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Through-wall human monitoring within a highly cluttered environment is a 

problem of current interest. Example applications include law enforcement, disaster 

search-and-rescue, and urban military operations. The purpose is to clearly monitor 

humans through building walls using a radar system. Doppler-based sensors offer an 

inexpensive way to detect moving targets in the presence of stationary clutters. It also 

provides information regarding motions of the human by micro-Doppler returns. In this 

dissertation, the applications of data-driven model (DDM) are investigated for locating 

human subjects and classifying their activity using Doppler sensors. DDM is a 

mathematical model trained by a set of data that describe the input-output relationship. It 

is suitable for real-time applications. As DDM, an artificial neural network (ANN) and a 

support vector machine (SVM) are considered. A collection of Doppler sensors is studied 

to localize humans in two ways: the use of spatially distributed Doppler sensors and the 

use of a single-sensor array. Furthermore, the feasibility of classifying human activities is 

studied with the obtained Doppler information. 
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First, an ANN is proposed to track humans using the Doppler information 

measured by a set of spatially distributed sensors. The ANN estimates the target position 

and velocity given the observed Doppler data from multiple sensors. A point-scatterer 

model is used for the training data generation. For the verification of the proposed 

method, a toy car and a human moving in a circular track are measured in line-of-sight 

and through-wall environments.  

Second, an array-processing algorithm is proposed to estimate the number of 

targets and their Direction-of-Arrival (DOA) based on ANN when the available number 

of sensor elements is small. Using software beamforming, a number of overlapping 

beams are simultaneously formed. The received signal strengths from all the beams 

produce a unique signature in accordance with the target locations, as well as the number 

of targets. The identification of the number of targets and their locations is carried out 

sequentially via ANNs. For the verification of the algorithm, both line-of-sight and 

through-wall measurements are performed using loudspeakers driven by audio tones and 

moving humans.  

Third, an SVM is proposed to classify activities of a human subject using the 

measured Doppler information. MicroDopplers from moving limbs of human subjects 

contain significant information regarding their activities. Seven different human activities 

of twelve human subjects are measured in the laboratory using a Doppler radar. Six 

microDoppler features are extracted from the resulting spectrograms. A decision-tree 

based SVM is used for the classification of seven activities based on the features. Diverse 

situations such as combination of different activities, oblique angle case, and through-

wall case are also discussed. 



 ix

Table of Contents 

 

List of Tables…………………………………………………………………………….xii 

List of Figures………………………………………………………………………...…xiii 

 

Chapter 1  Introduction………………………………………………………………….1 

1.1  Motivation of Monitoring Humans........................………………………1 

1.2 Previous Approaches…………………………………….…………………2 

1.2.1  Radar Imaging……………………………………….…................2 

1.2.2.  Doppler Radar…………………………………………………….3 

1.3  Data-driven Model………………………………………………………..7 

1.4  Objectives and Topics Addressed………………………………………...8 

1.5  Organization……………………………………………………………..10 

 

Chapter 2  Data-driven Models…………………………………………………………12 

2.1 Introduction………………………………………………………………12 

2.2  Necessary Conditions for Applying DDM………………..…………….13 

2.3  Techniques to Construct a DDM………………………………………..14 

2.3.1  Artificial Neural Network………………………………………..19 

2.3.2  Support Vector Machine…………………………………………23 

 

Chapter 3  Through-wall Human Tracking with Multiple Doppler Sensors Using   

an Artificial Neural Network……………………………………………….29 

3.1  Introduction……………………………………………………………...29 

3.2  Doppler Information…………………………………………………….31 



 x

3.3  Approach using Artificial Neural Network……………………………..33 

3.3.1  Basic Concept and Structure…………………………………….33 

3.3.2  ANN Training Results…………………………………………..34 

3.3.3  Uniqueness of the Solution………………………………………36 

3.4  Effects of Number of Sensors and Sensor Positions……………………..38 

3.5  Measurements Results……………………………………………………41 

3.5.1  Line-of-Sight Measurements…………………………………….41 

3.5.2  Through-wall Measurements…………………………………….53 

3.5.3  Effect of the Wall on the Doppler Frequency……………………58 

3.6  Conclusion………………………………………………………………..60 

 

Chapter 4  Direction of Arrival (DOA) Estimation of Humans with a Small Sensor  

Array Using an Artificial Neural Network…………………………………63 

4.1  Introduction……………………………………………………………….63 

4.2  Problem Formulation……………………………………………………..64 

4.3  Application of ANN………………………………………………………69 

4.3.1 Proposed ANN Scheme and Training Results……………………..69 

4.3.2 Effects of Target Strength and Number of Sensors………………..73 

4.3.3 Uniqueness of the Solution………………………………………...75 

4.4  Measurements…………………………………………………………….77 

4.4.1  Line-of-Sight Measurements…………………………………….77 

4.4.2  Through-wall Measurements…………………………………….89 

4.4.3  The Effect of the Wall on the DOA Estimation………………….92 

4.5  Conclusion………………………………………………………………..93 

 



 xi

Chapter 5  Through-wall Human Activities Classification with Doppler Signatures  

Using a Support Vector Machine…………………………………………...95 

5.1  Introduction……………………………………………………………….95 

5.2  MicroDoppler Information and Spectral Analysis…………………...…..97 

5.3  Measurements of Different Human Activities ………………………...…99 

5.4  Feature Extractions and Training Data Generation……………………..102 

5.4.1  Signal Detection and Feature Extractions………………………102 

5.4.2  Training Data Generation From Measured Data……………….105 

5.5  Human Activity Classification Using SVM…………………………….106 

5.5.1  Classification Using ANN……………………………………...108 

5.5.2  Classifying Using SVM………………………………………...110 

5.5.3  Selection of Important Features………………………………...114 

5.6  Practical Issues…………………………………………………………..116 

5.6.1  Classification of Combined Activities………………………….116 

5.6.2  Oblique Angle Case…………………………………………….118 

5.6.3  Through-wall Measurements…………………………………...119 

5.7  Conclusion………………………………………………………………121 

 

Chapter 6  Conclusions………………………………………………………………..123 

6.1  Summary………………………………………………………………...123 

6.2 Areas of Future Research……………………………………………….125 

 

Bibliography……………………………………………………………………………140 

Vita………………..……………………………………………………………………147 

 



 xii

List of Tables 

 

Table 2.1: Machine learning techniques for regression  .………………………………15 

Table 2.2: Machine learning techniques for classification………………………………17 

Table 3.1: Validation error of the trained ANN……………………………………….....39 

Table 3.2: Validation error of 4 different sensor positions………………………………40 

Table 4.1: The classification error when the training data set is from different number of 

targets. (4 sensor elements case)…………………………………………………71 

Table 4.2: The DOA estimation error when the training data set is from different number  

of targets. (4 sensor elements case)………………………………………………72 

Table 4.3: The cost, the DOA error and the target strength error with the number of  

targets for a predefined case……………………………………………………..76 

Table 5.1: Seven human activities are studied…………………………………………...99 

Table 5.2: The mean value of features………………………………………………….106 

Table 5.3: Results of ANN, (a) Confusion matrix for the first scenario, (b) Confusion  

matrix for the second scenario. (Es represents the estimated class, and Ac  

represents the actual class.)……………………………………………………..109 

Table 5.4: Results of SVM based on the decision tree structure, (a) Confusion matrix for  

the first scenario, (b) Confusion matrix for the second scenario……………….113 

Table 5.5: Classification error only with a particular feature…………………………..114 

 

 

 

 

 



 xiii

 

List of Figures 

 

Figure 1.1: Doppler sensor array for the human tracking developed at University of Texas  

at Austin [14, 15]………………………………………………………………….6 

Figure 2.1: (a) Single-value function, (b) Nonsingle-value function…………………….14 

Figure 2.2: Examples of relationship between inputs and outputs to be approximated (Z  

values are inputs to the MLP and X,Y are outputs)……………………………....19 

Figure 2.3: The structure of multi-layered perceptron…………………………………...21 

Figure 2.4: Illustration of back propagation……………………………………………..22 

Figure 2.5: Hyperplane of maximum margin in the 2-dimensional case………………..24 

Figure 2.6: Data transformation using a kernel trick…………………………………….27 

Figure 3.1: A search method to estimate the target parameters using maximum-likelihood  

method……………………………………………………………………………30 

Figure 3.2: Doppler sensors distributed around a target. (Px and Py are the positions  

along the x-axis and the y-axis, and Vx and Vy are the velocities along the x-axis  

and the y axis, respectively.)……………………………………………………..32 

Figure 3.3: The proposed ANN constructed by MLP……………………………………33 

Figure 3.4: Inputs and outputs of the ANN……………………………………………....34 

Figure 3.5: Deployment of Doppler sensors……………………………………………..35 

Figure 3.6: RMS error of position during the training process…………………………..36 

Figure 3.7: Search method to estimate target parameters given a set of Doppler  

frequencies……………………………………………………………………….37 

Figure 3.8: Uniqueness of solution with an increasing number of sensors……………...38 

Figure 3.9: Four different sensors positioning schemes…………………………………40 



 xiv

Figure 3.10: (a) A scenario for the verification of the proposed concept. (b) Actual  

Doppler measurement setup……………………………………………………..42 

Figure 3.11: (a) The toy car. (b) Spectrogram of the measured toy car…………………43 

Figure 3.12: (a) Doppler data of the strongest return at each time bin. (b) Filtered data  

with median and low-pass filer………………………………………………….44 

Figure 3.13: (a) True trajectory of the car and the estimated trajectory. (b) True velocity  

and the estimated velocity……………………………………………………….46 

Figure 3.14: (a) True trajectory and the filtered trajectory. (b) True velocity and the  

filtered velocity…………………………………………………………………..47 

Figure 3.15: (a) Human walking. (b) Spectrogram of human walking…………………..49 

Figure 3.16: (a) Measurement setup, (b) MicroDopplers from legs……………………..49 

Figure 3.17: (a) Doppler data of the strongest return at each time bin. (b) Filtered data.

 …………………………………………………………………………………...50 

Figure 3.18: (a) True trajectory of the human and the estimated trajectory, (b) True  

velocity and the estimated velocity………………………………………………51 

Figure 3.19: (a) True trajectory and the filtered estimated trajectory. (b) True velocity and  

the filtered estimated velocity……………………………………………………52 

Figure 3.20: Through-wall measurement setup………………………………………….53 

Figure 3.21: (a) 40 cm brick wall. (b) Transmitter and receiver…………………………54 

Figure 3.22: Measured spectrograms of (a) the toy car, and (b) the human subject……..55 

Figure 3.23: Through-wall toy car case: (a) True trajectory and the estimated trajectory  

with filtering. (b) True velocity and the estimated velocity with filtering……….56 

Figure 3.24: Through-wall human case. (a) True trajectory and the estimated trajectory  

with filtering. (b) True velocity and the estimated velocity with filtering……….57 

Figure 3.25: The change of xT
r

 and xR
r

 in case of through-wall………………….…..59 



 xv

Figure 3.26: Doppler RMS error along the circular track………………………………..60 

Figure 4.1: Monopulse radar……………………………………………………………..64 

Figure 4.2: Single-target case (a) generated 12 beams (b) received power from each  

Beam……………………………………………………………………………..66 

Figure 4.3: Multiple targets case (a) generated 12 beams (b) signature of received power  

from each beam…………………………………………………………………..67 

Figure 4.4: The received signal strengths from three beams…………………………….69 

Figure 4.5: Proposed DOA estimation scheme…………………………………………..70 

Figure 4.6: ANN training error in the two-target case, (a) Error during the training  

process for the first ANN, (b) Error during the training process for the second  

ANN……………………………………………………………………………...73 

Figure 4.7: The DOA estimation error with the target strength difference for the two- 

target case with the 4 sensor array (When number of sensor elements is 4)…….74 

Figure 4.8: The estimated RMS error of DOA with the increase in number of sensors and  

the number of targets…………………………………………………………….75 

Figure 4.9: Search method of DOA and target strength using PSO……………………..76 

Figure 4.10: Configuration of the Doppler beam former [21]…………………………...78 

Figure 4.11: Measurement setup of two loudspeakers using a Doppler beamformer.

 ……………………………………………………………………………………79 

Figure 4.12: Beamforming results. (a) 7 degrees, (b) 14 degrees, (c) 21 degrees, (d) 28  

degrees…………………………………………………………………………...80 

Figure 4.13: Sample beamforming results, (a) 7 degrees, (b) 14 degrees, (c) 21 degrees,  

(d) 28 degrees……………………………………………………………………81 

Figure 4.14: The output of the first ANN over time…………………………………….81 

Figure 4.15: The estimated DOAΔ  and the actual DOAΔ ……………………………82 



 xvi

Figure 4.16: Illustration of single human walking…………………………………….....83 

Figure 4.17: Beamforming result of single human walking……………………………..84 

Figure 4.18: Estimation of DOA through the ANN (blue line) and beamforming (red).

