amplitude and phase information of a signal

which is very useful for target classification because distinct features can be

extracted from a higher-order domain. Therefore, a HOC-based method is

selected in this work due to the fact that it may have a promising potential

to reduce false alarm triggering.
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In this chapter, the following procedures are used for feature extraction

from the received RF signals. Firstly, zero-mean processing needs to be ap-

plied for the raw RF signals. In the experiment, using the platform presented

in Figure 4.2, only the signals that have been sampled can be extracted at the

output and it is impossible to obtain the true values of the HOC. Thus, the

zero-mean processing is required to simplify the HOC. This is particularly

true for this case, as by no means the average of the received RF signal is

zero. Secondly, the fourth-order cumulant is selected because the third-order

cumulant of the received RF signal is much smaller than its fourth-order

ones. Finally, 1-D slices of fourth-order cumulants are used to extract useful

information from the HOC of non-Gaussian stationary processes. It is noted

that although different types of 1-D slices of fourth-order cumulants are pos-

sible, as shown in Equation (4.10)-Equation (4.12), including radial, vertical,

horizontal, diagonal and offset-diagonal. The vertical slice is selected in this

work mainly because it can provide a simple but effective way to extract im-

portant information from the received signals which improves the accuracy

of target classification without a significantly increased computational cost.

Consequently, the estimated values of the fourth-order cumulants using 1-D
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Figure 4.4: Extracted features using the presented appraoch: (a) no target,

(b) human as target, (c) dog as target
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vertical slices ĉ4x(0, 0, τ) from a finite set of measured data samples x (1),

x (2), . . ., x (n), can be expressed as,

ĉ4x(0, 0, τ) =
1
N

N∑
n=1

[x (n)− m̂1x]
3 [x (n+ τ)− m̂1x]

− 3
N2

N∑
n=1

[x (n)− m̂1x] [x (n+ τ)− m̂1x]
N∑

n=1

[x (n)− m̂1x]
2

(4.13)

where m̂1x=
1
N

N∑
n=1

x (n).

To demonstrate the effectiveness of using the presented HOC-based method,

the features of different targets are extracted and plotted in 4.4. Unlike the

results in Figure 4.3, the distinct features are shown for the different cases,

not only with and without a target but also with human or dog targets.

4.4 Target Classification and Results Discus-

sion

In order to verify the performance of the presented approach for target classi-

fication, an SVM classifier is used. The previously obtained data are divided

into two types: training and testing, in which the training samples are used

to calculate a fitness function so that the classifier can be effectively trained,

while the testing samples are used to verify the performance of the sensing

system. As a rule of thumb, the more training samples are used, the higher

accuracy can be achieved but with an increased computational cost. It is

therefore essential to investigate the impact on classification accuracy of dif-

ferent numbers of training samples so that the trade-off between accuracy

and complexity can be effectively optimized.

For every target at each location, 110 testing samples are used while

the number of samples used for training is varied for evaluation purposes.

Thus, there are overall 5 × N training samples, and 550 testing samples are

used to fully investigate the trade-off between computational efficiency and
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classification accuracy, where N ranges from 10 to 110 with a step of 10. In

order to verify the superiority of the HOC-based features, RSS-based ones are

also used for comparison. The seven RSS-based features are listed in Table

4.1. The corresponding results in terms of average classification accuracy for

all target types are shown in Figure 4.5. As illustrated, using the HOC-based

approach does show a distinct advantage over using the RSS-based one. In

all cases, the accuracy still can be improved by more than 10%. This is

particularly true if a higher number of training samples is used.

Table 4.1: Seven Typical RSS-based Parameters

Energy of r(t) Er =
∫ +∞
−∞ |r(t)|2dt

Maximum amplitude of r(t) Amax = max
t

|r(t)|
Mean excess delay τm =

∫ +∞
−∞ t |r(t)|2dt

/∫ +∞
−∞ |r(t)|2dt

RMS delay spread τRMS =

√∫ +∞
−∞ (t− τm)

2|r (t)|2dt
/∫ +∞

−∞ |r (t)|2dt
Mean of |r(t)| μ|r| =

1
T

∫
T
|r(t)|dt

Standard deviation of |r(t)| σ2
|r| =

1
T

∫
T

[∣∣r(t)− μ|r|
∣∣2]dt

Kurtosis of |r(t)| k= 1
σ4
|r|T

∫
T

[|r (t)| − μ|r|
]4
dt

Note: r(t) is the target waveform and the resolution of the scan waveform

is 61 ps.

Besides minimizing the number of samples used for training, another

serious concern is the reliability of the system. As RF signals can be easily

attenuated due to environmental variations, evaluating the impact of the

SNR on the classification accuracy would verify the reliability of the designed

system. Therefore, additional white noise is added to the original collected

data so that the SNR can be effectively varied. To evaluate the robustness

of the system, the noise level is changed from 0 dB to 30 dB with a step

of 5 dB. During the calculation, there are 350 training samples and 550

testing samples used for each target. The corresponding results are given in

Figure 4.6. As illustrated, the HOC-based approach is always better than
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Figure 4.5: Classification accuracy as a function of number of training sam-
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Figure 4.6: Classification accuracy as a function of SNR
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the RSS-based one. To demonstrate the improvement of using the presented

approach for target detection, the measured classification accuracy using

two different methods for feature extractions, namely RSS and HOC, are

compared in Table 4.2. Note that, to verify the accuracy of the system in a

fairly reasonable way, each experiment is carried out 50 times. The Average

row shows the average accuracy rate for all target types.

Table 4.2: Summary of Classification Accuracy using Different Feature Ex-

tractions

Target type
Classification rate (%)

HOC-based RSS-based

No target 94.27± 0.85 81.56± 1.72

Human 90.16± 1.12 69.69± 1.97

Animal 96.70± 1.07 74.17± 1.43

Average) 93.71± 0.77 75.14± 0.93

4.5 Summary

The performance analysis of using DFS technology for target detection in

a foliage environment has been investigated in this chapter. To ensure the

good classification accuracy, a HOC-based feature extraction algorithm is

presented. The performance improvement of using the HOC-based algorithm

over the RSS-based one has been observed from the illustrative example.

Without using any sensing devices but RF transceivers, a variety of samples

have been measured under three different scenarios in a foliage environment,

namely no target and with the targets of human and dog, respectively. Using

these measured samples along with SVM classifier for target classification,

the average accuracy of the HOC-based algorithm is greater than 93.71%

while the RSS-based one can only achieve an accuracy of 75.14% under the

same scenarios. Furthermore, the impact on classification accuracy due to
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the number of training samples and SNR variations are investigated. Based

on the results obtained from the illustrative example, we could conclude that

the HOC-based algorithm has improved the robustness and is more accurate

than the RSS-based one. Therefore, it is likely to be a useful approach for

target detection and classification in a high-clutter foliage environment.
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Chapter 5

Foliage Penetrating Target

Classification with Seasonal

Variation based on

DEFPA-SVM

Foliage penetrating (FOPEN) has been found to be a critical mission for a

variety of applications, ranging from surveillance to military. In the previous

chapters, an emerging technology namely DFS has been introduced to the do-

main of FOPEN. Although the feasibility of using this technology for target

detection beneath foliage has been explored to some extent, it is questionable

if the same technology can be transferred to a realistic environment. As far as

FOPEN is concerned, the impact of seasonal variations on detection accuracy

can be severe. To address this concern, in this chapter, an experiment is con-

ducted in four seasons and how to ensure reasonable detection accuracy with

seasonal variations is intensively investigated. To fully evaluate the potential

of using the DFS for FOPEN, in this chapter we propose a new recognition

method using an optimization-based support vector machine (SVM) to rec-

ognize targets obscured by foliage in different seasons. To seek the optimal

parameters of SVM, a new hybrid differential evolution and flower pollina-
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tion optimization algorithm (DEFPA) is developed to determine the optimal

parameters for SVM with the highest accuracy and generalization ability.

Consequently, the adverse effects on detection accuracy due to variations

of weather conditions in four seasons can be accommodated. According to

the experimental result, it is shown that the average classification accuracy

of the presented approach can be improved under all seasons with ensured

robustness.

5.1 Introduction

FOPEN, in particular human detection, has been a long-standing subject

of intensive study (Ivashov, Razevig, Sheyko & Vasilyev 2004) (Gallagher &

Narayanan 2013) (Aziz, Abdullah & Yusof 2017). In order to effectively solve

this problem, a target classification approach using a DFS-based technology

is proposed. Previously, the studies of Chapter 3 and Chapter 4 focused on

either using the RSS-based or the HOC-based algorithm for FOPEN target

classification. Although both approaches can effectively differentiate targets

with a low false-alarm probability, deploying the approaches amongst foliage

under different weather conditions has not yet been fully explored which

makes them infeasible in practice. Therefore, to this date, the detection and

recognition of foliage covered targets still has some fundamental issues to be

tackled. In particular, the classification accuracy needs to be significantly

improved before it can be considered a practical approach.

In an outdoor environment, the classification accuracy can be dramat-

ically degraded by many factors. First of all, most outdoor scenarios are

based on NLOS, such as FOPEN. The trunks, branches and leaves of trees

can rapidly attenuate the strength of RF signals. As a result, the weak

signals that may contain important features of targets are likely to be over-

whelmed. Secondly, foliage is an intrinsically time-variant channel environ-

ment due to changes of atmosphere and ground conditions. Strong winds

could result in moving the branches and leaves of trees and generate a large
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amount of time-varying clutter and noise which is quite undesirable. As far

as classification is concerned, the extracted features from received RF signals

must be not only sufficiently distinctive among different types of target but

also robust enough against noise. Finally, different weather conditions and

seasons could also affect the performance of the presented approach due to

variations of humidity and foliage density. If the classifier were only trained

using the datasets obtained in a specific condition, it would be quite dif-

ficult to ensure good accuracy. To overcome this issue, it is desirable to

train the classifier with more and more datasets. Ideally, all weather con-

ditions under four seasons should be included. The classical SVM classifier

has been successfully applied to target classification (Tang, Zhang, Chawla

& Krasser 2009) (Muñoz-Maŕı, Bovolo, Gómez-Chova, Bruzzone & Camp-

Valls 2010) (Bahrampour, Ray, Sarkar, Damarla & Nasrabadi 2013) (Geng,

Chen, Fu, Bao & Pahlavan 2016). However, its performance is strongly

dependent upon the optimized parameters of the SVM. Using an enormous

amount of training datasets to obtain the best-optimized parameters for SVM

could significantly increase the computational cost. Thus, how to determine

the optimal parameters for a classifier in a simple but effective way also needs

to be investigated in detail.

In this chapter, IR-UWB signals are utilized for sensing and their high-

order cumulants (HOC) described in Section 5.3 are extracted as key features.