 …………………………………………………………………………………...84 

Figure 4.19: The setup of human measurements………………………………………...85 

Figure 4.20: Spectrogram of two humans walking………………………………………86 

Figure 4.21: The beamforming result of two walking humans…………………………..86 

Figure 4.22: DOA estimation by applying the ANN to each frequency when the two  

humans have a different Doppler frequencies…………………………………...87 

Figure 4.23: The estimation of number of targets from the first ANN…………………..88 

Figure 4.24: The estimated DOA of two walking humans………………………………89 

Figure 4.25: Through-wall measurement setup………………………………………….90 

Figure 4.26: The estimated DOA through-wall case…………………………………….90 

Figure 4.27: Estimated DOA of two walking humans…………………………………...91 

Figure 4.28: Effect of wall on the DOA estimation……………………………………...92 

Figure 5.1: Spectrogram of regular human walking……………………………………..98 

Figure 5.2: Illustration of measurements of seven different human activities………….100 

Figure 5.3: Spectrograms of seven human activities…………………………………...101 

Figure 5.4: (a) Histogram of Gaussian noise, (b) Histogram of Doppler signal with  

Gaussian noise………………………………………………………………….103 

Figure 5.5: (a) Spectrogram of the boxing, (b) Spectrogram of the boxing after extracting  

the Doppler signal only…………………………………………………………103 

Figure 5.6: Features of the Doppler signal……………………………………………...105 

Figure 5.7: Example distributions of torso frequency (a) walking, (b) crawling………107 

Figure 5.8: Training and validation data set for the 4-fold validation (a) the first scenario  



 xvii

(b) the second scenario…………………………………………………………108 

Figure 5.9: Suggested decision tree using SVM……………………………………….112 

Figure 5.10: Accuracy of SVM classification with the increase of number of input  

features………………………………………………………………………….115 

Figure 5.11: Spectrograms of combined activities and their classification results, (a)  

Crawling and boxing, followed by walking, (b) Walking, boxing, and boxing 

while moving forward, followed by walking without moving the arms………..117 

Figure 5.12: (a) The trajectory of oblique angle (30-degree) case, (b) The measured  

spectrogram of walking…………………………………………………………118 

Figure 5.13: (a) Histogram of noise in case of line-of-sight, (b) Histogram of the through- 

wall case………………………………………………………………………...119 

Figure 5.14: (a) Through-wall measurement of the walking activity, (b) Through-wall  

measurement of the crawling activity…………………………………………..121 

 

 

 

 

 

 

 



 1

Chapter 1 

Introduction 

 

1.1  MOTIVATION OF MONITORING HUMANS 

Due to the increasing demand for physical security and surveillance, one of the 

emerging applications of radar recently is the detection and tracking of people in a highly 

cluttered environment [1-15]. For instance, it is desirable to locate humans through walls 

and extract information on their activities in real time by using electromagnetic based 

sensors. The applications of through-wall human monitoring include disaster search-and-

rescue, physical security, law enforcement, and urban military operations. The improved 

situation awareness can aid in decision making and increase the chance of successful 

missions. For example, when a human is buried in collapsed building materials, 

localization of the human can provide critical information for search-and-rescue 

operations. The ability to monitor humans inside a building can help police or soldiers 

operate with minimal casualties.   

Monitoring human poses several distinct challenges when compared to man-made 

object detection: (i) smaller and predominantly non-metallic targets resulting in much 

weaker radar returns, (ii) non-rigid body motions from various movable limbs on a 

person, and (iii) highly cluttered environments, such as urban sites and through-wall. The 

signal reflected from a human is typically weaker than that from large metallic objects 

like airplanes, ships or vehicles, which can be well tracked by conventional radar. Human 

tracking radar needs to be designed to capture the signal returns even in low signal-to-

noise ratio (SNR) environments. Another critical requirement for the radar is to suppress 

stationary clutters in an indoor environment while providing sufficient information for 
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human detection. Also, the movements of human limbs can be problematic. They 

introduce strong time-varying modulation to the main torso return, causing tracking 

errors. Furthermore, the effects on the wave propagation caused by bricks and cinder 

blocks in a building wall are not negligible. Usually, the walls are very lossy and 

dispersive above 3 GHz. In addition, refraction due to the wall may alter the direction of 

the wave propagation and cause tracking errors. The combination of these factors 

precludes the use of conventional radar techniques for reliable personnel detection 

through walls. 

 

1.2  PREVIOUS APPROACHES 

1.2.1  Radar Imaging 

There has been a significant amount of research for developing human detection 

and tracking sensors. One approach is to use imaging techniques to map all the objects 

inside the building.  Existing through-wall imaging (TWI) systems transmit either a 

series of short pulses in the time domain or a swept continuous-wave signal over a broad 

frequency range. A beam from the radar is steered either mechanically or electronically to 

scan the scene through multiple angles. Data from different frequencies and different 

angles are then processed to generate an image of the scene using the two-dimensional 

Fourier transform. The down-range resolution of the radar is inversely proportional to the 

bandwidth of the signal. A large bandwidth is necessary to obtain a high resolution in the 

down-range dimension. The cross-range resolution is related to the antenna beamwidth, 

which is inversely proportional to the electrical size of the antenna aperture. Thus, an 

electrically large antenna size is required to obtain a high resolution in the cross-range 
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dimension. Several studies have shown promising results on detecting and tracking 

humans in indoor environments as reported in [4-12]. 

However, the imaging approach using a wideband signal also involves a number 

of potentially problematic issues. First, these systems image the entire scene and do not 

take advantage of the human motions to distinguish the low-level human returns against 

the strong background scene. In order to detect and track moving humans, clutter 

suppression algorithms should be incorporated by analyzing a series of images with 

respect to time. It requires complex signal filtering and image processing algorithms. The 

imaging radar systems typically require complex and expensive hardware for very 

broadband operations. For example, conventional wideband antennas do not easily satisfy 

a constant frequency response in amplitude and linear phase over a broad band. The high 

power consumption of the system is a concern. A short-duration pulse requires a high 

peak transmit power. This precludes portable applications.  Spectrum availability is 

another issue. The use of a wideband spectrum for high-power transmit can cause 

interference to existing wireless devices and lead to regulatory concerns. Furthermore, 

certain wall materials have significant distortions due to dispersive properties, causing 

only the lower portion of the signal band to be useful [16, 17]. It was reported in [4, 9] 

that the use of signals above 3 GHz can lead a significant attenuation and dispersion from 

dense walls like concrete blocks and bricks.  

 

1.2.2.  Doppler Radar 

Another choice for tracking humans indoors is to use a Doppler radar [13]. The 

basic continuous-wave (CW) Doppler radar transmits a signal at a single frequency. 

When the wave is reflected off a moving object, the frequency of the transmitted signal is 

Doppler shifted. The resulting frequency received by the radar can be used to determine 
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the radial velocity of the moving target. For this reason, Doppler-based radars are 

excellent for detecting movement while suppressing any stationary clutters in the 

background. Low-cost Doppler radars using off-the-shelf components or even single-chip 

modules are available due to the recent advances in microelectronics. The Doppler 

information is less susceptible to through-wall propagation because it represents the time 

rate of change of phase (range) of the signal. Another very unique and interesting aspect 

of Doppler returns from humans is the appearance of “microDoppler” features.  

MicroDopplers are generated from the limb motions of humans, and they contain 

valuable information related to human motions [18, 19].  

However, the CW Doppler radar is not capable of locating targets because it does 

not provide range information. For the ranging capability, frequency-modulated 

continuous-wave (FM-CW) radars can be considered [20]. In an FM-CW waveform, the 

CW frequencies are swept at a predefined rate. Different modulations are possible 

including sinusoidal and sawtooth waveforms, but the triangle modulation is most 

commonly used. The received signal reflected from a target is mixed with the transmitted 

signal to produce the difference frequency. By measuring the frequency difference, the 

time delay can be calculated, and therefore the range can be determined. 

As a simplified version of an FM-CW radar, a radar sensor developed at the 

University of Texas at Austin employs two Doppler sensors with two frequency tones 

[14, 15]. The basic concept of this radar is to use a low-complexity, two-element 

receiving array for detecting and ranging multiple, moving targets. The system is shown 

in Figure 1.1. The system used two CW frequencies to obtain the target’s down-range 

information rather than sweeping the operating frequency continuously like the FM-CW 

radar. Using only two CW frequencies, the system complexity can be kept low. The 

range of R can be determined as: 
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where c is the speed of light, ϕΔ  is the phase difference of the two frequencies, and 

fΔ is the frequency difference of the two CW signals. A two-frequency system can only 

acquire the range for a single-target configuration. To overcome this limitation, the 

Doppler separation among the moving targets is exploited. Different moving targets 

typically give rise to different Doppler shifts.  The Doppler separation between multiple 

targets is therefore used to distinguish the different targets and then determine the range 

information of each target. 

In the system, the direction of arrival (DOA) of a mover can be obtained from the 

phase difference of the received signals at the two receiving antennas as follows:  
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where λ  is the wavelength of the transmitted signal, ϕΔ  is the phase difference at the 

two receivers, and d is the antenna spacing. However, a two-element receiving array can 

not resolve the DOA from multiple targets when their returns are at the same frequency. 

Therefore, the sensor again uses the Doppler separation between multiple targets to detect 

each target and then extracts the bearing information by comparing the phase difference 

at different frequencies from the two sensors. In this manner, two-dimensional location 

tracking, i.e., both down range and bearing, of multiple human targets can be achieved 

with minimum hardware complexity. 
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Although the above system is very simple, it is subject to the basic assumption 

that the targets tracked have different Doppler shifts.  This system cannot discriminate 

multiple targets when they generate overlapping Doppler frequencies. As far as the range 

information is concerned, the 2π phase ambiguity of the transmitted signals can also limit 

the maximum unambiguous range for the case where a target is located far away. 

Furthermore, with only two elements in the array, it was found that the bearing 

information can sometimes be inaccurate when there is significant interference due to 

multi-path effects. For robust multiple target localization, the only way to improve 

performance is to increase the number of sensor elements. This topic was later 

investigated by the further development of a four-element array [21]. 

 

 

Figure 1.1: Doppler sensor array for the human tracking developed at University of Texas 
at Austin [14, 15]. 
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1.3  DATA-DRIVEN MODEL 

Doppler data, unlike images, are not easy to interpret by human operators. 

Therefore, there needs to be a more automated, machine-based method to help interpret 

the collected sensor information. To extract the desired information such as position, 

velocity, and the type activities undergone by the human being monitored from the 

acquired Doppler sensor data is a non-trivial task. It is difficult to find a simple function 

that describes the relationship between the sensor output and the desired human 

parameters. However, in the human monitoring problem using Doppler information, a 

large and diverse data set can be easily generated by simulation or measurements. 

When a number of data pairs that consist of the observed information and the 

corresponding desired parameters are available, a mathematical model called the data-

driven model (DDM) becomes applicable.  Some well known techniques in DDM 

include artificial neural network (ANN), multivariate adaptive regression spline (MARS), 

and support vector machine (SVM).  In a DDM, a function that relates the input-output 

pairs of the data can be constructed using machine learning techniques [22-24]. It is 

based on the analysis of all the data describing the input and output characteristics of a 

process. Without analyzing the fundamental physics of the problem, a DDM is able to 

make an abstraction and generalization of the system through the available data. It can 

even play a complementary role to physics based models. Because a DDM relates the 

desired parameters and the observed information, outputs can be predicted or classified 

based on inputs through the constructed model. Moreover, once a DDM is built, the 

DDM itself has a computationally inexpensive structure to generate outputs. Thus, a 

DDM is quite suitable for solving regression and classification problems in real time.  

The use of DDMs has already been reported in the field of electromagnetics (EM) 

with some success.  There has been published research on antenna design, array signal 
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processing, and target recognition using the DDM approach [25-32]. However, the 

application of DDMs specifically to human tracking and classification problems has not 

been reported to date. In this work, the human monitoring problem using Doppler 

information is formulated as either a regression problem or a classification problem, so 

that DDMs can be naturally adapted for the application at hand. It will be shown that 

locating human subjects using Doppler information can be cast into a regression problem, 

while recognizing human activities from the Doppler information can be considered as a 

classification problem.  Furthermore, one of the very important requirements for the 

human monitoring application is real time processing. A DDM can process input data in 

real time due to its small computational complexity to generate outputs. Therefore, a 

DDM may be a very appropriate tool for addressing the through-wall human monitoring 

problem.  

 

1.4  OBJECTIVES AND TOPICS ADDRESSED 

The objective of this dissertation is to apply data driven models to address the 

through-wall human monitoring problem using Doppler based sensors.  Specifically, the 

problem is to locate a human subject and classifying his/her activity based on the sensor-

collected Doppler information.  

In this dissertation, three topics are researched: (i) human location with Doppler 

information from sensors placed at spatially diverse locations, (ii) direction of arrival 

(DOA) estimation of humans with a multi-element sensor array, and (iii) human activity 

classification by exploiting the microDoppler features from human limb movements. The 

first and the second topic represent different approaches to achieving robust tracking of 

humans in a complex indoor environment. They entail two means of increasing the 

number of sensors. In the first approach, simple sensors are deployed into a distributed 
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network. The second approach employs a single multi-element array, and uses array-

processing algorithms to extract the target location. For the third topic, the possibility of 

recognizing various human activities is investigated through the analysis of the 

microDoppler information. In the joint time-frequency domain [33], the microDoppler 

returns show unique features depending on the human activities. These three problems 

will be further described below.  

The first topic addresses the application of an artificial neural network (ANN) for 

locating a human subject using the information collected from a distributed set of 

Doppler sensors. An ANN is introduced to describe the complex relationship between the 

Doppler information and the target position and velocity through a learning procedure. 

For the training, point scatterer data generated by simulation in free space are used. This 

ANN approach does not need to assume a model to describe the target movement. 

Furthermore, the computational complexity on estimating the target parameters is very 

low, so that real-time processing can be carried out. The effects of the number of sensors 

and sensor positions on the estimation error are studied. The uniqueness issue of the 

estimation for the given input to the ANN is also discussed. Measurement data are 

collected on a toy car and a human under indoor line-of-sight and through-wall 

conditions, and their target parameters are estimated. 

The second topic addresses the estimation of the DOA of multiple humans using a 

single sensor array, especially when the number of available array elements is small. A 

new array processing method based on an ANN is proposed to track multiple human 

targets in order to achieve high resolution tracking in real time using a moderate size 

array. An extended monopulse concept is considered. By generating several broad beams 

from the array, the outputs form a unique signature. The target tracking procedure is 

handled in two steps using two ANNs. The first one determines the number of targets, 
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and the second one estimates their respective DOA. The two ANNs are trained 

separately. Two loudspeakers and two walking humans are measured by a four-element 

sensor array, and their DOAs are estimated.  

The third topic addresses the classification human activities based on 

microDoppler information.  The approach is to use a support vector machine (SVM) to 

carry out the classification. The research question explored in this study is whether it is 

possible to distinguish different human activities, e.g., running, walking or crawling, 

from the observed microDoppler signatures. For the training data generation, time-

varying Doppler signatures of twelve human subjects are collected in the laboratory using 

a Doppler radar. Six microDoppler features are extracted from the resulting 

spectrograms. These features serve as inputs to the SVM. Finally, the trained SVM 

classifies the different human activities. A decision-tree based structure is used for the 

multi-class classification. 

 

1.5  ORGANIZATION 

This dissertation is organized as follows. Some backgrounds on DDM are 

introduced and reviewed in Chapter 2. The concepts of DDM are presented and 

conditions for their applications are discussed. In addition, the two considered DDM 

throughout this dissertation, namely ANN and SVM, are explained. In Chapter 3, the 

problem of determining the location of a human using a distributed network of Doppler 

sensors is described. An ANN is constructed to estimate the target position and the 

velocity.  Its performance is evaluated based on measured data. In Chapter 4, we address 

the problem of estimating the DOA of humans from a limited size array using an ANN. 