In addition, a hybrid differential evolution and flower pollination algorithm

(DEFPA) is used in conjunction with an SVM to ensure a good classification

accuracy achieved in an effective way. To demonstrate the performance of the

presented approach, three targets that have a similar physical size, namely

a human, a wooden board and an iron cupboard, are used in a foliage envi-

ronment. A variety of data samples are taken in four seasons with different

weather conditions, including sunny, rainy, snowy and foggy. These data

samples are then used to extensively verify the performance of the presented

approach in terms of accuracy and robustness. In particular, the impact on

classification accuracy due to different classifiers, numbers of training samples

70



CHAPTER 5. FOLIAGE PENETRATING TARGET CLASSIFICATION
WITH SEASONAL VARIATION BASED ON DEFPA-SVM

and the values of SNR are carefully evaluated. According to the experimen-

tal results, an average accuracy of 94% is achieved in terms of human target

classification which is similar to other SAR and hybrid-sensor systems.

The rest of this chapter is structured as follow. Section 5.2 introduces the

data measurement and collection taken in a foliage environment under four

different weather conditions. Section 5.3 presents the basic idea of SVM. In

Section 5.4, a differential evolution algorithm, flower pollination optimization

algorithm, hybrid DEFPA algorithm and the optimization procedure to the

SVM are presented. The experimental results are reported in Section 5.5.

Finally, the conclusion is shown in Section 5.6.

5.2 Experimental Setup and Data Collection

To verify the feasibility of the aforementioned approach, in particular, the

accuracy of distinguishing between different targets in four seasons with dif-

ferent weather conditions, a variety of data samples have been taken in a

foliage environment. The experimental setup is the same as Figure 4.1. The

operating frequency of the used IR-UWB transceiver covers from 3.1 to 5.3

GHz with the center frequency at 4.2 GHz. The transceiver is combined

with planar elliptical dipole antennas to form a prototype that is used for

data collection. In addition, the prototype is connected to a PC so that the

collected data can be directly acquired and recorded.

The measurements were performed in a park which contains a mixture

of hardwood trees and low-lying undergrowth. As illustrated in Figure 5.1,

measurements were performed under four typical weather conditions in dif-

ferent seasons, namely sunny, rainy, snowy and foggy. Consequently, four

datasets are generated and used in this work. These datasets were collected

in four seasons in 2016. For all measurements, the transceiver is placed at a

fixed location at a constant height of 1.5 m above the ground. The distance

between the transmitter and the receiver is approximately 20 m in all sce-

narios. Three target types, including human (target type I), iron cupboard
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(target type II) and wooden board (target type III), are employed for classi-

fication. The height and weight of the human target are 175 cm and 68 kg,

respectively. The dimension of the iron cupboard is 50 cm × 40cm × 140

cm (length × width × height). The size of the wooden board is 60 cm × 180

cm (width × height) and the thickness of the board is 2.5 cm.

To ensure that the experimental setup is appropriate and the prototype

is fully functional, a penetration measurement was firstly taken without any

placed target. Once the functionality of the prototype is confirmed, different

types of target are then placed between a transmitter and a receiver for

testing purposes. Since the detection, as well as classification accuracy, may

be adversely affected by the selected locations where the target is placed,

eight different locations (A, B, C, D, E, F, G and H) are used to ensure

that the system can effectively detect and classify the placed target in the

entire monitoring area. These locations are summarized in Figure 5.2. To

improve the classification accuracy, only the later part with 90 sampling

points that contain strong impulse is selected for feature extraction and signal

pre-processing is required to remove unwanted waveform.

In order to collect enough data samples for the experiment, at every

location, 500 data samples are taken for each type of target under each

weather condition. As there are eight different locations, an overall 16,000

data samples of data for each type of target are collected to form a database.

These collected data are used for the purpose of target classification as will be

explained in detail later on. To illustrate the challenge of target classification

using a DFS-based technology, two typical scenarios are used as examples and

their corresponding waveforms of the received signals are given. In Figure 5.3,

the waveforms measured with different targets are compared with no target

under a snowy condition. As can be seen, although it is relatively easy to

identify if there is any target placed between transmitter and receiver, it

may not be possible to correctly classify its type unless the features from

different targets can be extracted in a more distinguished way. For this

reason, the higher-order cumulant (HOC) based algorithm is selected for
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Figure 5.1: Seasonal variations: (a) sunny, (b) rainy, (c) snowy and (d) foggy
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Figure 5.2: Indication of the selected location for data collection in a foliage

environment

feature extraction in this work. The detail of this method has been shown in

the Section 4.3.

On the other hand, the waveforms measured for the same target (human)

with different weather conditions in different seasons are shown in Figure

5.4. As illustrated, the weather condition could have a significant impact on

the received signals. Therefore, it indicates that multiple datasets must be

created and then used for target classification; otherwise, the classification

accuracy is very likely to be poor.

5.3 Support Vector Machine

This section is organized as follows. Section 5.3.1 briefly introduces the basics

theory of SVM. Section 5.3.2 presents the classical optimization methods for

the selection of the SVM parameters.

5.3.1 Brief Introduction to SVM

SVM has been developed by Vapnik (Vapnik 1998), which is a novel machine

learning method based on statistical learning theory (Vapnik 2013). Based on
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Figure 5.3: Measured waveform with the different types of target under snowy

conditions: (a) no target vs target type I, (b) no target vs target type II, (c)

no target vs target type III
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Figure 5.4: Measured waveform with a human target under different weather

conditions: (a) sunny, (b) rainy, (c) snowy and (d) foggy

the Structural Risk Minimization (SRM) principle (Gunn et al. 1998), which

has been shown to be superior to traditional Empirical Risk Minimization

(ERM) principle (Cortes & Vapnik 1995), SVM can successfully overcome

the classification problems of over-fitting, failing local minimum and low-

convergence rate existing in the network and does well in the case of small

sample size and high dimension.

SVM is a learning machine originally for solving linearly separable cases

by finding an optimal separating hyperplane that separates two different

classes which can be extended for solving linearly non-separable cases. If

two classes are linearly separable, using the following function, an optimal

hyperplane can be found to separate them.

f (x) = 〈w · x〉+ b = 0 (5.1)

where w, x and b denote the weight vector, input vector and bias term,

respectively. The terms w and b are used to define the location of the op-

timal hyperplane which can be found by solving the following constrained
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optimization problem:

Minimize 1
2
‖w‖2

Subject to yi 〈w · xi + b〉 ≥ 1, i = 1, 2, · · · , N
(5.2)

where yi ∈ {−1,+1} is the set of class labels, if {xi, yi}Ni=1 is the set of

training datasets. However, the classes involved in most practical problems

are not separable. In this case, the SVM classifier is obtained by solving the

following optimization problem:

Minimize 1
2
‖w‖2 +C

N∑
i=1

ξi

Subject to

{
yi 〈w · xi + b〉 ≥ 1−ξi, i = 1, 2, · · · , N
ξi ≥ 0,i = 1, 2, · · · , N

(5.3)

where ξi are slack variables that allow the SVM to tolerate mis-classifications

and C is the penalization parameter which is used to control the trade-off

between minimized training errors and model complexity. Using the La-

grangian multipliers algorithm, the aforementioned optimization problem can

be transformed into a dual quadratic optimization problem, that is:

Maximize
N∑
i=1

αi−1
2

N∑
i,j=1

αiαjyiyj (xi · xj)

Subject to
N∑
i=1

αiyi=0,C ≥ αi ≥ 0,i=1, 2, · · · ,N
(5.4)

By solving the dual optimization problem, the linear decision function

can be created as:

f (x) = sign

(
N∑
i=1

αiyi(xi, x) + b

)
(5.5)

In order to use an SVM in a non-linear classification, the kernel function

K(xi, x) needs to be determined. The value of K(xi, x) equals ϕ (xi) · ϕ(x),
where ϕ (·) is the transformation function which takes the input data into

high-dimensional feature space. Then, the non-linear decision function is
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described as below:

f (x) = sign

(
N∑
i=1

αiyiK(xi, x) + b

)
(5.6)

In SVM, the kernel function plays a significant role because it is used to

map the input data into a higher dimensional feature space to make the clas-

sification problem becomes linearly separable. There are many kinds of SVM

kernels such as the radial basis function kernel, linear kernel, the polynomial

kernel and so on. Since radial basis function kernel has excellent non-linear

classification ability, in this chapter, the radial basis function (RBF) kernel

function K (xi, x) = exp
(−‖xi − x‖2/2σ2

)
is selected to construct the

SVM, where σ denotes the width of the RBF kernel function. Note that

both the width of the RBF kernel function σ and the penalization parameter

C are user-determined parameters.

As previously described, the SVM is an intrinsically binary classifier.

However, in practice, most cases are multi-class. Several unique approaches

have been presented in the literature to solve multi-class problems using a

binary classifier (Melgani & Bruzzone 2004) (Hsu & Lin 2002a) (Madzarov,

Gjorgjevikj & Chorbev 2009), such as the one-against-all (OAA), the one-

against-one (OAO) and binary tree architecture (BTA) strategy. In the OAA

strategy, K two-class SVM classifiers are generated for a problem with K -

class where each one is trained to distinguish a class from the remaining

classes. The OAO strategy generates K(K − 1)/2 two-class SVM classifiers

to construct N -class classifiers where each one is trained on data from two

classes only. The BTA strategy uses multiple SVM classifiers arranged in a

binary tree structure where each node makes a binary decision by an SVM

classifier. As a result, it only needs K − 1 SVM classifiers for K -class clas-

sification problem. For this reason, a BTA-based approach is adopted to

construct the recognition model of target types.
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5.3.2 Parameters Optimization of SVM

Nowadays, SVM has been successfully applied to numerous pattern recog-

nition problems such as fault diagnosis (Chenglin, Xuebin, Songlin & Ting

2011), electrocardiogram signal classification (Melgani & Bruzzone 2004),

face detection (Khan, Ksantini, Ahmad & Boufama 2012) and human action

recognition (Zhang & Tao 2012). However, in those applications, the selection

of some critical parameters could have a great influence on the performance

of SVM but it is very difficult to select due to the lack of the corresponding

theoretical basis. Therefore, the selection of the optimal parameters is an

important issue to obtain good performance for solving pattern recognition

problems with SVM.

In the past several years, the parameters optimization of SVM has drawn

great attention. The simplest method for the selection of the SVM parame-

ters is Grid algorithm (Hsu & Lin 2002b) which finds the optimal parameters

values that produce the highest classification accuracy rate by setting the up-

per and lower limits (search interval) for parameters and the jumping interval

in the search. But the performance of grid search is sensitive to the setting

of the search interval for each parameter. Too large a search interval is time-

consuming while too small a search interval might render a satisfactory out-

come impossible. In addition to the commonly adopted grid search technique,

many other optimization approaches have been proposed in the literature

(Keerthi 2002) (Duan, Keerthi & Poo 2003) (Gold & Sollich 2003) (Adankon

& Cheriet 2007) (Li & Tan 2010). However, owing to the non-convexity of the

generalization bounds, these methods may be prone to local optimality and

cause instabilities. Additionally, these methods are sensitive to the initial

point and require that the kernel functions and the bounds of generalization

error have to be differentiable with respect to the SVM parameters. To over-

come these limitations, some intelligent evolutionary algorithms (EA) such

as genetic algorithm (GA) (Cohen, Hilario & Geissbuhler 2004), artificial im-

munization algorithm (AIA) (Aydin, Karakose & Akin 2011), particle swarm

optimization (PSO) (Lin, Ying, Chen & Lee 2008), covariance matrix adap-
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tation evolution strategy (CMA-ES) (Friedrichs & Igel 2005) and ant colony

optimization algorithm (ACO) (Huang 2009) have been used in SVM to im-

prove the global search ability of the choice of parameter values. Although

EAs are generally good at finding near-optimal solutions to problems, they

are not well suited to perform finely tuned search and thus not guaranteed

to find the global optimum solution to a problem.

From the aforementioned literature review, it can be seen that methods

for obtaining the optimal parameters in the SVM still remains a challenging

task. In view of this, a novel SVM parameter optimization algorithm is given

in the next section.

5.4 DEFPA-SVM Classifier

This section presents the parameters optimization of SVM by proposed hy-

brid DEFPA. Section 5.4.1 and Section 5.4.2 present a brief introduction of

the flower pollination algorithm and differential evolution algorithm respec-

tively. Section 5.4.3 introduces the proposed DEFPA algorithm to optimize

the SVM parameters. Finally, Section 5.4.4 provides the target recognition

model in foliage under different weather conditions.

5.4.1 Flower Pollination Algorithm

Pollination is a phenomenon which plays an extremely significant role in the

sexual reproduction of plants. It can be achieved by both self-pollination

and cross-pollination. The latter means pollination can occur from different

plants while the former is the fertilization of one flower, from either the

same flower or different flowers of the same plant that often occurs when

there is no reliable pollinator available. This process of transfer can occur

by both abiotic and biotic agents. Depending on the distance that pollen

is transferred, pollination can be considered as either global or local one.

Pollinators like birds, insects, and bats that fly over these long distances

with varying distance steps and this phenomenon can be simulated by using
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Lévy flight patterns (Yang, Karamanoglu & He 2013) .

Approximately 10% of all plants are subject to pollination by abiotic

means and it depends on the movement of non-living natural elements like

wind and water. The rest of the plants are dependent on biological agents

to accomplish pollination. Examples of such agents include insects (like hon-

eybees), birds (like hummingbirds) and mammals (like fruit bats). In polli-

nating insects, flower constancy can be observed, in which a certain species

of pollinators develops a trait to only collect nectar from a specific species of

plants. These pollinators tend to visit exclusive certain flower species while

bypassing other flower species. Such flower constancy may have evolutionary

advantages because this will maximize the transfer of flower pollen to the

same or specific plants, and thus maximizing the reproduction of the same

flower species. Such flower constancy may be advantageous for pollinators

as well because they can be sure that nectar supply is available with their

limited memory and minimum cost of learning or exploring. Rather than

focusing on some unpredictable but potentially more rewarding new flower

species, flower constancy may require minimum investment cost and more

likely guaranteed intake of nectar.

Inspired by this flower pollination phenomenon, the FPA was first pre-

sented in (Yang, Karamanoglu & He 2014) . A distinct advantage of this

algorithm is that it very well balances the defined goals between local and

global optimization. The behavior of pollination can be summarized using

the following four rules:

Rule 1: Biotic cross-pollination can be considered as a process of global

pollination and pollen-carrying pollinators move in a way that obeys Lévy

flights.

Rule 2: Abiotic and self-pollination can be considered as a process of

local pollination.

Rule 3: Pollinators, such as insects, can develop flower constancy which

is equivalent to a reproduction probability that is proportional to the simi-

larity of the two flowers involved.
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Rule 4: The interaction or switching between local and global pollination

can be controlled by a switch probability p ∈ [0, 1] with a slight bias towards

local pollination.

To model these rules, the following equations are developed. In the step

of global pollination, gametes of flowers can travel over a long distance, if

they are carried biotically. Therefore, Rules 1 and 3 can be represented

mathematically as:

xt+1
i = xt

i + γL (λ)
(
xt
i − g∗

)
(5.7)

where xt
i is the pollen i or solution vector xi at generation t, and g∗ is the cur-

rent best solution found among all solutions for the current generation. Here,

γ is a scaling factor to control step size. In addition, L (λ) is the parameter

that corresponds to the strength of the pollination, which also essentially

affects the step size. Since insects may move over a long distance with var-

ious distance steps, a Lévy flight can be used to mimic this characteristic

efficiently. That is, we draw L > 0 from a Lévy distribution.

L ∼ λΓ (λ) sin (πλ/2)

π

1

s1+λ
, (s ≥ s0 > 0) (5.8)

where Γ (λ) is the standard gamma function. Its distribution is valid for large

steps s > 0. In order to model local pollination, both rules 2 and 3 can be

represented as:

xt+1
i = xt

i + ε
(
xt
j − xt

k

)
(5.9)

where xt
j and xt

k are pollen of the same plant species but from different flowers,

which represent ower constancy with local pollination. Mathematically, if xt
j

and xt
k come from the same species or are selected from the same population,

this would become a local random pollination if ε is drawn from a uniform

distribution in [0, 1]. Though pollination activities can occur at all scales,

both local and global, adjacent flower patches or nearby flowers are more

likely to be pollinated by local flower pollen than those far away. In order
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to mimic this, Rule 4 or the proximity probability p can be used to switch

between common global pollination and intensive local pollination.

5.4.2 Differential Evolution

Differential Evolution (DE) algorithm has been introduced by Storn and

Price in (Storn & Price 1997). DE algorithm is a simple yet powerful

stochastic population-based search method successfully applied in global op-

timization problems and uses vector differences for perturbing the vector

population. This algorithm includes three important operations: mutation,

crossover and selection, and it utilizes the three operators to evolve from

randomly generated initial population to final individual solution. Mutation

and crossover are used to generate new vectors (trial vectors) and selection

is then used to determine whether the new generated vectors can survive the

next generation. In short, the procedure of the DE works as follows:

• Initialization

DE starts with a population consisting of N D-dimensional vectors which

can be represented as:

Xi,G = x1
i,G, . . . , x

D
i,G, i = 1, . . . , N (5.10)

where i index denotes the population and G denotes the generation of pop-

ulation. These vectors are randomly selected on the intervals [xj,L, xj,U ].

During the evolution, each of the N vectors undergoes mutation, crossover

and selection operations.

• Mutation Operation

The mutation operator can not only enhance the diversity of solution

vectors but also improve the exploration capability of solution space for the

DE algorithm. For each target vector Xi,G at the generation G, its associated
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mutant vector V(i,G) = v1(i,G), . . . , v
D
(i,G) can be generated according to the

following equation:

Vi,G = Xbest,G + F · (Xri1,G
−Xri2,G

) (5.11)

where F is the mutant factor for scaling the difference vector and the indicates

ri1, r
i
2 ∈ [1, 2, . . . , N ] are randomly selected integers that must be different

from each other and also different from the running index i. Here, Xbest,G

is the best individual vector with the best fitness value in the population at

generation G.

• Crossover Operation

After the mutation phase, crossover operation is applied to each pair of

the target vector Xi,G. For each mutant vector Vi,G, a trial vector Ui,G ={
u1
i,G, . . . , u

D
i,G

}
is obtained via the following equation:

uj
i,G =

{
vji,G, if (randj [0, 1) ≤ CR) or (j = jrand)

xj
i,G, otherwise

(5.12)

where i = 1, 2, . . . , N and j = 1, 2, . . . , D. Here, the crossover rate CR

is a user-specified constant within the range [0, 1) and the index jrand is a

randomly chosen integer in the range [1, D].

• Selection Operation

The selection operation selects the better individual from the target vector

Xi,G and the trial vector Ui,G in terms of their cost value calculated by the

objective function f (·). In the case of minimization problems, the selected

vector can be created as:

Xi,G+1 =

{
Ui,G, if f (Ui,G) ≤ f (Xi,G)

Xi,G, otherwise
(5.13)
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The above three operations mutation, crossover and selection are repeated

over the course of evolution until some specific termination criteria are satis-

fied. In addition, there are four control parameters in DE, i.e., the population

size N, the mutation factor F, crossover rate CR and the maximum number

of generation.

5.4.3 Parameters Optimization using DEFPA-SVM

In this work, we employ an RBF kernel function in the SVM to discover the

optimal solution. Two significant parameters of the RBF applied in SVM, C

and σ, have to be set appropriately. Parameter C is the cost of the penalty

which determines the classification outcome. For example, if C is too large,

then the classification accuracy rate is very high in the training stage but very

low in the testing stage; if C is too small, then the classification accuracy

rate is unsatisfactory, making the model useless. Parameter σ controls the

width of the RBF kernel function which influences the partitioning outcome

in the feature space. An excessive value for parameter σ leads to over-fitting,

while a disproportionately small value results in under-fitting.

Since the selection of both C and σ-values could have a great influence

on the performance of SVM, it is important to find an optimized solution for

these parameters in an effective way. FPA is able to deal with an optimiza-

tion issue on a large scale with relatively fast convergence but the method

has a low convergence rate and sometimes is easy to trap into local optimum

because of pollen diversity loss. DE algorithm improves the population di-

versity of candidate solutions over several generations in order to reach an

optimal solution. To exploit the advantages of the high speed of FPA and

the exploration ability of DE, a hybrid differential evolution and Flower pol-

lination algorithm (DEFPA) is proposed to select the parameters of SVM.

The basic steps used to determine the parameters of the SVM by means of

DEFPA are explained below and the flow chart of this algorithm is shown in

Figure 5.5.
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Step 1: Initialization. In this step, a population of pollen with random

solutions (C and σ-parameters for SVM) is initialized first. Then, original

values for other important parameters such as the size of the initialized pop-

ulation N, switch probability p, the mutation factor CR and the maximum

generation number Gmax are defined.

Step 2: Evaluation of fitness function. The fitness function is used to eval-

uate the quality of every solution. It is based on the classification error of

an SVM classifier which is defined as follows:

fitness = 1− Nt

Nt+Nf

(5.14)

where Nt and Nf denote the number of true and false classifications, respec-

tively.

Step 3: Global vs local optimization. Suppose rand ∈ [0, 1] is a random

number for each solution xi and p is the switch probability. If (rand < p),

a new solution needs to be determined using Equation (5.7) and Equation

(5.8) for global optimization; otherwise, the local optimization needs to be

conducted using Equation (5.9). It is noted that each new solution generated

in this step must be evaluated and if their fitness values are better than the

initial ones, the results must be updated.