The sequential ANN structure to obtain the number of humans and their DOA are 

described. In Chapter 5, we address the problem of recognizing different human activities 
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from the measured microDoppler information. The classification of seven human 

activities using an SVM is described. Finally, conclusions and suggested future research 

topics are given in Chapter 6. 
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Chapter 2 

Data-driven Models 

 

2.1 INTRODUCTION 

A DDM is a statistical model whose parameters are determined through input and 

output data that describe the system. DDMs have been developed with contributions from 

various communities, including artificial intelligence, data mining, knowledge discovery 

in databases, computational intelligence, pattern recognition, statistical signal processing, 

among others. A DDM can be used to solve numerical prediction and classification 

problems effectively. In the prediction case, a DDM usually constructs a nonlinear 

function to describe the input-output relationship. The DDM output is a dependent 

variable that predicts the results based on the input. The numerical prediction problem is 

also expressible as a regression problem, which involves an interpolation. In the 

classification case, a DDM finds a nonlinear decision boundary to categorize the data. 

The DDM for the prediction problem usually can also be applied for the classification 

problem because the classification problem can be reformulated as the prediction 

problem. For the classification case, the model parameters of the DDM are determined to 

make an optimal boundary for the least classification error instead of constructing a 

function that describes the data itself in the regression problem. 

For the best description of the input-output relationship of the available data, the 

inner structure of a DDM is adjustable. The inner structure of a DDM consists of a 

mathematical model with undetermined model parameters. The parameters affect the 

connections between the system variables of input, internal, and output variables. A 

process to obtain the proper model parameters of a DDM is the training process. Through 
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training, the input-output relationship can be approximated. This process requires a data 

set that is composed of a training data set and a validation data set. 

Different DDM techniques have their own mathematical models, resulting in 

different performance even with the same data set. Thus, a proper model or DDM 

technique should be selected for the best performance depending on the problem at hand. 

In this chapter, the conditions for applying DDMs are discussed, and the popularly used 

DDMs, ANN and SVM, are introduced. 

 

2.2  NECESSARY CONDITIONS FOR APPLYING DDM 

When a DDM is applied, the problem should be carefully investigated to ascertain 

whether the necessary conditions are satisfied or not. The conditions entail two 

properties—interpolation and single-value correspondence. For regression and 

classification problems, the DDM is only effective for interpolation-type problems.  It is 

not appropriate for extrapolation. Therefore, the input values to the DDM must be within 

the space of the training data. If the new input values are outside of the training data 

space, it becomes an extrapolation problem where the outputs are meaningless. 

Moreover, the output values of a DDM should be a function of the input, which 

means that the input should have a single-value correspondence to the output as presented 

in Figure 2.1. Usually this property is not problematic for the classification problem 

because one input belongs to a single class. However, the single-value correspondence 

should be examined carefully for the regression problem.  

In many applications, DDM has been used for solving inverse problems. An 

inverse problem is a task that occurs in science and mathematics where the model 

parameters must be obtained from the observed data. Even though it is relatively easy to 

emulate the data that will be observed for the given model parameters, the inverse 
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problem—namely, estimation of model parameters based on the observed data—is 

challenging. When the DDM is applied to the inverse problem, the inputs to the DDM are 

the observed data, and the outputs are the model parameters. The input and output data 

pairs are generated from simulations or measurements. In this case, the inverse problem 

can be successfully solved through a DDM when the output is a single valued function of 

the input. In other words, only when the model parameters are uniquely estimated by the 

observed data will the regression technique give a valid answer. The necessary conditions 

should be examined before employing DDM techniques. 

 

 

(a)                               (b) 

Figure 2.1: (a) Single-value function, (b) Nonsingle-value function. 

2.3  TECHNIQUES TO CONSTRUCT A DDM  

There are a number of machine learning techniques for constructing a DDM [34-

36]. Commonly used techniques for regression and classification are shown in Table 2.1 

and Table 2.2 respectively. In the tables, descriptions and characteristics of different 

techniques are summarized. Actually the techniques to construct a DDM share the same 

underlying idea of describing the input-output relationship through a model generated by 

Input Input 

Output Output
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the data. However, they use different basis functions and different internal structures. 

Thus, a proper technique should be selected depending on the problem at hand. 

 

Table 2.1: Machine learning techniques for regression 

Techniques Description Characteristic 

Linear Regression 

[23] 

Models data by a function which 

is a linear combination of the 

model parameters and input 

values. 

Effective only when inputs 

and outputs are linearly 

related. Parameters are found 

through the least square 

fitting. 

Polynomial 

Regression [35] 

Fits data using a combination of 

polynomial models by the least 

square method. 

Resulting in better fitting 

compared with the linear 

regression for the nonlinear 

problem. High model order 

can cause over-fitting. 

Computational complexity is 

high. 

Radial Basis 

Function (RBF) [34] 

Employs a combination of real-

valued functions whose value 

depends only on the distance 

from the origin. It produces 

approximate functions that vary 

smoothly and are differentiable. 

Commonly used for 

multivariate function 

interpolation. Suitable for the 

localized response. In case of 

high dimension data, the 

required number of radial 

basis functions is large. 
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Group Method Data 

Handling (GMDH) 

[35] 

Uses various component subsets 

of the base function called 

partial models. GMDH 

algorithm gradually increase the 

number of partial model 

components and find a model 

structure with optimal 

complexity. 

It gives possibility to find 

interrelations in data 

automatically through an 

optimal structure which has a 

high accuracy. But this 

method is computationally 

expensive. 

Multivariate 

adaptive regression 

spline (MARS) [35] 

Builds models by fitting separate 

splines to distinct intervals of the 

predictor variables. The intervals 

and the model parameters are 

determined through data. 

Suitable for fitting a function 

which is piece-wise 

separable. Works well for 

high dimensional data. 

Computational complexity is 

moderate.  

Multi-layered 

perceptrons (MLP) 

[34] 

Basic ANN structure. It consists 

of multi layers. By introducing a 

nonlinear function, MLP can 

handle nonlinear relationship.  

Commonly used as a 

multivariate universal 

approximator. Suitable for 

unknown problem that is 

nonlinear. Number of hidden 

units number of and 

iterations should be 

determined empirically. The 

resulting model is not 

unique.  
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Table 2.2: Machine learning techniques for classification 

Techniques Description Characteristic 

Decision Tree [23] Tree-structured hierarchical 

and the most popular 

classification algorithms 

Simple, fast and explainable. 

But it has limitation in 

problems that have correlated 

features. Result is sometimes 

unstable 

Gaussian Bayes 

Classifiers [23] 

A method based on the a 

priori distributions. It is a 

maximum a posteriori (MAP) 

classifier.   

It statically minimizes the 

error rate. The distribution of 

features and prior probability 

should be known. Practically 

its use is limited due to the 

finite training set. 

Multi-layered 

perceptrons (MLP) [34] 

Uses output to indicate a 

class. Trained by ‘1 of M’ 

desired output values. Setting 

of thresholds for 

acceptance/rejection is 

feasible. 

The result is close to that of 

Bayesian classifier when the 

training set is enough. But, 

the training can be slow. 

Sometimes it needs large 

network size. Performance is 

usually less than that of SVM

Support Vector 

Machine (SVM) [36] 

Binary classifier based on the 

supervised learning. It uses a 

technique known as the 

kernel trick to apply linear 

Known as one of most 

powerful classifier. The 

structure can be minimized 

because only support vectors 
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classification techniques to 

non-linear classification 

problems. The resulting 

hyperplane maximizes a 

margin between classes. 

are used. The found 

hyperplane is unique. Extra 

process is necessary for 

multi-class classification 

problems.  

 

This dissertation focuses on the use of artificial neural networks (ANN) and 

support vector machine (SVM). The regression problems in Chapter 3 and 4 are highly 

non-linear and the input-output relationship is unknown. Because the nonlinear function 

to be approximated by a DDM is not known and not localized, a natural choice can be an 

ANN, especially a multi-layered perceptron (MLP). MLP is well suited for non-linear 

regression with a sigmoid activation function, and has been successfully used for many 

applications [34]. An effective technique for a classification problem in Chapter 5 is 

SVM. Because features are correlated and distributions of them cannot be estimated 

accurately, SVM would be the best choice. SVM is known as one of the best technique 

for classifications because it maximizes a margin between classes. SVM introduces a 

nonlinear kernel function to convert a nonlinear classification problem into a linear one. 

In the following sections, ANN and SVM, which are used throughout this dissertation, 

are discussed in more detail. 
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Figure 2.2: Examples of relationship between inputs and outputs to be approximated (Z 
values are inputs to the MLP and X,Y are outputs) 

 

2.3.1  Artificial Neural Network 

The most well-known technique in DDM is ANN. ANN is a computational model 

based on biological neural networks [34]. It is an adaptive system that changes its 

interconnections between artificial neurons based on external data that runs through the 

network. The capability of adaptation comes from the interconnections to be determined. 

The interconnections are found using the available training data. During the training, a set 

of sample input-output pairs is given to find the best function that describes those sample 

pairs. After training, ANN can describe the complex relationship between the input and 

output or find the patterns in the data. Through the ANN, a multi-dimensional regression 

or classification problem can be solved. 

A widely used class of ANN structures is called the multi-layered perceptron 

(MLP). This class of networks consists of multiple layers of computational units. MLP 

usually consists of an input layer, a hidden layer and an output layer.  Each layer is 

composed of several units. Each unit in one layer has direct connections to the units of 

the subsequent layer in a feed-forward way. In many applications, a sigmoid function is 

Z Z
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applied to the units of the hidden layer as an activation function. It is known that every 

continuous function that maps an input to some output can be approximated by a multi-

layer perceptron with just one hidden layer. In this dissertation, MLP with a single hidden 

layer is used. 

MLP can be expressed as a simple model defining a function. YXf →: . f(x) is 

defined as a weighted sum of a set of functions, h(x), each of which is a nonlinear 

function of the weighted sum of the input values: 
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where ),( wxfk  is the thk  output unit of the MLP, kjw2   is the weight between the 
thk  output unit and the thj  hidden unit, jiw1  is the weight between the thj  hidden 

unit and thi  input unit, h(x) is a nonlinear function, and M is the number of hidden units. 

This can be conveniently represented as a network structure, with arrows depicting the 

dependencies between variables, as shown in Figure 2.3.  
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Figure 2.3: The structure of multi-layered perceptron. 

 

The training is a process that decreases a predefined cost function. The cost 

function measures the error between the network’s output and the target value over all the 

example pairs, expressed as )))((( 2YXfEC −= . The cost is minimized with iterations 

when an optimization (search) method is employed. During the iterations with a local 

search method, the effect of certain model parameters to the cost should be evaluated. In 

the MLP, the model parameters are the weights between units. When the MLP is trained 

for the approximation of the input and the output relationship, the well-known algorithm 

of back propagation is usually employed. Back propagation is a method to propagate 

errors to the inner layer. The effect of a certain weight is propagated backwards through 

the network and the derivative of the cost with respect to the certain weight is evaluated. 

In principle, the back propagation provides a way to train networks with any number of 
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hidden units arranged in any number of layers.  The effect of jiw , which connects the 

thi  input unit and the thj  hidden unit, to the thk  output unit is calculated using the 

following equation: 
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where ja  is the value of the jth  hidden unit. The back propagation is illustrated in 

Figure 2.4. To find the weights based on back propagation, a search method such as  

gradient descent, conjugate gradient descent, or Levenberg-Marquardt is generally used. 

However, they are local search algorithms. Thus, the experimental weights are not global 

optima but local optima that may not be unique. The answer depends on the initial 

guesses of the search algorithm. This is one of the major disadvantages of ANN. Instead, 

a global search algorithm can be applied, but the result may not be satisfactory because 

the search space is too large and the time cost can be very high. In this dissertation, the 

conjugate gradient descent method, a local search method, is employed. 

 

 

Figure 2.4: Illustration of back propagation. 
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2.3.2  Support Vector Machine 

A support vector machine (SVM) is a binary classifier developed by Vladimir 

Vapnik [36]. It is a supervised learning method that is based on a kernel technique. The 

original optimal hyperplane algorithm is a linear classifier. However, SVM is developed 

to create a nonlinear class boundary by applying a kernel trick to achieve maximum-

margin between classes. This allows the algorithm to achieve the maximum-margin 

hyperplane in the transformed feature space. The transformation may be nonlinear, and 

the transformed dimensional space can be very high. The classifier is a linear hyperplane 

in the transformed high-dimensional feature space, although it may be nonlinear in the 

original input space. The selection of kernel is very critical in practice. The formulation 

of SVM is described below. 

The basic formulation of SVM is a binary classifier. The training data set consists 

of input vectors and output vectors. The input vector is a p-dimensional vector of 
p

i Rx ∈ , and the output vector is }1,1{ +−∈iy  which is a vector of binary numbers (i=1, 

…, N ). The output vectors describe the corresponding class to the input vectors. The 

classifying hyperplane of )(xf  is defined as: 

 

}0)(  | { =+= bxwxfx T                 Eq. 2.3 

 

where, bxw  and ,  are vectors. A decision function based on f(x) is 

 

               )())(()( bxwsignxfsignxG T +==            Eq. 2.4 
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The determination of the classifier is finding the function bxwxf T +=)(  with a 

constraint of ixfy ii ∀≥⋅     1)( . Here, the hyperplane should result in the largest margin 

between the closest training points for the two classes. The margin is calculated as 

www T

22
= . The process of finding f(x) that maximizes the margin converges to the 

optimization problem of: 

 

Minimizing 
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T

i   i∀      Eq. 2.5 

 

The square root of the margin function is omitted because it is a monotonically increasing 

function. In the linearly separable case, the finding of the optimal hyperplane in Equation 

2.5 converges to a convex optimization problem, which is known as a quadratic criterion 

with a linear inequality constraint. 

 

 

Figure 2.5: Hyperplane of maximum margin in the 2-dimensional case. 
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SVM can also solve a general classification problem when the data from two 

classes are not linearly separable. This optimal hyperplane that has a maximal margin can 

be found by allowing decision errors for some data points. Using a slack variable of 

),...,( 1 Nξξξ = , which represents a distance between the outlier and the decision 

hyperplane, the optimal hyperplane can be found as: 
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where K  is a constant to bound ∑ iξ . Through K , the number of data samples that fall 

on the wrong side of the margin can be controlled. Equation 2.6 can be expressed in an 

equivalent form as: 
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where C is a penalty parameter corresponding to the constant K  in Equation 2.6. It 

controls the trade-off between the maximum margin and training errors. By reformulating 

to Equation 2.7, the quadratic programming solution using Lagrange multipliers is 

applicable. After setting the derivatives of Equation 2.7 as zero with respect to w, b, and 

iξ  and using Karush-Kuhn-Tucker conditions [36], the Lagrange dual objective function 

to be maximized becomes: 
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Here, iα  is a Lagrange multiplier. After maximizing DL , specific b and iα  can be 

found. When iα  is between 0 and iξ , the corresponding ix  is called a support vector. 