Step 4: Perform DE operators according to Equation (5.11) - (5.13) for all

the updated solutions obtained by step 3.

Step 6: Update the global best solution of the entire population.

Step 7: Step 3 keeps executing until the predetermined maximum number

of generations Gmax is reached. Finally, the global optimal values of C and

σ can be obtained for the SVM classifier.
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Initialization 

Train SVM model

Evaluate the values of fitness function using 
Equation (5.14)

Global pollination using 
Equation (5.7) and Equation  (5.8)

Local pollination 
using  Equation (5.9)

Evaluate and update new 
values of C and σ parameters

Update the best global  solution

Is stop criterion satisfied ?

Optimal SVM parameters C and σ obtained

Is rand < p

Yes

Yes

Perform DE for all the
updated solutions using Equation (5.11)-(5.13)

No

No

Figure 5.5: The flow chart of parameters optimization using the presented

DEFPA-SVM
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5.4.4 Target Classification using the Presented Model

The different types of targets can be treated as different classification labels.

The presented model used in this work is shown in Figure 5.6.

 Target Signals 1

11 12 1, , , mS S S1mS1

 Target Signals n

1 2, , ,n n nmS S Snm, S,,…   … 

Merging

     sub-HOCs     
    for Target 1

     sub-HOCs     
    for Target n

…   … 

n Types of Target  m Types of Weather Condition

Data Acquisition 

Feature Extraction 

HOCs for targets 

SVM parameters 
optimized by DEFPA 

SVM testing model

Target classification 

Target Classification 

Testing Data Training  Data

Figure 5.6: The presented classification model
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As can be seen, this model is divided into three stages: data acquisi-

tion, feature extraction and parameters optimization plus target classifica-

tion. The design flow of this model is briefly given in this section. If n types

of target need to be classified under m types of weather condition, the size

of the overall scenarios needing to be considered is n × m. In our case, 16

different scenarios need to be taken into consideration. In the data acquisi-

tion stage, identical numbers of data samples are collected for each scenario.

Based on these collected samples, the distinctive features from each scenario

are extracted using the HOC-based algorithm. Once sufficient features are

gained for each scenario, these features are then merged to form databases

that can be used for target classification. As four types of targets need to

be classified, four databases are required. It is noted that an identical num-

ber of features is used for each merged database. In the target classification

stage, using the randomly selected training data from the merged databases,

the parameters of the SVM classifier are optimized by means of the pre-

sented DEFPA. Once the optimization of these parameters is accomplished,

the classifier should be able to recognize different types of targets using the

previously created test data. As will be shown in the next section, using this

model the type of detected target can be classified with good accuracy even

under different weather conditions.

5.5 Experimental Results and Discussions

In this section, we make extensive experiments to show the effectiveness of

proposed DEFPA-SVM target recognition model. Section 5.5.1 presents the

classification results and fitness performance of our proposed method. In

Section 5.5.2 and Section 5.5.3, we discuss the results of our algorithm by

comparing it with reference methods.
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5.5.1 Performance Analysis for the Proposed Model

In this section, we evaluate the performance of the previously proposed

method for sense-through-foliage target detection and recognition. In this

work, the features of the received signals are extracted using the HOC-based

algorithm according to Equation (4.13), so that the impact on detection

accuracy due to unwanted clutters can be minimized. To illustrate the ef-

fectiveness of using the HOC-based method for feature extraction, the two

scenarios that are previously used for waveform generation in Figure 5.3 and

Figure 5.4 are used again, in Figure 5.7 and Figure 5.8. As illustrated, there

are 179 extracted features used in this project. Then, the proposed DEFPA-

SVM classifier is used to classify and recognize the target types.
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Figure 5.7: Extracted features using the presented approach under snowy

weather: (a) no target, (b) target type I, (c) target type II and (d) target

type III
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Figure 5.8: Extracted features of type I target with different weather condi-

tions: (a) sunny, (b) rainy, (c) snowy and (d) foggy
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The data obtained in Section 5.2 are divided into two categories: train-

ing and testing datasets, in which the training datasets are used to calculate

the fitness function and train the DEFPA-SVM classifier while the testing

datasets are mainly used to evaluate the performance of the classification

model. Under every weather condition, from the created dataset 120 data

samples are randomly selected for each target type which indicates that a

total of 1920 data samples are used, as four types of target need to be classi-

fied under four different weather conditions. It is worthwhile to mention that,

once data samples are used for training, they are then removed from the over-

all database. Consequently, it is ensured that no same data samples are used

for both training and testing purposes which makes the evaluation results

more meaningful. To form the required testing dataset, 160 data samples

are randomly selected from each target type for the same weather condition.

Consequently, overall 640 data samples are used to test each target type with

different weather conditions.
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Figure 5.9: Fitness performance for the proposed hybrid DEFPA and classical

FPA algorithm.
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In the context of optimization of the parameters of SVM, in this ex-

periment, we first provide the performance comparison between the hybrid

DEFPA and classical FPA. The population size N for both DEFPA and

FPA is 20 and the maximum evolution generation is set to 200. According

to the preliminary parametric studies, the following values are used for the

key parameters of FPA, the switch probability p = 0.8, the controlling pa-

rameters for step size λ = 1.5 and the scaling factor γ = 0.1. In DEFPA,

the mutation factor F and the crossover rate CR are both 0.8. Figure 5.9

shows the fitness curve of DEFPA and FPA for finding the optimal parame-

ters of SVM. From the fitness performances that are shown in Figure 5.9, it

is clearly seen that FPA may either fall into a local minimum easily or have

a rather slow evolution speed while DEFPA is built with good global search

capability and fast convergence. It indicates that DEFPA is superior to FPA

in SVM parameters optimization.

All experimentally gained data samples are adopted to verify the per-

formance of the presented approach in terms of classification accuracy. In

the optimized DEFPA-SVM classifier, penalty parameter C and the width of

RBF kernel function σ adjusted with minimal classification error are selected

as the most appropriate parameters. Then, the optimal parameters are uti-

lized to train the SVM model. In the canonical SVM model, the parameter

C and σ-parameters are randomly selected to construct the classification

model. The experimental results of DEFPA-SVM are shown in Table 5.1.

Table 5.1: Test Results of the DEFPA-SVM Approach

Target type of

samples

Test results

No target Target type I Target type II Target type III

No target 627 7 2 4

Target type I 9 590 29 12

Target type II 7 16 598 19

Target type III 4 4 24 608
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5.5.2 Performance Comparison with Other Approaches

In order to demonstrate the performance improvement by using the DEFPA-

SVM classifier, other classical classifiers are also used as benchmarks, includ-

ing the FPA-SVM, the conventional SVM, the BPNN, and the KNN models.

The comparison results are shown in Table 5.2. For the KNN classifier, the

Euclidean distance is used as a similarity measure and the number of neigh-

bors is selected to be 10. For the BPNN classifier, three layers are applied to

the target classification. The number of input nodes is determined according

to the dimensions of the features. The output layer contains four nodes which

is the number of target types in this work. The optimal parameters of the

nodes for the hidden layer, the target error, the training rate, and the mo-

mentum were determined to be 25, 0.005, 0.1 and 0.01, respectively. As can

be seen, the presented approach outperforms all others in target classification

in a foliage environment, even with different weather conditions.

Table 5.2: Summary of Classification Accuracy (%) using Different Classifiers

Target type
Classification rate (%)

DEFPA-SVM FPA-SVM SVM BPNN KNN

No target 97.97 97.34 96.72 96.25 95.16

Target type I 92.18 91.09 86.56 81.09 80.78

Target type II 93.44 92.34 88.44 87.03 86.41

Target type III 95.08 94.78 90.31 88.91 87.34

Average 94.65 93.78 90.51 88.32 87.42

To further investigate the performance improvement from using the HOC-

based algorithm for feature extraction, the previous RSS-based algorithm

listed in Table 4.1 is used as a benchmark. The comparison results are

shown in Table 5.3. As can be seen, it is evident that DEFPA-SVM, FPA-

SVM and SVM classifier with the HOC-based feature extraction algorithm

offers an inherently improved accuracy over the RSS-based one. On the other

hand, using either the HOC- or RSS-based algorithm for feature extraction,

96



CHAPTER 5. FOLIAGE PENETRATING TARGET CLASSIFICATION
WITH SEASONAL VARIATION BASED ON DEFPA-SVM

any approach that adopts the DEFPA-SVM classifier always provides better

performance than its SVM-based counterpart. It therefore once again proves

that the presented approach is superior to the conventional ones.

Table 5.3: Summary of Classification Accuracy (%) using Different Feature

Extraction Methods

Target type
DEFPA-SVM FPA-SVM SVM

HOC RSS HOC RSS HOC RSS

No target (%) 97.97 92.66 97.34 91.41 96.72 90.31

Target type I (%) 92.18 71.09 91.09 69.84 86.56 64.22

Target type II (%) 93.44 76.25 92.34 75.16 88.44 72.50

Target type III (%) 95.08 76.88 94.78 75.47 90.31 6375

Average (%) 94.65 79.22 93.78 77.97 90.51 72.69

5.5.3 Reliability Analysis

To further evaluate the performance of the presented approach in terms of

reliability, the impact on the accuracy of different sizes of training dataset is

investigated. The number of training samples for each target type is varied

from 160 to 480 with a step of 40. The obtained results are shown in Fig-

ure 5.10. As illustrated, using the DEFPA-SVM classifier, the classification

accuracy is inherently improved compared with that of PFA-SVM and SVM

classifiers, even when the size of the training dataset is reduced. It can be

seen that the proposed DEFPA-SVM model not only has higher classification

accuracy but also does well in the case of small sample size.

As RF signals can be easily attenuated due to environmental variations,

evaluating the impact of SNR variation on classification accuracy is also very

critical. To do so, additional Gaussian white noise is added to the original

collected data so that the SNR can be effectively varied. In the simulation,

the noise level is varied from 5 dB to 30 dB with a step of 5 dB. The average
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Figure 5.10: The impact on average classification accuracy due to different

numbers of training samples
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Figure 5.11: The impact on average classification accuracy due to SNR vari-
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accuracy obtained from these tests is shown in Figure 5.11. As illustrated,

the presented approach has not only higher classification accuracy but also

excellent immunity against noise, compared with the that of FPA-SVM and

classical SVM-based classifier. Although the original target echo signal is

distorted by some noise in simulation recognition, it still can be recognized

by this method with high accuracy.

Therefore, the experimental results indicate that the proposed DEFPA-

SVM model has the stronger robustness of data analysis and better general-

ization ability than conventional recognition model for target recognition.

5.6 Summary

In this chapter, the performance analysis of using the presented DFS ap-

proach for FOPEN in all seasons is investigated. To ensure reliable perfor-

mance in all seasons with different weather conditions in terms of classifi-

cation accuracy, a DEFPA-SVM based classifier is used in conjunction with

HOC-based feature extraction. As a result, the adverse effect on accuracy

due to seasonal variations such as different weather conditions can be mit-

igated. To demonstrate the feasibility of using this approach for FOPEN,

a variety of data samples have been taken under 16 different scenarios, in-

cluding four different types of target and four different weather conditions,

in a foliage environment. Using these data samples, the robustness of the

prototype is extensively verified, the impact on classification accuracy due to

the number of training samples and SNR variations are analyzed. Without

using any sensing devices other than RF transceivers, the average accuracy

is greater than 94%, while the classical SVM classifier using the conventional

RSS-based approach can only achieve an accuracy of 73% under the same

scenario. Therefore, we can firmly conclude that the presented approach

is feasible for FOPEN related applications in all seasons such as intelligent

border control and smart search-and-rescue.
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Chapter 6

Foliage Penetrating Target

Classification under Severe

Weather Conditions based on

Auto-ED

In Chapter 5 we evaluated the detection performance of using the DFS ap-

proach for target detection beneath foliage in all seasons. Although the fea-

sibility of using this technology under different weather conditions has been

explored to some extent, we observe that it still cannot perform promisingly

under adverse weather conditions such as rain, fog, and snow. In this chap-

ter, experiments are conducted under severe weather conditions based on

a proposed deep learning approach. We present an Auto-Encoder/Decoder

(Auto-ED) deep neural network that can learn the deep representation and

conduct classification task concurrently. As we pursue the signal-based mis-

sion, two components are involved in the proposed Auto-ED approach. First,

an encoder is utilized that encode signal-based inputs into higher dimensional

tensors by fractionally-strided convolution operations. Then, a decoder is

leveraged with convolution operations to extract deep representations and

learn the classifier simultaneously. To verify the effectiveness of the proposed
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approach, we compare it with several machine learning approaches under

different weather conditions. Also, a simulation experiment is conducted by

adding additive White Gaussian noise to the original target signals with dif-

ferent SNRs. Experimental results demonstrate that the proposed approach

can best tackle the challenge of target detection under severe weather condi-

tions in the high-clutter foliage environment.

6.1 Introduction

Vegetation plays a significant role in the fading phenomena in wireless com-

munications (Tamir 1967) (Meeks 1983) (Rogers, Seville, Richter, Ndzi, Sav-

age, Caldeirinha, Shukla, Al-Nuaimi, Craig, Vilar et al. 2002) (Hashim &

Stavrou 2006). Many efforts have been put into path loss modeling and

measurement of communication channel within foliage areas such as outdoor

propagation channel modeling in foliage environment (Liang & Liang 2010a),

electromagnetic scattering from foliage camouflaged targets (Dehmollaian &

Sarabandi 2006), and RF propagation measurements in forest (Rao, Bal-

achander, Kiran & Oscar 2012). Different influences on the path loss in a

foliage channel have been discussed such as species of the vegetation, den-

sity of the forest, geometries of the path, height of the antenna, etc. In

particular, the study of weather-induced effects on RSS has gained exten-

sive attention for RF propagation in foliage environments. The seasonal

variation of temperature and humidity is studied in (Low 1988) (Luomala

& Hakala 2015) and the wind-induced temporal variation is investigated in

(Dal Bello, Siqueira & Bertoni 2000) (Pelet, Salt & Wells 2004) (Hashim &

Stavrou 2006). Hence, weather conditions particularly can significantly affect

the performance of wireless communication and therefore cannot be ignored

(Anastasi, Falchi, Passarella, Conti & Gregori 2004) (Capsuto & Frolik 2006)

(Bannister, Giorgetti & Gupta 2008).

In previous chapters, the DFS technology which only uses RF signals as

sensing devices, has demonstrated its capability for target classification in fo-
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liage environments. As fas as DFS is concerned, the location of transceivers

may be fixed and their surroundings might remain almost static, but the

weather will change and fluctuate due to both diurnal and seasonal variation.

Though changes in weather conditions are inevitable, they are usually mea-

surable and could be mitigated based on experimental measurements. There-

fore, in order to ensure reasonable detection accuracy with seasonal varia-

tions, in Chapter 5 we conducted an experiment under four different weather

conditions and propose a DEFPA algorithm to optimize the parameters of

the SVM classifier. However, this approach still cannot perform promisingly

under some severe weather conditions such as rain, fog and snow. This is

because the RSS may reduce by the changes in temperature and humidity

under such weather conditions (Luomala & Hakala 2015). Consequently, a

severe degradation in detection performance inevitable takes place.

The emergence of deep learning approaches allows compelling perfor-

mance in enormous recognition tasks (Krizhevsky, Sutskever & Hinton 2012)

(Szegedy, Liu, Jia, Sermanet, Reed, Anguelov, Erhan, Vanhoucke & Rabinovich

2015) (He, Zhang, Ren & Sun 2016). In this chapter, we propose an end-to-

end Auto-Encoder and Decoder deep neural network (Auto-ED) to tackle the

challenge of severe weather conditions for target detection under high-clutter

foliage environment. Unlike traditional learning approaches that extract

target representations first and then conduct a metric learning algorithm

(Dalal & Triggs 2005) (Zhu, Yeh, Cheng & Avidan 2006) (Tuzel, Porikli &

Meer 2007), the proposed Auto-ED method can learn a deep feature to rep-

resent each target and classify different targets simultaneously. Compared

with the traditional learning method, our proposed Auto-ED approach can

establish automatic interaction among two modules in the training process.

This is crucial for the overall system performance since if useful informa-

tion is lost in previous steps (e.g., feature extraction), it cannot be recovered

later (e.g., in metric learning) (Li, Zhao, Xiao & Wang 2014), in case, the

signals received by transmitters already suffering from degradation caused

by the severe weather conditions. Hence, directly extracting features from
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these singles may not well handle such undesirable characteristics potentially

embedded in the raw data. As an alternative, deep learning approach, i.e.,

the proposed Auto-ED approach can mitigate the disturbance produced by

the weather conditions through an automatic interaction scheme between the

feature extraction and metric learning modules.

Overall, the contributions of this chapter can be summarized in three-

folds:

1. First, we observe existing attempts by using DFS sensing to achieve

target detection in the high-clutter foliage environment cannot well

handle the impact of severe weather conditions, e.g., fog, rain, and

snow due to the changes of humidity and temperature. This chapter

attempts to solve this problem under such conditions.

2. Second, we propose an Auto-ED deep neural network to tackle the

challenge of adverse weather conditions for target detection using DFS

sensing. Compared with previous attempts, our proposed approach can

simultaneously extract deep representation for each target and classify

them in an end-to-end fashion by leveraging the proposed deep learning

architecture.

3. Third, comprehensive experiments are carried out to verify the effec-

tiveness of the proposed method. Experimental results demonstrate

that the proposed Auto-ED approach can well handle the new chal-

lenge presented in this chapter.

This chapter is organized as follows. We first review related works in

Section 6.2. The proposed Auto-ED neural network approach is presented

in Section 6.3. The DFS-based dataset for target detection in foliage envi-

ronment and experiments are shown in Section 6.4. Summary is in Section

6.5.
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6.2 Related Works

In this section, we first review the previous studies of DFS-based technologies

for foliage penetration target classification in Section 6.2.1, and then we

report some deep learning approaches related to our work in Section 6.2.2.

6.2.1 DFS-based Technologies for Foliage Penetration

Target Classification

The DFS-based technology has been widely used in many applications such

as localization, intrusion detection, and activity recognition. Amongst them,

no attempt has been made to transfer the technology to applications that

are operated in cluttered outdoor environments. In order to fill this void,

the feasibility of using the DFS approach for target classification in foliage

environment is investigated in our studies. In Chapter 3, we first demon-

strated the possibility of using this approach for human and animal target

classification in a low-clutter outdoor environment. To further evaluate the

performance of the presented approach in terms of reliability, the impact on

detection accuracy of high-clutters was investigated in Chapter 4. In Chapter

5, an experiment conducted in four weather conditions is intensively explored

in order to mitigate the effects of seasonal variations. Although the effect

of weather variations is addressed, these approaches still cannot produce rel-

atively modest performance under severe weather conditions which makes

them unfeasible to attain and sustain realistic missions.

Therefore, to make our research tackle well severe weather conditions,

we propose to use the deep learning method in this chapter. Although the

previous approaches have attempted to use traditional learning methods in

target detection with DFS-based technology, unfortunately, deep learning

related approaches which demonstrate its promising performance in many

recognition and classification tasks, have not been fully explored.
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6.2.2 Deep Learning Technologies

Since the emergence of deep learning technology, many approaches have been

proposed to tackle various kinds of recognition and classification tasks, e.g.,

human detection (Girshick 2015) (Ren, He, Girshick & Sun 2015) (Girshick,

Donahue, Darrell & Malik 2014), tracking (Wang & Yeung 2013), and re-

identification (Huang, Sheng, Zheng & Xiong 2017). However, most of them

are image-based methods which may not be suitable for our scenario. To

bridge the gap between the image-based deep learning method and RF sig-

nals for target detection, in this chapter, we first try to encode an input

signal into a higher dimensional distinguishable tensor. Then the tradi-

tional convolutional neural network employed by the decoder can be easily

adopted after encoding. Our approach is motivated by the architectures of

Deep Convolutional GANs (DCGAN) for image generation (Radford, Metz

& Chintala 2015). But unlike DCGAN, our inputs have practical significance

instead of randomly generated Gaussian noise. To make an improvement in

the performance of our proposed Auto-ED approach, several boosting meth-

ods are utilized. Amongst them, the batch normalization (BN) is proposed

to address the internal covariate shift caused by the fact of different distri-

butions of layer’s inputs (Ioffe & Szegedy 2015). By using BN, we can use a

higher learning rate to accelerate the training speed and be less careful about

initialization of parameters concurrently. In addition, we use the Rectified

Linear Unit (ReLU) as our activation function because of its sparsity and

a reduced likelihood of vanishing gradient in training deep neural networks

(Nair & Hinton 2010). Finally, the dropout layer is utilized to prevent the

neural network from over-fitting (Srivastava, Hinton, Krizhevsky, Sutskever

& Salakhutdinov 2014). It is also worthwhile to mention that since our input

data is signal instead of images, we change part of the parameters to make

Auto-ED suitable for our task. In addition, we verify the effectiveness of

some important hyper-parameters in experiments such as the dropout rate,

the number of learnable parameters, etc.

In general, by leveraging the proposed Auto-ED deep learning approach
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that can establish automatic interaction between the feature extraction and

metric learning, we achieve an extremely competitive performance in tackling

severe weather conditions for target detection even though the strength of

signals are degraded significantly in such situations.