The number of support vectors is denoted as SVN . The final decision function is: 
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The advantage of SVM is the capability of applying the kernel trick. If input 

vectors are transformed into a higher dimension by a basis function, they have a high 

chance to be easily separable by a linear hyperplane as shown in Figure 2.6. Then, the 

optimal linear classifier from Equation 2.8 can be used in the transformed higher domain. 

Due to the inner product form of Equation 2.8, the exact basis functions are not required 

to be specified. Instead, a kernel function is necessary to be calculated as the inner 

product: 

 

                    >=< )'(),()',( xhxhxxK                Eq. 2.10 

 

where )(xh  is the basis function. According to the kernel trick, the final decision 

function can be expressed as: 
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Figure 2.6: Data transformation using a kernel trick.  

 

The selection of the kernel affects the classification error significantly. Thus, it is 

very important to choose an appropriate kernel depending on the problem at hand. The 

proper kernel is usually determined on a trial-and-error basis. One of the most popular 

kernels is the Gaussian kernel. The dimension of the basis function of the Gaussian 

kernel is infinite. The Gaussian kernel function with a kernel width of σ  is given by: 
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The kernel width of σ  is searched to have the least classification error.  

Another advantage of SVM is that it converts the classification problem into a 

convex optimization problem. Thus, it finds a global minimum, and the final answer is 

unique. Furthermore, the problem of selection of the model size, which occurs in most 

DDMs, does not happen in SVM because it automatically selects its minimal model size 

through the support vectors. Furthermore, the computational complexity of SVM does 

not depend on the dimensionality of the input space, contrary to the ANN. Thus, it is 

most appropriate when the dimensionality of the input data is high. The complexity is 

>=< yxX ,
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mainly dependent on the number of samples. It is known as being between )( 2nO  and 

)( 3nO  when the number of data samples is n. However, it requires extensive memory 

for the quadratic programming in large-scale tasks. In this dissertation, SVM is used for 

the classification of the human activities from microDoppler data. 
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Chapter 3 

Through-wall Human Tracking with Multiple Doppler Sensors Using 

an Artificial Neural Network 

 

3.1  INTRODUCTION 

Through-wall human tracking requires the development of a radar system that can 

detect and locate a human subject in real time. The basic objective in location tracking is 

to provide position and velocity information of the target. To make the through-wall 

tracking system practical, the position and the velocity of the tracked target should be 

estimated robustly. Because the use of a single sensor does not provide enough 

information for the robust tracking within a noisy environment, more sensors are 

required. As a solution, an approach whereby a network of simple Doppler sensors is 

deployed to measure the different Doppler shifts from a moving target is considered. The 

gathered information is then processed to estimate the position and velocity of the 

moving target. 

The single-target tracking problem using Doppler-only information measured at 

multiple sensor locations has been well studied in the context of tracking aircraft and 

ocean vessels [37–40]. In these studies, the nonlinear equations relating the target 

parameters to the sensor positions and the measurable Doppler frequencies are linearized 

by a given model such as a constant velocity model or a constant acceleration model. 

Estimating target parameters is performed using either a closed-form equation or a search 

algorithm. The closed-form equation is a fast and robust way to find a solution but is only 

applicable to very restricted scenarios. The use of a search algorithm can be 
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computationally expensive, and the parameter estimation performance is limited by the 

search algorithm. 

One of the interesting studies based on Doppler sensors was reported by 

Armstrong and Holeman to track a baseball using a collection of speed guns [41]. In that 

work, a constant acceleration of the target was assumed over a short time interval. Within 

each time interval, the Doppler equations were linearized. A local search method was 

employed to find the target parameters using the maximum-likelihood estimation as 
shown in Figure 3.1. In the figure, ObDopf _  is the observed Doppler frequency and 

EstDopf _  is the estimated Doppler frequency. However, the results can be dependent on 

the initial guess so that the parameter estimation may not be robust. If a global search is 

applied, it would be time prohibitive. Thus, it is desirable to devise an algorithm that 

estimates the target parameters more robustly and efficiently. 

 

Figure 3.1: A search method to estimate the target parameters using maximum-likelihood 
method.  
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In this chapter, an artificial neural network (ANN) is proposed for achieving 

through-wall target localization using information collected by Doppler sensors placed at 

multiple locations in real time. ANN has been applied for target tracking problems from 

the beam forming perspective in the antenna community [42–44].  It has not been 

applied for target localization under the multiple-Doppler sensor scenario. For the fast 

and accurate determination of the human location, ANN relates the observed input 

(Doppler information) to the desired output (target position and velocity) through a 

learning procedure. For the training data generation, a free-space point-scatterer model is 

used in the simulation. Measurement data are collected using a toy car that runs a round 

track. Its trajectory and velocity are estimated by the ANN. They are also measured in a 

through-wall environment. Simulation and measurement results are reported. 

 

3.2  DOPPLER INFORMATION 

The Doppler shift is a change of frequency produced by an object that moves 

relative to a transmitter and a receiver. When the transmitter and the receiver are placed 

at different locations, the Doppler frequency observed can be expressed as: 

 

)ˆˆ( xRxTv
c
ffdoppler −⋅−=
r                  Eq. 3.1 

 

where f is the operating frequency, c is the speed of light, vr  is the velocity of the target, 

xT̂  is a unit vector pointing from the transmitter to the target position, and xR̂  is a unit 

vector pointing from the target to the receiver. As can be seen from Equation 3.1, the 

Doppler shift of a target depends not only on its velocity, but also the locations of the 

transmitter and receiver. Each Doppler sensor has a transmitter and a receiver that are 
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slightly separated in the bistatic sense. If a number of such Doppler sensors are deployed 

around the target, each sensor detects a different Doppler frequency because of its 

relative position with respect to the target, as shown in Figure: 3.2. The Doppler 

information measured at different locations is related to the target position and velocity. 

The statement of the problem is to estimate the target position and velocity from the 

measured Doppler information and known sensor locations. 

 

 

Figure 3.2: Doppler sensors distributed around a target. (Px and Py are the positions 
along the x-axis and the y-axis, and Vx and Vy are the velocities along the x-
axis and the y axis, respectively.) 
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3.3  APPROACH USING ARTIFICIAL NEURAL NETWORK 

3.3.1  Basic Concept and Structure 

An ANN is proposed for human tracking with the use of a collection of spatially 

diverse Doppler sensors. The ANN plays a role of relating the Doppler information and 

the target parameters. The weight parameters of ANN are determined based on the 

analysis of all the data describing the input and output pairs. Whether the target 

parameter estimation with multiple Doppler information is a regression problem or not 

will be discussed in detail in Sec. 3.3.3. In this chapter, the MLP for the target parameter 

estimation is used as the structure of our ANN, as shown in Figure: 3.3. 

 

 

Figure 3.3: The proposed ANN constructed by MLP. 

 

For the learning process of the ANN, a training data set should be generated. For 

such purpose, the human target is considered as a single-point scatterer in free space. The 

Position (Px) 
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training data set is produced by a Doppler simulator, whereby the measurable Doppler 

frequency shifts at the sensors are computed given the target parameters and the sensor 

positions. The sensor locations are fixed and a training data set is generated by varying 

the target parameters. Conversely to the Doppler simulator, the inputs to the ANN are the 

Doppler frequencies collected at the sensors, and the outputs of the ANN are the position 

and velocity of the target. After proper training, the target parameters will be estimated 

through the ANN using the observed Doppler frequencies at different sensors. 

 

 

Figure 3.4: Inputs and outputs of the ANN. 

 

3.3.2  ANN Training Results 

The ANN is trained to test the feasibility of the proposed method. Eight sensors 

operating at 2.4GHz are assumed. The sensor positions are shown in Figure 3.5. In this 

study, the spatial region of interest is assumed to be a 9 m by 9 m square area. After the 

size of the spatial region and the sensor positions are given, the Doppler frequency at 

each sensor location is simulated depending on the target parameters using the point 

scatterer model. The target is assumed to have a random position and velocity inside the 

room. The maximum speed of the target is 7 m/s. Doppler frequencies are simulated and 

the training data set is constructed. The number of inputs to the ANN is eight, and the 

Inputs of ANNOutputs of ANN

Px, Py, Vx, Vy    DOP1,DOP2,…,DOP7,DOP8 
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number of outputs is four, comprising the position and the velocity along the x and y 

axes. 

 

 

Figure 3.5: Deployment of Doppler sensors. 

 

For the learning process of the ANN, 3000 training data pairs are generated, in 

which 2700 are used as the training set, and the remaining 300 are used as the validation 

set. The size of a hidden layer is determined empirically and set to be 150 in this case. 

The sigmoid function is used for the activation function. Using a conjugate gradient 

descent method, the ANN is trained and iterated 1000 times. The RMS error in target 

position during the training is plotted in Figure 3.6. The resulting training error in 

position is 0.21 m and that in velocity is 0.035 m/s. The validation error in position is 

0.26 m and that in velocity is 0.038 m/s. These results are quite acceptable values in 

practice, provided that they can be duplicated in real-world data. 
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Figure 3.6: RMS error of position during the training process. 

 

3.3.3  Uniqueness of the Solution  

An ANN is only capable of handling a regression-type problem as discussed in 

Section 2.2. Therefore, it is important to verify that the problem at hand is indeed a 

regression problem. This means that the target parameters should be uniquely 

determinable when the Doppler frequencies are given as inputs. Interestingly, the 

relationship between the target parameters and the Doppler information is dependent on 

the number of sensors. When the number of sensors is too small, the same Doppler 

frequencies can result from the several different combinations of target parameters. In 

Equation 1, there are four unknown parameters in the nonlinear Doppler equation. It is 

difficult to use this equation to arrive at any explicit relationship of the number of sensors 

and the uniqueness of the problem due to its nonlinearity. 

In order to investigate the relationship, a search method is employed to find all 

sets of target parameters [Px, Py, Vx, Vy] that can generate the same set of Doppler 
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frequencies for a given number of sensors. Figure 3.7 shows the search arrangement. The 

Doppler simulation setups are the same as those described in Sec. 3.3.2. The search 

problem is cast into an optimization problem, whereby the RMS error between a given 

set of Doppler frequencies and the Doppler frequencies generated from a large sample of 

target parameters is minimized. 

In this simulation, the particle swarm optimization (PSO) [45, 46] is employed as 

the global search method. The parameter space for the search ranges from 0 to 9 m for the 

position and from 0 to 7 m/s for the velocity. The total search space is divided into 256 

subregions, and PSO is run within each subregion. Each PSO run is terminated when the 

RMS error found within each subregion is less than 0.01 Hz. In this manner, all of the 

target parameter sets that give the same set of Doppler responses are found. The total 

number of target parameter sets found by PSO is plotted versus the number of sensors in 

Figure 3.8. 

 

 

Figure 3.7: Search method to estimate target parameters given a set of Doppler 
frequencies. 
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Figure 3.8: Uniqueness of solution with an increasing number of sensors. 

 

As seen from Figure 3.8, when the number of sensors is fewer than 5, PSO finds 

several possible target parameter sets that can produce nearly the same Doppler 

frequencies in the search space. Note that due to the subregion partitioning during the 

PSO, these found target parameters are quite different from the actual target parameter set 

that generated the given Doppler frequencies. Thus, the target parameters are not 

uniquely determined for the given set of Doppler information. On the other hand, when 

the number of sensors is 5 or greater, the target parameters approach a single-valued 

function of the input Doppler frequencies. When this condition is met, the ANN can be 

applicable for the target parameter estimation. 

 

3.4  EFFECTS OF NUMBER OF SENSORS AND SENSOR POSITIONS  

It is instructive to examine the effects of number of sensors and their placement 

on the parameter estimation using the ANN. The estimation error is first checked by 
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increasing the number of sensors. The sensors are placed around the perimeter and are 

assumed to have the same angular separation from each other. The Doppler simulation 

setup, training data generation and training process are similar to those described in Sec. 

3.3. Table 3.1 shows the RMS errors in position and velocity as a function of the number 

of sensors. In the table, the RMS errors are averaged over five different training runs. By 

training the ANN several times, the average of the validation errors can be calculated. As 

expected, the estimation error decreases as the number of sensors increases. Beyond six 

sensors, the error settles to a value of 0.27 m, which is an intrinsic error from the ANN. 

This is quite consistent with the results in Sec. 3.3.3, where it was concluded that 5 

sensors are needed to make the problem unique. 

 

Table 3.1: Validation error of the trained ANN. 

 4 5 6 7 8 

Averaged Position 

RMS Error (m) 
0.962 0.551 0.271 0.275 0.264 

Averaged Velocity 

RMS Error (m/s) 
0.089 0.073 0.047 0.041 0.038 

 

Next, the effect of sensor positions on the estimation error is investigated. Several 

sensor placement configurations are evaluated. Six sensors are deployed as shown in 

Figure 3.9. In (a) and (b), the sensor positions are randomly chosen around the perimeter. 

In (c), they are placed symmetrically about the vertical and horizontal axes. In (d), they 

are placed with the same angular separations. The validation errors from the ANN are 
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compared in Table 3.2. The RMS error is averaged over five different training runs. From 

the table, the equi-angle case performs the best, but all the errors are similar. 

 

 

Figure 3.9: Four different sensors positioning schemes. 

 

Table 3.2: Validation error of 4 different sensor positions. 

 Case (a) Case (b) Case (c) Case (d) 

Averaged Position 

RMS Error (m) 
0.33128 0.32465 0.27859 0.27473 

Averaged Velocity 

RMS Error (m/s) 
0.06315 0.04553 0.05029 0.04667 

 

Random1 Random2 

Symmetric Equi-Angle 
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3.5  MEASUREMENTS RESULTS 

3.5.1  Line-of-Sight Measurements 

To test the ANN, a target should be observed by six Doppler sensors 

simultaneously. To save cost in the actual experiment, the target motion is restricted to 

move in a circular track, thus making the Doppler data periodic in time.  Consequently, 

the data can be collected using only one Doppler sensor and then replicated from this one 

sensor to the other five sensor outputs by shifting the data in time. The first test target is a 

remote controlled toy car being driven around a circle of radius 5 m. A metallic cylinder 

is mounted on top of the car to enhance its radar return. The toy car is set to run with a 

constant speed of 3.75 m/s. The assumed size of the space is 18 m by 18 m, which is 

bigger than the previous simulation case. When the ANN for this setup is trained, the 

validation errors in position and velocity are 0.52 m and 0.082 m/s, respectively. Note 

that these numbers are approximately twice as large as that of case (d) in Table 3.2 

because the linear dimension of the region is now twice as large as the case considered in 

Sec. 3.3. Codes written in Matlab for training are shown in Appendix A. The 

measurement setup is shown in Figure 3.10. 