6.3 Auto-Encoder/Decoder Deep Neural Net-

work

6.3.1 Higher-Order Cumulant Feature for Encoding

We use the Higher-Order Cumulant (HOC) as the input vector to the en-

coder in our proposed Auto-ED neural network. We choose HOC as our

inputs since it has the capability of classifying non-Gaussian signals and im-

munizing to high disturbances in applications where the original signals are

corrupted by the noise. Also, both of the amplitude and phase information

is involved in HOC, making it particularly suitable for targets classification.

Typically, the number crunching of HOC is high since it requires higher or-

der cumulants to depress the influence of noise. To simplify this process,

we utilize the one-dimensional slice of fourth-order cumulants in HOC be-

cause it already involves the characteristic of multi-order cumulants. Given

k-dim signal source {x1, x2, ..., xk} its corresponding fourth-order cumulant

can be calculated by Equation (4.13). More details of the HOC features can

be found in Section 4.3.2. In this chapter, we extract 179-dimensional HOC

slice as shown in Figure 5.7 and Figure 5.8 as the input to the Auto-ED

network we proposed.

6.3.2 Auto-Encoder/Decoder Deep Neural Network

After extracting the one-dimensional slice of the fourth-order HOC from the

original signals, we propose an Auto-ED deep neural network to simultane-

ously learn deep representations with high discriminability and optimize a
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deep classifier for target classification (distinguish human from other interfer-

ence targets) in a high-clutter foliage environment. The architecture of the

proposed Auto-ED network is shown in Figure 6.1. The main components

including an encoder and a decoder are involved in the deep architecture.

In training, given a one-dimensional HOC slice (1 × 179) input, the En-

coder will automatically map it to a high dimensional tensor by using four

continuous Fractionally-Strided Convolution (FS-Conv) layers. Then, a se-

quence of Convolution (Conv) layers is followed after the Encoder to learn

deep representations for classifying different targets. Finally, a softmax loss

function is used to calculate the bias between the predicted probability of an

input and its ground-truth label. During the training process, the network

will execute a forward propagation (calculating the deep representation from

input→Encoder→Decoder→softmax loss) and a backward propagation (up-

dating the learnable parameters of the Encoder and the Decoder according

to the bias: softmax loss→Decoder→Encoder→input) iteratively when dif-

ferent inputs are fed into the network. The following part will introduce all

the operations we used in our Auto-ED network including FS-Conv, Conv,

softmax loss, and other boosting layers.

• Encoder

The encoder is used to map the one-dimensional HOC slice (1×179) input

to a higher dimensional tensor (32×32×16) through four fractionally-strided

convolution operations. Given:

• input map xfs−conv ∈ RH×W×D,

• convolution filter f fs−conv ∈ RH
′×W

′×D×D
′′
,

• output map yfs−conv ∈ RH
′′×W

′′×D
′′
,

between two adjacent layers, where H(H
′
or H

′′
), W (W

′
or W

′′
) and D(D

′′
)

respectively represent the height, width and depth. Formally, the output
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Figure 6.1: Four different targets (e.g., human, wooden board, iron cupboard, and no target) and weather conditions

(e.g., sunshine, rain, snow, and fog) we used for data acquisition in realistic scenarios
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yfs−conv is given by:

yfs−conv

i′′j′′d′′ = bd′′ +
D∑

d=1

q(H
′
,Sh)∑

i′=0

q(W
′
,Sw)∑

j′=0

f fs−conv

1+Shi
′+m(i′′+P−

h ,Sh),1+Swj′+m(j′′+P−
w ,Sw),d,d′′

×
xfs−conv

1−i′+q(i′′+P−
h ,Sh),1−j′+q(j′′+P−

w ,Sw),d

(6.1)

where d
′′ ∈ [

1, D
′′]
, bd′′ is the bias term, (Sh, Sw) are the vertical and

horizontal input up-sampling factors, (P−
h , P+

h , P−
w , P+

w ) represent crops of

output in vertical (h) and horizontal (w) directions. The + and − re-

spectively represents the top-left and bottom-right of the output map y.

m(k, S) = (k − 1)modS and q(k, n) =
⌊
k−1
S

⌋
which is a quotient operation.

The height (H
′′
) and width (W

′′
) of the output map y are given by:

H
′′
= Sh(H − 1) +H

′ − (P−
h + P+

h )

W
′′
= Sw(W − 1) +W

′ − (P−
w + P+

w )
(6.2)

In our encoder component, we use four FS-Convs to learn efficient repre-

sentations by mapping the raw inputs to a higher dimensional distinguishable

tensor. The output of the encoder will be directly connected to our decoder

to process it and make a decision (target classification).

• Decoder

The decoder is utilized to process the output of the encoder and make a

decision for the target classification task by five Conv layers. The input of

the decoder is the output of the encoder with the size of 32×32×16. Given:

• input map xconv ∈ RH×W×D,

• convolution filter f conv ∈ RH
′×W

′×D×D
′′
,

• output map yconv ∈ RH
′′×W

′′×D
′′
,
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between two adjacent layers, yconv is given by:

yconv
i
′′j′′d′′ = bd′′ +

H
′∑

i′=1

W
′∑

j′=1

D∑
d=1

f conv
i
′ ,j′ ,d,d′′×

xSh(i
′′−1)+i′−P−

h ,Sw(j′′−1)+j′−P−
w ,d,

(6.3)

We use the same notations as for the FS-Conv layers in our decoder since they

share the same meaning except for the (P−
h , P+

h , P−
w , P+

w ). In the decoder, it

represents paddings instead of crops. Unlike the FS-Conv, the height (H
′′
)

and the width (W
′′
) of the output map y are given by:

H
′′
= 1 +

⌊
H −H

′
+ P−

h + P+
h

Sh

⌋

W
′′
= 1 +

⌊
W −W

′
+ P−

w + P+
w

Sw

⌋ (6.4)

Finally, after five continuous convolution operations (i.e., Conv1 to Conv5).

A 256-dimensional feature representation is learned by the Auto-ED deep

neural network. This feature will be fed into the softmax loss to classify

different targets during the training process (details can be found in Equa-

tion 6.9). Table 6.1 lists the parameters settings for the encoder and decoder

components.

• Boosting Layers

To boost the performance of our proposed Auto-ED deep neural network,

three boosting layers are utilized in our network architecture, including Batch

Normalization, ReLu Activation, and Dropout. These layers are followed

after each FS-Conv and Conv layers according to the sequence shown in

Figure 6.1.

• BN. BN (Ioffe & Szegedy 2015) is designed for addressing the problem

of internal covariate shift caused by the discrepancy between different

distributions of the input layers (Ioffe & Szegedy 2015). By utilizing
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Table 6.1: Parameters Setting for the Proposed Auto-ED neural network including four FS-Conv layers and five

Conv layers.

Layer name
output size output depth input size input depth kernel size stride padding has bias

(H
′′ ×W

′′
) (D

′′
) (H ×W ) (D) (H

′ ×W
′
) (Sh, Sw) (P−

h , P+
h , P−

w , P+
w ) bd′′

Four Fractionally-Strided Convolution Encoder Layers

FS-Conv1 4× 4 256 1× 1 179 4× 4 (4,4) (0,0,0,0) yes

FS-Conv2 8× 8 128 4× 4 256 2× 2 (2,2) (0,0,0,0) yes

FS-Conv3 16× 16 64 8× 8 128 2× 2 (2,2) (0,0,0,0) yes

FS-Conv4 32× 32 16 16× 16 64 2× 2 (2,2) (0,0,0,0) yes

Five Convolution Decoder Layers

Conv1 16× 16 16 32× 32 16 2× 2 (2,2) (0,0,0,0) yes

Conv2 8× 8 32 16× 16 16 2× 2 (2,2) (0,0,0,0) yes

Conv3 4× 4 64 8× 8 32 2× 2 (2,2) (0,0,0,0) yes

Conv4 2× 2 128 4× 4 64 2× 2 (2,2) (0,0,0,0) yes

Conv5 1× 1 256 2× 2 128 2× 2 (2,2) (0,0,0,0) yes
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BN, a higher training rate can be leveraged to accelerate the training

speed of our proposed Auto-ED network. We only use it after each

Conv layer before the ReLU activation. Let T be the mini-batch size

we used in each training iteration, xBN ∈ RH×W×D×T and yBN ∈
RH×W×D×T respectively represent the input and output of the BN layer

with height H, weight W , and depth D. The output feature map of

BN is given by:

yijdt = wd
xijdt − μd√

σ2
d + ε

+ bd, (6.5)

where μd is the mean value across the dimensionality of depth (D) in

x:

μd =
1

HWT

H∑
i=1

W∑
j=1

T∑
t=1

xijdt, (6.6)

σ2
d is the variance corresponding to the μd:

σ2
d =

1

HWT

H∑
i=1

W∑
j=1

T∑
t=1

(xijdt − μd)
2, (6.7)

wd and bd define as component-wise multiplicative and additive con-

stants respectively.

• ReLU. We use ReLU (Nair & Hinton 2010) as our activation function

of each output map in both of the encoder and decoder components

because of its sparsity and a reduced likelihood of vanishing gradient

in training our proposed Auto-ED network. Given an output tensor

y ∈ RH,W,D,T , its activation result yrelu ∈ RH,W,D,T is given by:

yreluijdt = max(0, yijdt),

i ∈ [1, H], j ∈ [1,W ], d ∈ [1, D], t ∈ [1, T ],
(6.8)

• Dropout. Normally, over-fitting is a severe problem in training deep

neural networks since many parameters are optimized to fit the training

set which may fail to achieve a desirable performance on the testing set

because there is no a certain overlap between them. Therefore, we use
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dropout (Srivastava et al. 2014) to prevent over-fitting. Given an input,

dropout will randomly set values of a part of input neurons to zero

according to the preset dropout rate. For instance, if the dropout rate

set to 0.9, 10% values in the feature representation will be randomly set

to zero in training. Notably, this trick is only utilized in training, when

testing, the dropout layer will be removed (see Figure 6.1). The dropout

can be interpreted as a way to add noise in training to regularize the

quality of generalization of the neural network.

Figure 6.1 shows the architecture of the proposed Auto-ED network, the

three kinds of boosting layers are followed after each FS-Conv1-4 and Conv1-

5 layers. Finally, a fully connected layer with four neurons which respectively

represents the person, wooden board, iron cupboard and no target, is followed

after dropout. We use the softmax loss function to make the final decision

and optimize the whole network (encoder + decoder) through the backward

propagation algorithm. The softmax loss is given by:

L = −
C∑
c=1

yclog
eac∑C

c
′=1 e

a
c
′
, (6.9)

where C is the total number of target classes. a is a 1 × C vector which is

given by the output of the final fully connected layer (specifically the output

of the dropout layer). Each value in a represents the prediction that belongs

to different target classes. y is a 1 × C ‘one-hot’ label vector that only the

corresponding class of sample is set to one; others are set to zero.

In training, each input data will be fed into the Auto-ED network to get a

high dimensional tensor after encoding. Followed by the encoder, the decoder

will deal with the output of the encoder and make a decision (prediction)

to the softmax loss function. Hence, Equation 6.9 is used to calculate the

bias between the ground-truth label and the prediction value. Then, the

background propagation algorithm is utilized to update all the parameters

belonging to the Auto-ED system. After iteratively updating the network

using the data in the training set, the loss (defined in Equation (6.9)) tends
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to converge in a small value close to zero. It means the network so far can

perform well in classifying different targets in the training set.

In testing, feeding an input data from the testing set into the proposed

Auto-ED network, the probabilities of the data belonging to different classes

will be calculated after the encoder and decoder processes. More specifi-

cally, the outputs of the final fully connected layer are used to calculate the

prediction value as follows:

P =
eac∑C

c
′=1 e

a
c
′
, (6.10)

Notably, the dropout layer is removed from the system since it is just used to

prevent the network from over-fitting in training and not be used in testing.

Therefore, ac represents the output of the last ReLU layer (see Figure 6.1)

in Equation (6.10).

6.4 Experimental Results and Discussion

In this section, Section 6.4.1 first introduces the dataset for target detection

in our experiment. Then, an experimental setup is given for the proposed

Auto-ED neural network in Section 6.4.2. After that, a study is presented

to verify the effectiveness of the proposed approach in Section 6.4.3. A brief

comparison between our and other approaches is given in Section 6.4.4. In

addition, we will verify the accuracy of the proposed method under different

weather conditions in Section 6.4.5. Finally, we attempt to add additional

white Gaussian noise on the original signals to further verify the anti-noise

capability of the proposed Auto-ED approach in Section 6.4.6.

6.4.1 Dataset for Target Detection

To verify the accuracy of the proposed Auto-ED approach in distinguishing

different targets under severe weather conditions, we use a Foliage Pene-

tration Target Detection (FPHD) dataset introduced in Chapter 5. This

dataset consists of four weather conditions with four different targets in the
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high-clutter foliage environment. In our experiment, an IR-UWB transceiver

with operating frequency from 3.1 to 5.3 GHz and a center frequency of 4.2

GHz is used for data acquisition. All the data collected in FPHD is from

a park with a mixture of hardwood trees and low-lying underground. Four

targets are included such as human, wooden board, iron cupboard and no

target. In addition, each target is measured under four weather conditions,

including sunshine, rain, fog and snow. Figure 6.2 shows the experimental

topology in foliage environment under four weather conditions in the realistic

scenario. In our experiments, we randomly select 400 samples for each target

in eight locations. Thus, there are totally 400 (samples) × 8 (locations) ×
4 (weather conditions) = 12,800 samples for each target class used in our

experiment dataset. More detailed information about the FPHD dataset can

be found in Section 5.2.

For the training set, we randomly select 615 samples under each weather

conditions for each target. Thus 2460 samples constitute one training class.

Overall 9,840 samples are included in the training set. We also randomly se-

lect 100 samples for each target to constitute our validation set, on average,

25 samples are selected under each weather condition. There are 2,560 sam-

ples left as our testing set, 640 samples for each target. On average, there are

160 samples under each weather condition. Notably, there is no overlapped

samples amongst the three sets, i.e., if a sample is used in training set, it

will not be involved in both of the validation and testing sets and vice versa.

Table 6.2 lists the result of data split for training, validation and testing. As

mentioned in Section 3.3.1, we use the last 90 dimensions of each original

signal since it covers the most meaningful information.

6.4.2 Experimental Setup

We train the encoder and the decoder of the proposed Auto-ED neural net-

work as a whole. Given the original signal samples, HOC features are ex-

tracted as inputs of the Auto-ED model. The total number of layers is 25.

The initial learning rate is set to 5e-2 and decays to 5e-3 after 30 training
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Figure 6.2: (a) The experimental topology in foliage environment for FPHD

data acquisition. (b) Four different targets (e.g., human, wooden board, iron

cupboard and no target) and weather conditions (e.g., sunshine, rain, snow,

and fog) we used for data acquisition in realistic scenarios.
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Table 6.2: Split of the experiment dataset

Split Training Testing

Subsets Training Validation Testing

Person 2460 100 640

Wooden Board 2460 100 640

Iron Cupboard 2460 100 640

No Target 2460 100 640

epochs. Finally, after 50 training epochs, we use 5e-4 for the last 10 epochs

to establish a convergent result. The number of the overall training epochs

is 60. We cannot load all the training samples once in each training iteration

because of the limited storage of memory. We use the mini-batch Stochas-

tic Gradient Descent (SGD) to optimize the overall learnable parameters in

training. We set the batchsize to 1024. As we use dropout to prevent over-

fitting in training, we set the dropout rate to 0.75. Other settings of the

hyper-parameters such as momentum and weight decay can be found in Ta-

ble 6.3. Before starting training, the initial learnable parameters are given

randomly.

6.4.3 Study of the Proposed Auto-DE Approach

In this section, two studies are presented of the proposed Auto-ED network.

• First

We try to change the dropout rate to observe the classification accuracy.

We use the data split shown in Table 6.2. Figure 6.3 shows the result by

changing the dropout rate from 0.5 to 1; the step size is 0.05. It can be

observed that when the dropout rate is set to 0.75, our proposed Auto-ED

network achieves the best classification accuracy (98.23%). As the dropout

rate gets close to 1 (there is no neuron set to zero), the likelihood of over-

fitting is increased that influences the testing performance. Also, it does not
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Table 6.3: The Parameters Setup for Training the Proposed Auto-ED Neural

Network.

Settings Values

Number of Layer 25

Learning Rate 5e-2(30), 5e-3(20), 5e-4(10)

Number of Training Epoch 60

Batchsize 1024

Momentum 0.9

Weight Decay 1e-4

Optimization Algorithm mini-batch SGD

Dropout Rate 0.75

Parameter Initialization random

mean we can blindly reduce the dropout rate. As shown in Figure 6.3, the

classification accuracy (from 98.23% to 97.95%) is depressed as we reduce

the dropout rate from 0.75 to 0.5. Notably, the performance change is pretty

small when we set the dropout rate from 0.5 to 0.55. This indicates that the

network is hard to learn a robust representation if it is too sparse in training

by using dropout to prevent the network from over-fitting (i.e., nearly half

values in the feature representation are set to zero.). As we continuously

increase the dropout rate (i.e., 0.6, which means only 40% values of feature

representation will be randomly set to zero in training), this phenomenon

can be mitigated, and the performance can be improved to some extent.

• Second

We attempt to change the number of learnable parameters in our Auto-

ED model by reducing or increasing the number of channel of the convolution

filters on each FS-Conv and Conv layers exponentially. There are 9 convo-

lution filters involved in the four FS-Conv and five Conv layers. We denote

the number of the overall learnable parameters of the proposed Auto-ED

network as #P. Table 6.4 lists the results of the classification accuracy by
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Figure 6.3: The classification accuracy by using different dropout rate (from

0.5 to 1, the step size is 0.05). The whole training set is used.

utilizing a different number of learnable parameters in the proposed Auto-ED

network. We can observe that the number of parameters we used achieving

the best performance compared with other attempts. The Auto-ED achieves

the lowest classification accuracy (95.97%) when the number of the learnable

parameters is increased by 16 times. This is because with more learnable pa-

rameters, the network tends to converge to the training set (i.e., over-fitting)

which affects the generalization performance in testing.

6.4.4 Comparison with Other Approaches

To verify the performance of the proposed Auto-ED approach, we also try to

use several machine learning methods including DEFPA-SVM, SVM, BPNN

and KNN on the FPHD dataset. We use the data split shown in Table 6.2.
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Table 6.4: Comparison between the different number of learning parameters.

#P represents the number of parameters. All the training samples are used.

Number of Parameters #P/16 #P/8 #P/4 #P/2 #P

Classification Rate (%) 96.43% 96.95% 97.86% 98.10% 98.23%

Number of Parameters #P*2 #P*4 #P*8 #P*16

Classification Rate (%) 97.60% 96.85% 96.02% 95.97%

The classification accuracy on different targets is shown in Table 6.5. It can

be observed that the proposed Auto-ED method achieves the best classifica-

tion accuracy. It also outperforms the second-best approach DEFPA-SVM

3.77% on average (98.23% vs. 94.46%) which demonstrates the effectiveness

and superiority of our proposed method. Compared with our Auto-ED deep

neural network, the BPNN approach can be regarded as a benchmark method

which only uses an input layer, a hidden layer and an output layer. We use

the same experimental setting in Section 3.4 to train BPNN. Specifically,

the input layer shares the same dimension with the feature; then it passes

through 25 hidden nodes to learn a deep representation; finally, four output

nodes are followed after the hidden nodes using a fully connected fashion to

classify different targets (e.g., wooden board, iron cupboard, human, and no

target) in our task. Compared with just using three layers in BPNN, the

proposed Auto-ED method with a deeper neural network architecture and

more learnable parameters can significantly outperform the BPNN method

by a large margin (98.23% vs. 88.29% on average).

In Table 6.2, we can observe that the proposed Auto-ED can achieve the

best performance compared with other machine learning methods such as

DEFPA-SVM, SVM, and KNN. This is because by utilizing a deep architec-

ture, the proposed Auto-ED approach can further explore information with

higher discriminative power from the inputs, i.e., the HOC-based features.

More importantly, compared with the other machine learning methods we

used, the Auto-ED neural network is an end-to-end system which can learn

more distinguishable information between different targets and classify them
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Table 6.5: Comparison between the proposed Auto-ED and other approaches.

Methods
Classification Rate (%)

No Target Person Wood Iron Average

Auto-ED 99.73 97.47 96.78 98.95 98.23

DEFPA-SVM 97.82 92.32 92.59 95.12 94.46

SVM 96.72 85.57 89.61 89.89 90.45

BPNN 96.42 80.02 86.98 89.75 88.29

KNN 95.98 81.25 88.17 86.12 87.88

simultaneously. However, the traditional machine learning method usually

uses two separate processes, i.e., extracting robust features firstly and then

training a metric model to classify different targets according to the learning

task. Since our task is to recognize targets in a high-clutter foliage envi-

ronment, the impact of noise is extremely large compared with the normal

environment. Under such conditions, if some effective information is lost

during the process of feature extraction, it is irreversible if we still intend to

utilize these missing parts to train a classifier (metric model). To address

this problem, the Auto-ED neural network can integrate the two processes

together that implicitly ensure the full usage of the information in an end-

to-end learning fashion.