     

9 m

18 m 

5 m 5 m 

9 m 
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         (a)                                      (b) 

Figure 3.10: (a) A scenario for the verification of the proposed concept. (b) Actual 
Doppler measurement setup. 

 

The radar operates at 2.4 GHz. The transmitter uses a commercial double-ridged 

horn (HRN-0118 from TDK RF Solutions). The receiver comprises a microstrip antenna 

connect to a commercial integrated receiver board. The transmitter and the receiver are 

separated by 1.2 m, which is a slightly bistatic case. The transmitted power is −5 dBm. 

The antennas are installed to use a vertical polarization. This is because the human body, 

which is vertically elongated, interacts more effectively with a vertically polarized wave 

and generates strong returns. The received signals are down-converted and then digitized 

for the Doppler processing. The toy car and the measured spectrogram of it are shown in 

Figure 3.11. As expected, the observed spectrogram data are periodic in time. 

 

 

(a) 
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(b) 

Figure 3.11: (a) The toy car. (b) Spectrogram of the measured toy car. 

 

To extract the Doppler frequency of the dominant scatterer on the toy car from the 

spectrogram, the strongest return is selected at each time bin, and its Doppler frequency is 

shown in Figure 3.12(a). The selected data are processed with a median filter and a low-

pass filter to delete the noisy high-frequency components. The size of the time window of 

the median filter is 1 sec. For the low-pass filtering, a hamming window is used, and the 

tap size of the filter is 100. The resulting data is represented in Figure 3.12(b). 
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(b) 

Figure 3.12: (a) Doppler data of the strongest return at each time bin. (b) Filtered data 
with median and low-pass filer. 

 

To emulate the Doppler data at the other five sensor locations, the measured data 

from the sensor is time-delayed by different amounts and replicated. The resulting data 

are input to the trained ANN and the target parameters are estimated through the neural 
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net as the output. The estimated trajectory is shown in red in Figure 3. 13(a). The true 

trajectory of the car is shown in blue. Other than the highly oscillatory behavior, the 

ANN estimate agrees fairly well with the true track. The estimated velocity is presented 

in Figure 3.13(b). Vx is the estimated velocity along the x axis and Vy is the estimated 

velocity along the y axis. They show an expected 90 degree phase difference. V (green) is 

the estimated magnitude of the total velocity. ‘True V’ (purple) is the magnitude of the 

true velocity. The agreement between the two is good. The resulting RMS error in 

position is 0.56 m and that in velocity is 0.17 m/s. Figure 3.14 shows the filtered 

estimated trajectory vs. the true trajectory of the car. A median and a low-pass filtering 

can help smooth the graph and decrease the RMS error. The time window for the median 

filtering is 0.5 sec. The number of taps of the low pass filter is 50. The RMS error in the 

filtered position is 0.49 m and that in the filtered velocity is 0.15 m/s. 
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Figure 3.13: (a) True trajectory of the car and the estimated trajectory. (b) True velocity 
and the estimated velocity. 
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(b)        

Figure 3.14: (a) True trajectory and the filtered trajectory. (b) True velocity and the 
filtered velocity. 

 

Next, an actual human walking case is measured. A human subject walks the 

same round track with a radius of 5 m. The speed of the person is approximately constant 

and is estimated to be about 1.45 m/s. The photo of the walking human and the 

spectrogram of the measured Doppler data are shown in Figure 3.15(a) and Figure 

3.15(b), respectively. In Figure 3.15(b), it is observed that very complex microDoppler 

returns are present due to the movements of the arms and legs. This phenomenon is well 

known and has been investigated in [30-32]. The microDoppler is examined in Figure 

3.16. The total length of trajectory is 31.4 m because the radius is 5 m. The number of 

microDoppler peaks in the spectrogram during one period is around 38. This results in 80 

cm per stride. This is a reasonable value which verifies that the microDopplers are from 

the arms and legs. To extract the Doppler information from the main body, the strongest 
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Doppler component is selected and plotted in Figure 3.17(a). The data are then filtered 

through a median and a low-pass filter and are plotted in Figure 3.17(b). The time 

window of the median filters is 3 sec and the number of taps for the low pass filtering is 

300. The filtered Doppler data are replicated with a corresponding time delay to again 

produce six sensor outputs. The true and ANN-estimated routes are shown in Figure 

3.18(a). The true velocity and the estimated velocity are shown in Figure 3.18(b). The 

resulting RMS error in position is 0.67 m and that in velocity is 0.07 m/s. The normalized 

errors are higher than those of the toy car. It is believed that it is caused by the 

microDoppler effects generated by the motions of the human limbs. The position and 

velocity of the target are then filtered with the same smoothing filters in the toy car case. 

The results are depicted in Figure 3.19. The RMS error in filtered position is 0.63 m and 

that in filtered velocity is 0.06 m/s. 
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Figure 3.15: (a) Human walking. (b) Spectrogram of human walking. 

 

 

              (a)                                      (b) 

Figure 3.16: (a) Measurement setup, (b) MicroDopplers from legs. 
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Figure 3.17: (a) Doppler data of the strongest return at each time bin. (b) Filtered data. 
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(b) 

Figure 3.18: (a) True trajectory of the human and the estimated trajectory, (b) True 
velocity and the estimated velocity. 
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(b) 

Figure 3.19: (a) True trajectory and the filtered estimated trajectory. (b) True velocity and 
the filtered estimated velocity. 
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3.5.2  Through-wall Measurements 

Through-wall measurements are next performed, and the target parameters are 

estimated using the same ANN, which was trained using the point scatterer model under 

the free space condition. The building exterior wall is a 40-cm thick brick wall. The 

moving object runs the same round track outside and the Doppler radar is deployed inside 

the building. The measurement setup is shown in Figures 3.20 and 3.21. It is the same as 

the previous setup except for the existence of the wall. 

 

Figure 3.20: Through-wall measurement setup. 
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Figure 3.21: (a) 40 cm brick wall. (b) Transmitter and receiver. 

 

The measured spectrograms of the toy car and the human are shown in Figures 

3.22(a) and 3.22(b), respectively. In contrast to the line-of-sight case, the through-wall 

signal experiences a two-way attenuation.  The signal strengths are decreased by about 

15 dB as compared with the case without the wall at 2.4 GHz. Note that the 

microDopplers of the human are now hardly noticeable due to the lower signal strength. 

The strongest Doppler component for each target is extracted through the same process as 

the line-of-sight case and used as the input to the ANN. The estimated trajectory and 

velocity are presented in Figures 3.23 and 3.24 for the toy car and the human, 

respectively. For the toy car case, the RMS error in filtered position is 0.82 m and that in 

filtered velocity is 0.15 m/s. In case of the walking human, the RMS error in position is 

0.71 m and that in velocity is 0.07 m/s. It is shown that even though the signal strength is 

degraded due to the wall and the estimation error increased a little, it is still possible to 

estimate the target parameters using the ANN, which was trained using a point target 

model in the free space environment.  This is because the effect of the wall on the 

Doppler frequency is negligible in our case. This topic is further investigated in the next 

section. 
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Figure 3.22: Measured spectrograms of (a) the toy car, and (b) the human subject. 

 



 56

-5 0 5
0

2

4

6

8

10

12

14

16

18

X (m)

Y
 (m

)

Target Trajectory

 

 
True
ANN

 

(a) 

0 1 2 3 4
-4

-3

-2

-1

0

1

2

3

4

Time (sec)

V
el

oc
ity

 (m
/s

)

Target Velocity

 

 

Vx
Vy
V
True V

 

(b) 

Figure 3.23: Through-wall toy car case: (a) True trajectory and the estimated trajectory 
with filtering. (b) True velocity and the estimated velocity with filtering. 
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(b) 

Figure 3.24: Through-wall human case. (a) True trajectory and the estimated trajectory 
with filtering. (b) True velocity and the estimated velocity with filtering. 
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3.5.3  Effect of the Wall on the Doppler Frequency 

The estimation error of the target parameters was higher in the case of through-

wall as discussed in the previous section. To understand the cause, it is instructive to 

examine the influence of the wall on the Doppler shift. The Doppler frequency is the 

change of the signal phase with respect to time.  The derivative of the phase with respect 

to time at the receiver can be calculated by measuring the exact change of the electrical 

paths. In the investigation, multi-bounce effects within the wall are ignored.  

In free space, the Doppler shift is given by the inner product form of 

)( xRxTv
c
f rrv −⋅⋅−  as shown in Equation 3.1. Because the equation approximately holds 

for the through-wall case as well, the analysis can be simplified. The xT
r

 and the xR
r

 

vectors are changed slightly to 'xT
r

 and 'xR
r

 due to the refraction of the wall, as 

illustrated in Figure 3. 25. They are all unit vectors, so only the direction affects the final 

Doppler frequency. 1θ  is the angle between xT
r

 and 'xT
r

 and 2θ  is the angle between 

xR
r

 and 'xR
r

.  The Doppler frequency will change significantly when 1θ  and 2θ  are 

large. 
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Figure 3.25: The change of xT
r

 and xR
r

 in case of through-wall 

 

The change of Doppler frequency depends on the dielectric constant of the wall, 

the position of the target and the position of the transmitter and the receiver. The effect of 

the wall becomes smaller when the relative dielectric constant is close to 1 and the target 

and the radar are located far from the wall. With the configuration of Figure 3.20, the 

deviation of Doppler frequency of the target running around the circular track can be 

simulated using a ray tracing approach. The refraction angle from the wall is calculated 

with the Snell’s law. In our simulation setup, the dielectric constant of the brick wall is 

set to 4 and the target speed used is 4.8m/s.  

From the simulation result, it is shown that the maximum possible values for 1θ  

and 2θ  are 1.44 degrees and 1.17 degrees respectively. The RMS error in Doppler along 

the path is shown in Figure 3.26. The target position is expressed byφ  that is a shown in 

Tx Rx 

vr

'xT
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Figure 3.20. The maximum error is 1.17 Hz when φ  is 286 degrees. The differential 

RMS error on Doppler frequency between )( xRxTv
c
f rrv −⋅⋅−  and )''( xRxTv

c
f rrv −⋅⋅−  

along the track is 0.8 %. This error on Doppler information may have contributed to the 

higher observed errors on the estimation of the target parameters as compared with the 

line-of-sight case. However, this amount is very small and does not drastically deteriorate 

the system performance.  

 

 

Figure 3.26: Doppler RMS error along the circular track. 

 

3.6  CONCLUSION 

An ANN has been proposed for through-wall human tracking using a distributed 

network of simple Doppler sensors. The trained ANN constructs a model that predicts 

target location and velocity from the given set of Doppler data. It was found that six or 

more sensors are required to estimate the target parameters robustly. A toy car and a 
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human subject were measured in both line-of-sight and through-wall environments. From 

the collected Doppler data, their locations and velocities were estimated using the ANN.  

The normalized RMS estimation errors in position and in velocity were found to be less 

than 5%. Target parameter estimation was possible even in the through-wall scenario, 

despite a significant attenuation in the signal strength. 

The presence of microDoppler returns is one unique feature of the human tracking 

problem using Doppler sensors. The ANN used in this paper was trained by a single-

point target model in free space, although it was subsequently applied to a complex 

human subject in a through-wall situation. The simple-point target model does not 

capture all the Doppler features of a non-rigid target like a human. Yet, the microDoppler 

components cannot be completely removed by a simple filtering process.  Further 

investigation into the microDopplers of humans is necessary in order to better extract the 

frequency of the torso or better train the ANN using more realistic simulation data. This 

will be a subject of future research. 

To make the suggested Doppler system practical, several issues should be 

considered. First, when multiple Doppler sensors are distributed in space, the Doppler 

information obtained by one sensor can be interfered by direct-path and reflected-path 

signals from the transmitters of other sensors. The interference between the sensors can 

be problematic in extracting the needed Doppler information from the spectrogram. To 

alleviate this problem, the use of a different operating frequency at each sensor is a 

potential solution. The communication among spatially distributed sensors is another 

issue. The measured Doppler data from each sensor should be gathered at one location 

for the estimation of target parameters. Wireless networking is therefore needed. This 

problem is not different from other sensor networks and solutions are available. 
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When there are multiple targets in the region of interest, the proposed ANN 

cannot be used directly because it is only applicable to a single target. In case of multiple-

target tracking, the Doppler information from one target should be distinguishable from 

the others in the spectrograms of all the sensors. This requires the solution to a 

correspondence problem. Once the correspondence problem is resolved, the multiple-

target tracking becomes several single-target tracking problems. Then, the ANN method 

can be used. 
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Chapter 4 

Direction of Arrival (DOA) Estimation of Humans with a Small Sensor 

Array Using an Artificial Neural Network 

 

4.1  INTRODUCTION 

As a complementary approach to the human location finding discussed in the last 

chapter, DDM-based array processing algorithms are explored to extract the target DOA 

information. The use of array is another way to increase the number of sensors for the 

robust tracking. A determination of DOA using a sensor array is a traditional topic of 

interest for a radar signal processing for civilian and military authorities [47-50]. There 

have been several approaches for the DOA estimation when signal sources generate the 

same frequency. The sensor array can provide DOA information through either a beam-

steering method or a super resolution algorithm. The beam-steering method finds the 

DOA information by changing direction of main lobe of a radiation pattern and detecting 

a power. Using the beam-steering technique, the traceable number of targets is unlimited. 

However, the resolution is inversely proportional to the size of array. When the available 

number of sensor elements is small, therefore, the technique has a poor angular 

resolution. On the other hand, super resolution algorithms such as MUSIC and ESPRIT 

[51, 52] determine the phase angles of arrived signals using a signal processing 

technique. They are popular for the high-resolution DOA determination. But they require 

extensive computation and are difficult to implement in real time. Furthermore, super-

resolution algorithms have limitations in the number of targets that can be handled. The 

number is related with the number of sensor elements, and it is even smaller when the 
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target returns are correlated. Therefore, tracking multiple targets using an array with a 

small number of elements is a challenging problem. 