6.4.5 Comparison in Different Weather Conditions

Since severe weather conditions such as rain, fog and snow often involve dis-

turbances that may reduce the strength of radio signals due to the changes

of temperature and humidity, the classification task on FPHD becomes ex-

tremely challenging under such situations. Figure 6.4 shows the original

signals received by the transmitter. It can be observed that on sunny days

(see Figure 6.4 (a)), signals belonging to different targets are more distin-

guishable than in other three weather conditions. Meanwhile, other three

weather conditions (i.e., rain, fog, and snow) make the task more difficult
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Figure 6.4: Original signals received by a receiver (transmitter). (a)-(d)

represent comparisons between human and different targets (e.g., human vs.

human, human vs. wooden board, human vs. iron cupboard, and human

vs. no target) under four different weather conditions (e.g., (a) sunny, (b)

rainy, (c) foggy and (d) snowy) respectively. Notably, Human1 and Human2

respectively represent different data samples belonging to the same person.
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since signals belonging to different targets are difficult to classify Figure 6.4

(b), Figure 6.4 (c), and Figure 6.4 (d). Unlike the data split in Table 6.2,

to verify the effectiveness of the proposed Auto-ED approach under different

weather conditions, we try to respectively split the training, validation and

testing sets into four groups according to the different weather conditions.

Specifically, for each weather condition, there are 2460 training samples; 615

samples for each target. We train the proposed Auto-ED models under four

different weather conditions separately and then test the classification accu-

racy for each of them using their corresponding testing samples (e.g., when

the model trained on 2460 samples in rainy days, the testing samples we

used also in the same weather condition). In this experiment, we use the

proposed Auto-ED approach and the second-best method DEFPA-SVM as

the comparison study. Table 6.6 lists the results. Our method outperforms

DEFPA-SVM under all the weather conditions. On average, we outperform

DEFPA-SVM by ∼6% in the classification accuracy on rainy, foggy, and

snowy days which demonstrates the effectiveness of the proposed Auto-ED

approach under severe weather conditions.

It can be clearly observed that the performance is the worst on snowy

days (e.g., 86.99% classification accuracy using the DEFPA-SVM approach).

Our Auto-ED approach still achieves 93.53% classification accuracy under

such conditions. Actually, under severe weather conditions, the effective in-

formation can be easily submerged by the noise. Therefore, using traditional

machine learning methods, the impacts of embedded noise is hard to be

mitigated in the feature extraction process which can result in inferior per-

formance when they further participate in metric learning. On the contrary,

the proposed Auto-ED method can effectively integrate these two processes

which is a better solution for our case.

6.4.6 Comparison on Different Noise Levels

In the end, to verify the robustness of the proposed Auto-ED approach under

different SNRs, we try to add additional white Gaussian noise to the original
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Figure 6.5: Comparisons between Auto-ED and SVM-based methods under

different SNRs.
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signals to train and test the FPHD dataset (using the data split in Table

6.2). We compare our method with the DEFPA-SVM and SVM methods.

Figure 6.5 shows the experiment results. It can be observed that the proposed

Auto-ED method achieves the best classification accuracy under all the SNR

settings. Although DEFAP-SVM shows its superiority compared with the

original SVM algorithm in Chapter 5, it is still inferior compared with our

method under the low SNR conditions.

Table 6.6: Comparisons between the proposed Auto-ED method and

DEFPA-SVM under different weather conditions.

Weathers
Classification Rate (%)

No Target Person Wood Iron Average

The proposed Auto-ED

Sunny 99.65 95.48 94.96 97.29 96.85

Foggy 98.22 94.36 94.75 96.62 95.99

Rainy 96.59 92.19 94.28 97.18 95.04

Snowy 95.35 89.95 92.85 95.98 93.53

DEFPA-SVM

Sunny 96.09 87.34 89.06 91.88 91.09

Foggy 95.47 86.25 87.03 90.31 89.77

Rainy 93.75 84.53 86.88 89.38 88.64

Snowy 92.19 82.03 85.16 88.59 86.99

6.5 Summary

In this chapter, the performance analysis of using the presented DFS ap-

proach for high-clutter foliage environment target detection under severe

weather conditions is investigated. To ensure reliable performance under

severe weather conditions in terms of classification accuracy, a deep learning

approach named ”Auto-ED” is proposed that can concurrently learn deep

representations and the classifier. As a result, the adverse effect which are
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produced by changes in humidity and temperature due to the severe weather

conditions can be mitigated. To demonstrate the feasibility of utilizing the

proposed approach, the FPHD dataset is used which includes four differ-

ent types of targets and four different weather conditions, in a high-clutter

foliage environment. Using these data, the robustness of the proposed ap-

proach is extensively verified by comparison with other approaches which

are suitable for our task. In addition, a comprehensive evaluation is carried

out to demonstrate the performance of our approach under severe weather

conditions. Without using any sensing devices other than RF transceivers,

the average accuracy under severe weather conditions is greater than 93%,

while the previous attempt can only achieve an accuracy of 86%+ under the

same scenario. Further, to verify the robustness of the proposed Auto-ED

approach, we also discuss the classification accuracy with different SNRs.

Therefore, we can conclude that the presented approach is feasible for target

detection under high-clutter foliage environment and it is robust to severe

weather conditions.
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Chapter 7

Conclusions and Future Work

This thesis focuses on using DFS technology to provide a cost-effective sens-

ing solution for target detection and classification in a foliage environment.

Using this solution, the Internet of Mission-Critical Things may be advanced

into a new domain by enabling several applications, ranging from purposes of

military and surveillance to search-and-rescue operations such as intelligent

border control, smart cities, and autonomous sensing. Due to the limited

time, this thesis still leaves some valuable research topics for future work. In

this chapter, we summarize the innovations of this thesis in Section 7.1, and

then we point out the directions for future work in Section 7.2.

7.1 Conclusions

In conclusion, this thesis presents several techniques to address DFS-based

approach for target detection and classification.

As one of the most critical issues for target detection and classification

is to correctly distinguish between human and animal targets, in Chapter 3

we present a low-cost but robust approach that uses a combination of IR-

UWB and machine-learning technologies to tackle this issue. To verify the

performance of the developed approach, we carry out the measurements in a

cornfield to obtain the real datasets. We then employ a probability density
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function to analyze several typical statistical properties of the received RF

signals. In this way, the computational cost can be minimized without com-

promising the accuracy. Consequently, we have found that two distinguishing

features appear to be sufficient for human and animal classification, namely

standard deviation and root mean square delay spread. Using them, we

evaluate the impact on the classification accuracy due to different classifiers,

the number of training samples and different values of SNR which indicates

that the presented approach has excellent performance to be deployed in a

cluttered outdoor environment for human and animal classification.

In Chapter 4 we extend the basic idea of the DFS-based approach in

Chapter 3 to the target classification problem in a high-clutter environment.

To solve this problem, we propose a HOC-based algorithm using 1-D slices

of fourth-order cumulants to extract target features from the received RF

signals. The main reasons for the HOC-based feature extraction method are

two folds: first, it can extract distinct features from a higher-order domain

which contains both amplitude and phase information of a signal; second,

it can be used to separate additive mixtures of independent non-Gaussian

signals and Gaussian noise, so we utilize it to enhance the immunity of the

system against the noise generated by clutters. In order to validate the

feasibility of the proposed method, we take the measurements with three

types of targets in a medium-sized foliage environment. Applying these data

along with SVM, the proposed HOC-based method improves the performance

compared with the RSS-based algorithm introduced in Chapter 3.

Then we start to take the seasonal variations into consideration for the

task of foliage penetration target detection and classification in Chapter 5.

To address this concern, we develop a new recognition method using an

optimization-based SVM in conjunction with HOC-based feature extraction

introduced in Chapter 4. In the proposed method, to exploit the advantages

of the high speed of FPA and the exploration ability of DE, we develop a

DEFPA algorithm to optimize SVM parameters accommodated to datasets

of all seasons. In order to demonstrate the feasibility of using the proposed
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approach, we conduct an experiment in four seasons with four types of targets

in a foliage environment. The experiment results indicate that the adverse

effect on accuracy due to seasonal variations can be mitigated by using the

proposed method.

Chapter 6 further investigates the effects of seasonal variations on the

task of foliage penetration target detection, to improve the classification ac-

curacy under adverse weather conditions such as rain, fog, and snow. We

present an Auto-ED deep neural network that can concurrently learn deep

representations and the classifier. As we pursue the signal-based mission,

we adopt two components in the proposed approach. First, an encoder is

utilized to encode signal-based inputs into higher dimensional tensors by

fractionally-strided convolution operations. Then, a decoder is leveraged

with convolution operations to extract deep representations and learn the

classifier simultaneously. Compared with several traditional learning meth-

ods, the proposed deep learning method achieves the highest performance

which makes it feasible to tackle severe weather conditions.

Each chapter (i.e. from Chapter 3 to Chapter 6) of this thesis is supported

by the conference or journal papers listed in List of Publications.

7.2 Future Work

This thesis still leaves some fundamental issues to be tackled because not only

target recognition in foliage environments is challenging but also device-free

sensing is still young. In the future, we will continue to explore new potential

directions. Some of the important and interesting research directions are

pointed out as follows.

1. Moving targets classification and detection: This thesis focuses

on the research issues in terms of static targets. However, the targets of

the real world may be static or moving. Since motion will affect the pro-

rogation of an RF signal for each target type, it would be quite difficult

to ensure good detection accuracy for moving targets. For example, the
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received RF signals of two types of targets in different motions maybe

look nearly identical in a certain instant. For this reason, the detection

of a moving target is essentially a problem of recognizing target be-

havior. In the future, we can develop an improved algorithm to detect

moving targets by analyzing the existing approaches for DFS-based

target activity detection and classification.

2. Target detection and classification based on wireless commu-

nication network: Due to experimental limitations, the work in this

thesis is dependent on a single-input and single-output (SISO) system

which has practical limitations from an engineering point of view. In

order to ensure good practical applications value, it is a natural choice

to introduce wireless communication networks to extend our current

studies. In this way, not only the target detection range can be ex-

panded but also the recognition performance can be improved. In the

future, we can apply multiple-input and multiple-output (MIMO) sys-

tems to take actual measurements and investigate the impact of targets

on multi-link transmission which makes it possible to achieve the aim

of target detection, localization and tracking in foliage environments.

3. Multimodal pattern recognition: We have proposed the DFS-

based approach for target detection and classification in foliage envi-

ronments. However, it is only a supplement to the existing approaches.

As shown in our studies, no single detection method can perform well

in different situations and circumstances because each method has its

shortcomings and limitations. Therefore, it is inevitable to combine the

different approaches to tackle this issue. In this context, the traditional

pattern recognition approach often makes recognition at each modality

which results in ineffective detection, localization, or tracking. There-

fore, how to process and integrate information from a large amount of

multimodal data (e.g., optical, EO/IR, acoustic/seismic, RF, electro-

magnetic, mechanical, thermal, electrical, etc.) has become a critical
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task.
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