In this chapter, an ANN-based method for the estimation of the DOA of multiple 

humans is proposed using a single sensor array when the size of the array is moderate. An 

extension of the monopulse radar concept is researched to achieve a high resolution. The 

target tracking procedure using ANN is handled in two steps. The first determines the 

number of targets, and the second step estimates their respective DOA. The ANNs are 

trained separately using a point-scatterer model in free space. The effects of number of 

targets and the number of sensors on the estimation error are investigated. The proposed 

method is verified by measurements of two loudspeakers and walking humans. Through-

wall measurements are performed and their results are also reported. 

 

4.2  PROBLEM FORMULATION 

An extension of the monopulse radar concept is proposed to estimate the number 

of the targets and to find the directions of signals. Monopulse is a simultaneous lobing 

technique for determining the angular location of a target with a high resolution [53]. 

Two beams are generated slightly off the target direction, which is shown in Figure 4.1. 

 

 

Figure 4.1: Monopulse radar. 

a 

b 
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The ratio of the received signal strengths from the beams determines the more 

accurate angular information of the target. The DOA information is derived using the 

monopulse ratio: 

 

StengthstheofSum
StengthstheofDifferenceRatioMonopulse

      
        =         Eq. 4.1 

 

When the two beams are aimed symmetrically with respect to the target, the ratio is zero 

because they receive same signal strength. The ratio increases if the target is tilted to a 

certain beam direction. The monopulse concept can be helpful to increase the angular 

resolution, but it is limited to tracking a single target. 

In this research, the monopulse concept is extended through generating many 

beams simultaneously in order to track multiple targets using a moderate size Doppler 

array. The received signal from each antenna is down-converted, and the Doppler signal 

is digitized for the signal processing by software. In the beamforming process, a number 

of overlapping broad beams are formed. The received signal strengths from the beams 

will form a unique signature in accordance with the target locations and target strengths. 

Therefore, by properly modeling the relationship between the received signatures and the 

target locations or strengths, the identification of the target locations can be carried out. 

The signature, i.e., the relative received strengths from the different beams plays a 

key role for estimating the number of targets and their DOA. When there is a single 

target, a beam directed close to the target experiences the most signal return. An exact 

DOA can be determined by comparing the ratio of the received strengths from adjunct 

beams like the monopulse radar. The beams directed quite off the target also experience 

the signal strength due to the side lobe leakage from the array. This characteristic is 
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shown in Figure 4.2(a). The total signal strength from the beams is normalized to 

eliminate the effects from the radar cross section (RCS), the distance between the target 

and the sensor, and the polarization mismatch. The normalized signature is unique 

depending on the target location. 

 

 

(a)                                 (b) 

Figure 4.2: Single-target case (a) generated 12 beams (b) received power from each 
beam. 

 

With an increasing number of targets, the signature of the received beams 

becomes more complex. The received signal strength from each beam consists of returns 

from several targets. The complex sum of returns from each target is the experienced 

signal strength at a certain beam. When the number of targets is four, an example 

signature is illustrated in Figure 4.3. The normalized signature is strongly related with the 

number of targets, their strength, and their locations. 

 

Target 
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                  (a)                                 (b) 

Figure 4.3: Multiple targets case (a) generated 12 beams (b) signature of received power 
from each beam. 

 

In order to establish the relationship, the idea can be formulated by an equation. 

When the number of targets is N and the number of generated beams is S, the received 

signal from the each beam can be expressed as: 

 

],...,,[...],...,,[],...,,[ 21
1

2
1

1
11

21 S
NNNN

SS rrrkrrrkEEE ⋅++⋅=      Eq. 4.2 

 

 

where iE  is a received signal from the thi  beam, jk  is a target strength of the thj  

target, which is complex number, and ],...,,[ 21 S
lll rrr  is a vector representing the ratio of 

the received signal strength from the thl  target represented as 
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where the thl  target DOA is θ  and the thm  beam angle is mφ . Because the r  vector 

is uniquely related with the DOA of the target, it can be written as a function of DOA. 

 

)(...)(],...,,[ 11
21

NN
S HkHkEEE θθ ⋅++⋅=            Eq. 4.4 

 

here the function H, which is a S-dimensional function, is assumed to be known. The 

DOA estimation is finding θ  for a given set of E in this equation. If the )( mH θ  is 

orthogonal to )( nH θ  when nm ≠ , the target strength of ik  and iθ can be easily 

determined. However, the function of H is usually not orthogonal to each other when a 

standard beam-forming algorithm is employed. Therefore, it is not easy to find the target 

strength and the corresponding DOA using a close form equation.  

In this problem, the number of targets and their DOA are information to be 

determined. The target strength of k in Equation 4.2 is dependent on the RCS of target, 

path loss, among others. Thus, the target strengths are not information of interest. For the 

DOA estimation, the signal strengths of the beams are only considered as a signature in 

this study. The final equation becomes: 
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1 +⋅+⋅= θθ HkHkEE S           Eq. 4.5 

 

As an example, an illustration of signature generation for the two-target case is shown in 

Figure 4.4. 

 

Figure 4.4: The received signal strengths from three beams. 

 

4.3  APPLICATION OF ANN 

4.3.1 Proposed ANN Scheme and Training Results 

In order to estimate the DOA of targets, an ANN is proposed. The ANN 

determines the number of targets and the DOA based on the normalized signature of the 

received signal strength of each beam. Because once an ANN structure is set, then the 

number of the inputs and outputs is not flexible. The number of targets must be first 

determined before constructing an ANN for predicting the DOA information. The first 

ANN estimates the number of targets, namely classify a target case. For example, if there 

are two targets, it is a two-target case. The inputs to the ANN are the normalized 

signature. The output of the first ANN is the predicted number of targets.  Once this first 

E1   E2   E3 
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ANN is completed, a second series of ANNs is built to find their DOA.  The second 

ANN has different structures according to the estimated number of targets from the first 

ANN. The number of output units in the second ANN is the estimated number of targets 

of the first ANN. Because the second ANN should be trained for the each target case, the 

number of the ANN to be built is the maximum possible number of the targets. This two-

step procedure is believed to be novel.  

 

 

Figure 4.5: Proposed DOA estimation scheme. 

 

For the generation of training data set, the normalized signatures of the received 

signals from many different locations and different number of targets are simulated. A 

point-scatterer model for the target is used. In the simulation, it is assumed that the 

magnitude difference of target strengths is less than 10 dB, and the phases of target 

strengths are random. The number of beams generated is 20. For each target case, a 

different data set is constructed respectively. Each dataset has it own 1000 data pair. 

Thus, the total number of data pair to be generated up to five-target case is 5000. 

When the number of sensor elements is four, the maximum number of localizable 

targets and its error bound on DOA are investigated by simulation. With the four 

elements separated by a half-wave length each, the 3 dB beam width of the sensor is 

around 22 degrees. At first, the ANN that predicts the number of targets is trained. The 

ANN1 for 
# of Targets

Monopulse 
Beamformer ANN2 for DOA 

DOA
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training data set consists of data from different target cases. The maximum number of 

targets considered is five. In the simulation, the number of training data set is different 

according to the target cases. For the one-target case, i.e. when the training data set 

consists of the data from the case where the number of targets is one, the validation error 

is 0.03 (97% accuracy). When the training data set consists of the data set from the one 

and two-target cases, the validation error is 0.08 (92% accuracy), which is quite small. 

However, the classification error increases if the data set is composed of the cases where 

the number of targets is more than two. With an increase of the number of targets, the 

corresponding validation errors are found to be increasing. The results are shown in Table 

4.1.  

 

Table 4.1: The classification error when the training data set is from different number of 
targets. (4 sensor elements case) 

Number of Targets Classification Error (Accuracy) 

1 0.03 (97%) 

2 0.08 (92%) 

3 0.38 (62%) 

4 0.42 (58%) 

5 0.54 (46%) 

 

From the table, it is observe that the predictable number of targets with a high 

accuracy is two when the sensor array consists of four elements. Figure 4.6 (a) presents 

the errors of the first ANN during the training process for the two-target case. In the 

simulation of Figure 4.6(a), the training data set was 2000 and the validation data set was 

200 samples. The number of hidden units was 80. The ANN is iterated for 500 
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repetitions. The numbers were determined empirically. For the training process, the 

conjugate-gradient descent method was used. Codes for the first ANN training are shown 

in Appendix B. 

The second ANN is trained for the DOA estimation. The considered sensor 

consists of the 4-elements. Depending on the number of targets, separate ANNs are 

constructed. For the single-target case, the data set is only from the one-target case. The 

number of output units of the ANN is one. The ANNs have 1000 training data pairs. 

After training, the DOA estimation error is only 0.11 degree. In the two-target case, the 

number of output units is two. . The number of hidden units was 90. Codes for the second 

ANN training are shown in Appendix C. The averaged error of the two DOA is 2.42 

degrees. However, the error increases rapidly when the number of targets is more than 

three. From the result, it is believed that the traceable number of targets with a high 

accuracy is only two using the four sensors array. This echoes the result of the first ANN.  

The DOA estimation errors with number of targets are shown in Table 4.2. Errors during 

the training process of the second ANN are plotted in Figure 4.6 (b).  

 

Table 4.2: The DOA estimation error when the training data set is from different number 
of targets. (4 sensor elements case) 

Number of Targets DOA Error (degree) 

1 0.11 

2 2.42 

3 7.96 

4 13.56 

5 12.78 
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(a)                                  (b) 

Figure 4.6: ANN training error in the two-target case, (a) Error during the training 
process for the first ANN, (b) Error during the training process for the 
second ANN. 

 

4.3.2 Effects of Target Strength and Number of Sensors 

The effects of target strengths on the DOA estimation error are investigated for 

the two-target case using the 4 sensors array. In the previous simulation, the magnitude 

difference of the target strengths is less than 10 dB. In order to test the effect of the 

difference of the target strengths, it is increased for the two-target case in the training data 

generation. The RMS errors after training are plotted in Figure 4.7.  

When the target strengths are exactly same, the averaged DOA error is only 1.17 

degree. The error increases when the difference of the signal strengths is getting larger. 

After a 40 dB or greater difference, the errors stay around 5.6 degrees, which is a high 

value. If strength of a specific target is too strong, the influence of the other target on the 

signature is minute. The signature becomes close to the single-target case. It causes a 

significant error when the second ANN for the two-target case is applied. The ANN that 
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is trained for the single-target case would rather work well for the DOA determination of 

the strong target only. Thus, it is believed that the proposed DOA estimation technique is 

effective when the strengths of the two targets are similarly strong. 

 

Figure 4.7: The DOA estimation error with the target strength difference for the two-
target case with the 4 sensor array (When number of sensor elements is 4). 

 

It is also instructive to examine the effects of number of sensors on the DOA 

estimation error of multiple targets. It makes sense that more sensors would result in a 

low estimation error. When the difference of target strengths is set to be less than 10 dB, 

the ANN is trained and the averaged DOA estimation errors are derived with the increase 

of number of sensor elements. In the simulation, the errors with different numbers of 

targets are tested as well. Different target cases consist of different number of training 

data pairs. The number of hidden units and the number of iteration are also empirically 

searched. 

The results are presented in Figure 4.8. From the figure, it is shown that the 

estimation error is the highest with 3 sensors. The error becomes the least with 8 sensors. 
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The more sensors result in the more accurate estimation. If the errors are examined, for 

the two-target case, the averaged DOA estimation error can be less than 2 degrees with 

more than four sensors. However, the 4 targets case has the errors above 4 degrees even 

with eight sensors. The value is not accurate enough. When the number of sensors is 

large, other techniques such as beamforming or super resolution algorithms may result in 

better performance. Thus, it is believed that the proposed technique is effective when the 

number of sensors and the number of targets is moderate. 

 

 

Figure 4.8: The estimated RMS error of DOA with the increase in number of sensors and 
the number of targets. 

 

4.3.3 Uniqueness of the Solution 

In order to apply the ANN for the DOA estimation, it should be verified that the 

problem is a regression problem. The DOA should be uniquely determined in accordance 

with the signature. If not, it would result in a high DOA estimation error. For the 
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investigation, a search method is employed as performed in Section 3.3.3. The PSO-

based algorithm finds the DOA and the target strength of k for a given set of E for a 

predefined case, as shown in Figure 4.9. The number of sensor elements is set to 4. The 

cost function in the PSO is defined as the RMS error between the simulated signature and 

the observed signature. After the search process, the errors of DOA, and the errors of 

target strength (amplitude and phase) are presented with different number of targets in 

Table. 4.3. 

 

Figure 4.9: Search method of DOA and target strength using PSO. 

 

Table 4.3: The cost, the DOA error and the target strength error with the number of 
targets for a predefined case. 

Target Number Cost 
DOA Error 

(degree) 
Amp. Error 

Phase Error 

(degree) 

1 Tgt 0 0 0 0 

2 Tgts 1.21e-26 0 0 120.1 

3 Tgts 3.23e-21 11.1 4.1 151.1 

4 Tgts 8.56e-16 16.9 3.7 78.9 

5 Tgts 2.34e-25 14.7 5.1 181.8 
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For the single-target case, the cost, the DOA error, and target strength error are all 

zero. The search algorithm exactly finds the correct DOA and corresponding target 

strength. When the number of targets is two, the cost is very low. The DOA error and the 

amplitude error are zero, concluding that the found DOA is unique and correct. The phase 

has a large error. However, the phase error is insignificant because the signal strength is 

only considered in Equation 4.4. Not the absolute phase values, but the phase difference 

of the two target strengths affects the cost. In cases of more than three targets, the DOA 

and the target strength errors are high, even though the cost of the search process is very 

low. This means that the search algorithm found a proper combination of DOA and target 

strength that generates almost same signature. But the found answer is quite different 

from the actual DOA and target strength. In those cases, it is believed that the uniqueness 

does not hold anymore. From this simulation, the number of targets traceable using the 4-

sensor array is two. 

 

4.4  MEASUREMENTS 

4.4.1  Line-of-Sight Measurements 

Measurements of loudspeakers and humans are performed to verify the proposed 

method in the line-of-sight environment. A receiver array that consists of four sensor 

elements developed in our group is used [21]. The horn antenna is used as a radiator as 

before. The frequency of the transmitted continuous wave is 2.4 GHz. In the receiver, the 

Doppler-shifted signal is picked up from the four sensors, and it is down-converted at 

each sensor. The digitized Doppler information is processed by software to determine the 

DOA. The configuration of the processing is shown in Figure 4.10. 
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Figure 4.10: Configuration of the Doppler beam former [21]. 

 

First, two loudspeakers are measured. Two loudspeakers, which are driven by a 

50 Hz audio signal, are located in front of the Doppler sensor. The distance between the 

sensor and the center of speakers is 3 m. The measurement setup is shown in Figure 4.11. 

The separation of the speakers is gradually increased, resulting in a bigger angular 

separation between the two speakers. Before applying the suggested method, the 

beamforming technique is used to investigate the DOA with an increase of angular 

separation. The received signals from the sensors are linearly phase-shifted and summed 

by software. The beam is steered by sweeping the phase. The results of beam forming are 
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presented in Figure 4.12. The x axis of the figure is the angle, and the y axis of the figure 

is the Doppler frequency. In the figure, the ± 50Hz Doppler signal that is caused by the 

vibrating speaker are observed. Because the number of sensor elements is only four, the 

constructed beam has a poor angular resolution, which is around 22 degrees. Until the 

angular separation reaches 22 degrees, the two speakers cannot be distinguished. In case 

of 27 degrees, the two speakers are clearly observed in the figure. 

 

 

Figure 4.11: Measurement setup of two loudspeakers using a Doppler beamformer. 
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Figure 4.12: Beamforming results. (a) 7 degrees, (b) 14 degrees, (c) 21 degrees, (d) 28 
degrees. 

 

The same measured data are processed to verify the proposed DOA estimation 

technique. For the processing, the 20 beams are generated in front of the sensor. Each 

beam has a 9-degree angular separation. The received signal strength from each beam 

constructs an input vector set to the trained ANN. Because the Doppler signal is at ± 50 

Hz, coarsely sampled beamforming results at either 50 Hz or -50 Hz in the DOA domain 

are needed. The sampled beamforming results are processed by the first ANN to estimate 

the number of targets first. The signal strength from the each beam is shown in Figure 

4.13 as examples. The output of the first ANN given the input vector over time is 

presented in Figure 4.14. Over 2 seconds, the output of the first ANN is plotted as a blue 

line. The estimated number of targets is shown as a red line after rounding off the ANN 

output. The estimated number of targets is two.  

 

(c) (d) 



 81

 

Figure 4.13: Sample beamforming results, (a) 7 degrees, (b) 14 degrees, (c) 21 degrees, 
(d) 28 degrees. 

 

Figure 4.14: The output of the first ANN over time. 

(a) (b)

(c) (d)
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Based on the result of the first ANN, the second ANN that is trained for the two-

target case, is employed to determine the DOA. The outputs of ANN are the two values, 

which indicate the DOA of the speakers. Because the exact DOA is sensitive to the 

measurement setup, instead, the difference of DOA of the two targets, DOAΔ , is 

considered. With the increase of angular separation of the speakers, the actual DOAΔ  

and the estimated DOAΔ  are shown in Figure 4.15. In the Figure, the estimated DOAΔ  

over time is depicted. The results of the second ANN agree well with the actual DOAΔ . 

The values fluctuate slightly over time due to the noise. The averaged DOAΔ  error is 2 

degrees. 

 

Figure 4.15: The estimated DOAΔ  and the actual DOAΔ  

 

Second, the single walking human is tested. A single human subject walks from -

45 degrees to +45 degrees and walks back, constraining the DOA not to exceed ± 45 

degrees. This limitation comes from the beamwidth of transmitting horn antenna. The 

movements are measured as shown in Figure 4.16. Because this is a one-target case, the 
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second ANN which was trained for the single-target case is used. In Figure 4.17, the 

beamforming result is presented at certain point in time. The expected DOA changes are 

plotted as an orange dotted line. The estimated DOA result using the second ANN is 

shown in Figure 4.18 as a blue line. In the figure, the result of the beamforming method is 

also plotted as a red line for the comparison. The DOA of the human using the 

beamforming method can be determined through observing the signal of the maximum 

strength. The two results agree well with each other. 

 

 

Figure 4.16: Illustration of single human walking. 
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Figure 4.17: Beamforming result of single human walking. 

 

 

Figure 4.18: Estimation of DOA through the ANN (blue line) and beamforming (red). 
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Third, two walking human subjects were measured. The minimum distance 

between the humans and the radar is 3 m. One person walks from the left side to the right 

side. The other person walks from the right side to the left side. The configuration is 

shown in Figure 4.19. The measured spectrogram is presented in Figure 4.20. In the 

figure, the returns from the two humans are interfered each other. It seems impossible to 

estimate the number of humans and their own Doppler shifts from the spectrogram. 

Figure 4.21 shows the beamforming results for the case of the two-walking humans at a 

certain moment. The two humans can be clearly observed. However, when the two 

humans are close to each other with similar Doppler frequencies, it is hard to discriminate 

them, setting aside finding the DOA. 

 

 

Figure 4.19: The setup of human measurements. 
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Figure 4.20: Spectrogram of two humans walking. 

 

 

Figure 4.21: The beamforming result of two walking humans. 

 

The proposed method is now applied to the human walking case. Compared with 

the loudspeaker case, the difference is that the Doppler frequency of a human varies with 
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time. A certain frequency can not be selected to track the two humans because the chance 

of generating the same frequency from the two humans is very low. There are two ways 

of dealing with this issue.  

One way is applying the suggested ANN method to each frequency. The 

beamforming results are sampled at each frequency, and the estimation of number of 

targets and their DOA are performed by the ANNs. At the frequencies where the Doppler 

signal is 40dB stronger than the noise, the DOA estimation was performed at every 2 Hz. 

One successful result is shown in Figure 4.22. The figure shows the DOA when the two 

humans have different Doppler frequencies. The second ANN, which was trained for the 

single-target case is used.  

 

 

Figure 4.22: DOA estimation by applying the ANN to each frequency when the two 
humans have a different Doppler frequencies. 

 

The other way to treat the multi-target case is summing the signal strengths along 

the DOA axis in the spectrogram, resulting in losing the Doppler information depending 
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on the DOA. Even though the two humans generate different Doppler frequencies, the 

processed data have only signal-strength information, depending on the beam angle. If 

the signal-to-noise ratio (SNR) is high, the processed data would still be strongly related 

with the DOA information because the effect of noise is negligible compared to the 

accumulated data. Then, the sequential ANN can be applied as before. Using this method, 

the number of targets is predicted using the first ANN. The results are presented in Figure 

4.23. The output of the first ANN is plotted as a blue line. The red line is actual estimated 

number of targets after rounding off. The estimated DOA with time using the second 

ANN is shown at dots with time in Figure 4.24. It was observed when the two humans 

crossed each other. One person moves from a positive DOA to the negative DOA while 

the other moves oppositely. The shaded region is the out-of-interest area because the 

human targets are beyond the transmitting antenna’s beamwidth. The DOA estimation 

error increases when the person is close to the region of out of antenna’s beamwidth. 

 

 

Figure 4.23: The estimation of number of targets from the first ANN. 
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Figure 4.24: The estimated DOA of two walking humans. 

 

4.4.2  Through-wall Measurements 

The two loudspeakers and the two human subjects are measured in the through-

wall environment. The transmitter and the receiver are located inside the building, and 

the targets are placed outside. The wall consists of the 16-inch bricks that have been used 

in Chapter 3. The measurements setup is shown in Figure 4.25. The speakers are driven 

with a 50 Hz audio signal again.  

 

0 2 4 6 8 10
-40

-30

-20

-10

0

10

20

30

40

T im e(sec)

D
O

A
 (d

eg
re

e)



 90

 

Figure 4.25: Through-wall measurement setup. 

 

The measurement results are shown in Figure 4.26. With an increase of angular 

separation, the estimated DOA using the proposed method is depicted. The actual DOA is 

also notified. The averaged error between the estimated and the actual DOA is 3.3 

degrees. ANN that is trained by a data set from the free space with a point scatterer works 

for the through-wall case as well. 

 

 

Figure 4.26: The estimated DOA through-wall case. 
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Finally, two walking human subjects are measured through the wall. The scenario 

is the same as the line-of-sight case. The second method is summing the signal strengths 

from all the frequencies along the DOA axis. The Doppler frequency-independent 

information, which is only angle dependent, is obtained. Then, the second ANN trained 

with the two-target cases, is used. The DOA of the two walking humans is presented in 

Figure 4.27. The shaded region is when the humans are out of the antenna’s beamwidth. 

The overall trend of the DOA is acceptable, but a high DOA error occurs when the 

human subjects are close to ± 45 degrees, because the retuned signal strength becomes 

weak. The second method of summing signals along the DOA axis is valid when the SNR 

is high, as before mentioned. The overall errors are also higher than the ling-of-sight 

case. 

 

 

Figure 4.27: Estimated DOA of two walking humans. 
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4.4.3  The Effect of the Wall on the DOA Estimation 

The effect of the wall on the DOA estimation is studied. The DOA of a plane 

wave does not change after transmission through a wall if the wall is homogeneous. 

However, the effect of the wall is not negligible on the DOA of a point target. Figure 4.28 

illustrates the change of DOA of the target due to the wall.  The original DOA of the 

targets are 1θ  and 2θ . Because of the refraction of the wall, the DOA deviates into '1θ  

and '2θ . The deviated DOA is always larger than the original DOA. The results shown 

in Figure 4.26 also confirm this analysis. The deviation is dependent on the dielectric 

constant of the wall, the position of the target, and the position of the sensor. When the 

targets are far from the wall, the effect becomes small. With the setup in Figure 4.25, the 

possible DOA deviation is simulated. The maximum change in DOA is found to be 1.87 

degrees, which is quite small.  

 

 

Figure 4.28: Effect of wall on the DOA estimation 
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4.5  CONCLUSION 

In this chapter, the DOA of Doppler returns was estimated with a small Doppler 

sensor array using an array processing method. The proposed method was based on 

ANN, and it found the number of targets and their DOA. The method incorporates 

generating a number of overlapping beams simultaneously using software beamforming. 

The target locations, as well as the number of targets, determine a unique signature of the 

received signals from all the beams. By modeling the relationship between the received 

signatures and the number of targets or the target locations via an ANN, the identification 

of the number of targets and their locations can be carried out. The sequential ANN 

structure was used to estimate the number of targets and their DOA due to the inflexible 

ANN structure. The first ANN determines the number of targets, and the second ANN 

estimates their respective DOA through another ANN, which is different depending on 

the estimated number of targets. To train the ANN, the simulated signatures of the 

received signals from many different locations and different number of targets are used. 

For the verification of the algorithm, loudspeakers driven by audio tones and moving 

humans are used as test targets. Both line-of-sight and through-wall measurements are 

performed using a 4-element Doppler radar. The identification of the number of targets or 

their locations was performed through the trained ANN. The DOA estimation error is 

high in case of the through-wall due to the refraction of the wall. 

However, the proposed technique was effective for tracking few targets with the 

small size array. As the number of array elements increases, other techniques, such as 

super-resolution algorithms, have a chance of better resolution. Moreover, the training of 

ANN can be problematic for the large-size array for large number of targets. The exact 
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performance comparison between the proposed method and the super-resolution 

algorithms needs to be researched more. 
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Chapter 5 

Through-wall Human Activities Classification with Doppler Signatures 

Using a Support Vector Machine 

 

5.1  INTRODUCTION 

The last two chapters dealt the problem of determining the location of a human 

subject through-wall.  After finding the human position, the next interesting question 

one might ask is whether it is possible to determine the activity being undertaken by the 

human based on the acquired Doppler information. Human microDoppler signatures have 

been a subject of intense interest since it was first observed in the early 2000s [18-19]. 

MicroDoppler returns are generated from the moving limb motions of the human body.  

The time-varying trajectories of microDoppler components can be informative to 

recognizing human motions, especially when viewed in the joint time-frequency space.  

The target classification problem using Doppler signature has been mainly studied 

in the context of automatic target recognition (ATR) in battlefield applications [54–58]. 

The main task of ATR is recognizing targets, such as a human, a wheeled vehicle, a 

tracked vehicle, or a helicopter. For this purpose, Stove and Sykes used a Fisher linear 

discriminator to classify the targets based on the normalized Doppler spectrum as a 

feature in [55]. The classification accuracy was around 84%. In [56], a hidden Markov 

model (HMM) classifier was implemented by Jahangir and et al. They used processed 

spectral information as a feature. The overall classification performance had around 87% 

accuracy.  

Studies to exploit microDopplers for human classification have also been 

reported. For example, a wavelet approach was demonstrated to extract human 
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microDoppler features from radar signal returns in [58]. Van Dorp [59] tried to extract 

the body parameters from the radar data of the human gait. Similarly, a classifier was 

developed by Otero [60] to recognize walking humans. Anderson [61] used 

microDoppler features to distinguish among humans, animals and vehicles.  However, 

the classification of the different human activities has not yet been researched to date. 

Here, the feasibility of distinguishing different human activities based on the observed 

microDoppler signatures is explored. 

In this chapter, a support vector machine (SVM) is proposed for classifying 

activities of a human subject using Doppler information in a through-wall environment. 

SVM is a binary classifier that is popularly used in a machine learning area to construct a 

maximal-separating hyperplane. SVM has been used extensively for many diverse 

classification problems for its superior performance over other classification methods, 

such as the Fisher linear discriminator and the Bayesian decision method. In the radar 

signal-processing community, SVM has been used mostly for the target recognition in 

synthetic aperture radars and antenna arrays [62–65]. The considered human activities to 

be classified in this study are running, walking, walking without moving arms, crawling, 

boxing while moving forward, boxing, and sitting still. In order to recognize the 

activities, the time-varying Doppler signatures are examined knowing that different 

human motions generate different Doppler signatures.  

The features of Doppler information are extracted from a spectrogram. The 

features include (1) the torso Doppler frequency, (2) the total bandwidth (BW) of the 

Doppler signal, (3) the offset of the total Doppler, (4) the bandwidth without 

microDopplers, (5) the normalized standard deviation of the Doppler signal strength, and 

(6) the period of the limb motion. These six features are inputs to an SVM. For the 

generation of training data set of an SVM, twelve human subjects are measured. After a 



 97

training process, the SVM predicts its class based on the input features. A multi-

classification SVM is implemented using a decision tree structure. The training process 

and the resulting classification accuracy are reported. The importance of each feature is 

also evaluated and the results of through-wall measurements are reported. 

 

5.2  MICRODOPPLER INFORMATION AND SPECTRAL ANALYSIS 

Micro-motion on a target may introduce frequency modulation on the 

fundamental radar return from the target’s body. The modulation due to this movement is 

referred to as the microDoppler phenomenon [66]. For the human case, moving parts—

such as arms and legs—produce modulations to the fundamental Doppler frequency from 

a torso. Because the microDopplers represent micro-motions of the human, it is a 

promising candidate as an identification and recognition tool for a human activities. 

To examine the microDopplers, spectral analysis is a natural choice. The most 

common way of the analysis is using a Fourier transform. However, Fourier transforms 

do not provide complex time-varying spectral information over time. In order to 

investigate the time-varying Doppler information, a joint time-frequency analysis is 

required [28]. 

There are many available techniques for the joint time-frequency analysis such as the 

short-time Fourier Transform [33], Wigner processing [67] and reassigned joint time 

frequency processing [68]. A particular technique should be selected depending on 

individual application because each method has its own advantages and disadvantages. 

For example, the Wigner processing can be used to increase the resolution of Doppler 

frequency. However, the Wigner processing is time consuming, and it generates cross 

terms, which are undesirable. Meanwhile, the short-time Fourier transform, which has 

been commonly used, can suffer from the Doppler resolution because the size of the time 
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window determines the resolution. Nevertheless, it is simple, intuitive and easily captures 

behaviors of Doppler information with time. Thus, it is our belief that the short-time 

Fourier transform is an adequate tool in our problem to observe the overall signature of 

Doppler information.  

When human walking is measured by a Doppler radar, the Doppler frequency 

shows unique features with a time history. An example spectrogram is shown in Figure 

5.1. A 0.25 second time-window is used in the STFT. From the spectrogram, the torso 

speed can be calculated by taking a frequency of the strongest signal at each time bin.  

Also, the frequency-modulated microDopplers produced from periodic motions of arms 

and legs of humans are observed. 

 

 

Figure 5.1: Spectrogram of regular human walking. 
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5.3  MEASUREMENTS OF DIFFERENT HUMAN ACTIVITIES 

Different activities of a human body generate different Doppler shifts over time.  

In a spectrogram, signatures of Doppler shift can potentially provide information to 

identify human motions. As there has been no data set available for diverse human 

activities, they are extensively measured using a Doppler radar to exploit their unique 

Doppler signatures. For the measurements of Doppler information of human movements, 

the same sensor used in Chapters 3 and 4 was employed. 

Seven human activities are considered. The activities include: (a) running, (b) 

walking, (c) walking without moving arms, (d) crawling, (e) boxing while moving 

forward, (f) boxing, and (g) sitting still (with slight fidgeting movements). These 

behaviors are common in the daily lives or are significant for surveillance purposes. 

These seven activities of a human subject are measured by the Doppler radar. The 

measurements are performed in an indoor environment in the line-of-sight case. The case 

where a single person moves forward directly to the radar is considered. An illustration of 

the measurement is shown in Figure 5.2. The descriptions of each activity are given in 

Table 5.1. The spectrograms of each activity measured over 6 seconds are shown in 

Figure 5.3. (Walking is shown in Figure 5.1.) 

 

Table 5.1: Seven human activities are studied. 

Activity Description 

(a). Running The act of moving forward quickly at a steady pace by 

moving the arms and legs. 

(b). Walking The act of moving forward with a moderate speed at a 

steady pace by moving the arms and legs. 
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(c). Walking w/o 

moving arms 

The regular act of walking without swinging arms, 

assuming that the human carries some objects in the 

hands. 

(d). Crawling The act of moving forward slowly on the hands and knees 

along the ground. 

(e). Boxing while 

moving forward 

The act of fighting with the fists to beat someone, while 

moving forward by moving the legs. 

(f). Boxing The act of fighting with the fists to beat someone without 

moving the legs. 

(g). Sitting still The act of staying on a chair with slight fidgeting 

movements—for example, shaking the legs, touching 

one’s hair, and crossing the arms. 

 

 

Figure 5.2: Illustration of measurements of seven different human activities. 
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     (a) Running,                 (b) Walking without moving arms 

   

(c) Boxing while moving forward,               (d) Crawling 

   

        (e) Boxing,                  (f) Sitting with slight movements 

Figure 5.3: Spectrograms of seven human activities. 

 

The spectrograms show interesting signatures. The running activity has the 

highest Doppler frequency of the torso, which is around 30 Hz. Doppler shifts range over 

a wide frequency band. Periodic signatures of microDopplers from the limbs are 
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observed. The walking activity shows similar Doppler patterns with the running case. The 

positive Doppler shift of torso is around 20 Hz. It also shows the periodic microDopplers. 

Walking without moving the arms has a similar spectrogram with the walking case, but it 

shows a little narrow frequency band range. This activity represents the case where a 

human carries an object in the hands, like a machine gun. In the crawling activity, most 

of Dopplers are positive. Unsynchronized behavior of the arms and legs can be detected. 

The activity of boxing while moving forward has a positive torso frequency, in addition 

to the microDopplers from the boxing. The boxing activity does not have a torso Doppler 

shift, while periodic microDopplers from the arms are clearly observed. The sitting with 

slight movement has almost a zero torso frequency and shows non-periodic small 

microDopplers. Characteristics of Doppler signatures are extracted in the next section. 

 

5.4  FEATURE EXTRACTIONS AND TRAINING DATA GENERATION 

5.4.1  Signal Detection and Feature Extractions  

In order to extract distinct features from a spectrogram, it is necessary to 

distinguish the Doppler signal from noises. The key issue is the determination of a noise 

threshold. The noise prevailing in the spectrogram is found to have a Gaussian-like 

distribution. A histogram of the noise is shown in Figure 5.4(a). In the figure, a Gaussian-

like distribution is observed. Figure 5.4(b) shows a histogram when the Doppler signals 

exist. The distribution changes when Doppler signals exist in addition to noise. Thus the 

lowest power level at which the signal histogram starts to deviate from the Gaussian-like 

noise distribution is used as the noise threshold. In the figure, the noise threshold is 

around −83 dBm. Using the threshold, a spectrogram of a boxing activity is processed. 

The signals below -−83 dBm are regarded as noise, and they are re-values as a very small 
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number. Through this process, the Doppler signals can be distinguished in a spectrogram. 

Figure 5.5 shows the spectrograms before and after the signal detection process. 

       

       

(a)                               (b) 

Figure 5.4: (a) Histogram of Gaussian noise, (b) Histogram of Doppler signal with 
Gaussian noise. 

   

           (a)                                 (b) 

Figure 5.5: (a) Spectrogram of the boxing, (b) Spectrogram of the boxing after extracting 
the Doppler signal only. 

 

The Doppler features are extracted from the noise-eliminated image. The features 

to characterize the Doppler signature are: (1) the torso Doppler frequency, (2) the total 
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bandwidth (BW) of the Doppler signal, (3) the offset of the total Doppler, (4) the 

bandwidth without microDopplers, (5) the normalized standard deviation (STD) of the 

Doppler signal strength, and (6) the period of the limb motion. The six features are 

extracted with a 3 second time-window.  

The torso Doppler frequency (1) is the average frequency of the peak signal over 

the time bins within the window. For the calculation of features (2), (3), (4) and (6), two 

signal envelopes are first identified. The highest Doppler frequency at each time bin 

makes up a high-frequency envelope. The lowest Doppler frequency at each time bin 

makes up a low-frequency envelope. The bandwidth (2) is the averaged difference 

between the largest frequencies from the high frequency envelope and the smallest 

frequencies from the low frequency envelope. The offset of the Doppler frequency (3) is 

the mean value between the largest frequencies of the high-frequency envelope and the 

smallest frequencies of the low-frequency envelope. The bandwidth without 

microDopplers (4) is the averaged difference between the smallest frequencies from the 

high-frequency envelope and the largest frequencies from the low-frequency envelope. 

Feature (5) is the standard deviation of the signal strength divided by the average of the 

signal strength of all the above-noise Doppler signals in the spectrogram. A large motion 

like running tends to have a high standard deviation in the Doppler signal strength. The 

period (6) is the time period of the microDoppler from the limbs. It corresponds to the 

swinging rate of the arms and legs. An illustration of the features is depicted in Figure 

5.6. 
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Figure 5.6: Features of the Doppler signal 

 

5.4.2  Training Data Generation From Measured Data 

The classification process using a machine learning technique requires a training 

data set and a validation data set. The training data set is used to train the learning 

machine, and the validation set is used for the estimation of errors of the trained machine. 

In our study, the data set is constructed from measured data.  

Twelve people who performed the seven activities were measured. The features of 

the each activity from each human subject were extracted 12 times using different 3-

second time windows. When this is done for the seven activities of the dozen human 

subjects, the total number of feature sets is 12*7*12 = 1008. The mean values of each 

feature from the twelve people are shown in Table 5.2. The feature set provides key 

information for the classification of the seven motions. 

 

 

(2) BW

(4) BW w/o u-D 

(1) Torso Frequency

(3) Offset 

(6) Period
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Table 5.2: The mean value of features. 

 
(1).Torso 

freq. 
(2). BW 

(3).Dop.

offset 

(4).BW 

w/o u-D 

(5).Nor. 

STD 
(6).Peri. 

(a)Running 29.209 128.654 20.127 104.50 1.772 0.425 

(b)Walking 22.430 120.159 21.157 85.341 1.725 0.528 

(c)Walking 

w/o mov. arm 
19.430 100.352 19.717 69.093 1.378 0.520 

(d)Crawling 6.491 63.691 13.570 39.197 1.294 0.539 

(e)Boxing 

forward 
11.101 89.205 17.365 60.402 1.432 0.474 

(f) Boxing 0.172 97.537 5.679 50.119 0.918 0.424 

(g)Sitting still -0.055 30.862 -0.041 23.384 0.851 0.529 

 

5.5  HUMAN ACTIVITY CLASSIFICATION USING SVM 

There are a number of approaches to address classification problems. In our 

problem, if the distributions of input features are available, the Bayesian decision criteria 

would result in the least classification error [29]. However, the exact distributions of 

input vectors are hard to estimate as indicated in [72]. The estimation errors of the 

distribution affect the misclassification rate significantly. Example distributions 

(histogram) of the torso frequency of twelve people in case of the walking and the 

crawling cases are shown in Figure 5.7. They have different mean values and different 

distributions. It is not easy to estimate the distributions with high accuracy. In this 

section, an SVM is proposed for classifying human activities based on the features 
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extracted from the Doppler information. The SVM results are compared with those of 

ANN. The importance of each feature is also discussed.  

  

            (a)                                (b) 

Figure 5.7: Example distributions of torso frequency (a) walking, (b) crawling. 

 

The rationale of choosing the SVM among a number of available classifiers is that 

it is not only theoretically solid, but it shows high performance in many practical 

applications [69-71]. For these reasons, the SVM is recognized as one of the most 

common and powerful classifiers. The seven human activities are classified using an 

SVM based on the features extracted. As the training data set, 3/4 of the data are used and 

the remaining 1/4 are used as the validation set.  For the training procedure, two 

scenarios are used. The first scenario used all the data from nine subjects for training and 

the data from the remaining three subjects for validation. The second scenario used nine 

realizations of all twelve subjects as the training set, and the remaining three realizations 

of all the subjects as the validation set. The first scenario is more realistic because it 

classifies unknown people’s activities based on the data from known people. The second 

scenario classifies a person’s activity based on training data that include that individual. 

The final classification error is calculated using a 4-fold cross validation. In the 4-fold 

Frequency (Hz) Frequency (Hz) 
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validation, the error is calculated four times with different combinations of training and 

validation data set for the given total data set. This process generalizes the performance 

of the ANN. Successful training should result in both small averaged error and small 

error variance. 

 

Figure 5.8: Training and validation data set for the 4-fold validation (a) the first scenario 
(b) the second scenario. 

 

5.5.1  Classification Using ANN 

Before applying the SVM, an artificial neural network (ANN) is used as a test 

classifier. Using an ANN, the feasibility of the problem can be checked and the results 

can be compared with those of the SVM at the end. ANN has been used widely on many 

kinds of classification problems [29]. The inputs to the ANN are the six features, and the 

outputs of the ANN are the seven activities. The multi-layered perceptron (MLP) is 

employed as the ANN structure. The number of hidden units was determined through 

sweeping the value until the minimum averaged 4-fold cross validation error was 
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reached. After finding the optimal number of hidden units, the average and the variance 

of the 4-fold validation errors were found.  

For the first scenario, the optimal number of hidden units is found to be 36 and 

the training process was iterated 250 times. The average and the variance of the 

validation error (accuracy) of the classifier were 0.173 (82.7%) and 0.014, respectively. 

For the second scenario, the optimal number of hidden units and the corresponding 

iterations were 34 and 230, respectively. The average and the variance of the validation 

error (accuracy) of the classifier were 0.122 (87.2%) and 0.015, respectively.  

As expected, the second scenario has a smaller validation error than that of the 

first case. The resulting averaged confusion matrixes are shown in Table 5.3. The values 

indicate the percentage of correct classifications. If the confusion matrix is examined, the 

walking without moving arms has the lowest classification accuracy in both scenarios. 

The majority of the mis-classifications occurred between the walking and the walking 

without moving arms case.  

 

Table 5.3: Results of ANN, (a) Confusion matrix for the first scenario, (b) Confusion 
matrix for the second scenario. (Es represents the estimated class, and Ac 
represents the actual class.) 

Es\Ac (a) (b) (c) (d) (e) (f) (g) 

(a) 88 1 0 0 0 0 0 

(b) 11 79 24 0 1.4 0 0 

(c) 1 20 69 0 0.6 0 0 

(d) 0 0 7 82 28 0 0 

(e) 0 0 0 18 70 7 0 

(f) 0 0 0 0 0 93 1 
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(g) 0 0 0 0 0 0 99 

                               (a) 

                                  

Es\Ac (a) (b) (c) (d) (e) (f) (g) 

(a) 94 0 0 0 0 0 0 

(b) 6 83 24 0 0 0 0 

(c) 0 17 68 0 1 0 0 

(d) 0 0 8 83 13 0 0 

(e) 0 0 0 17 86 1 0 

(f) 0 0 0 0 0 99 0 

(g) 0 0 0 0 0 0 100 

                               (b) 

 

5.5.2  Classifying Using SVM 

An SVM is tested as a classifier in this section. The formulation of SVM is based 

on the two-class problem. In order to apply an SVM to the multi-class problem, it should 

be reformulated into several binary class problems. Different methods have been 

developed to handle the multi-class problem using SVM [73-75]. They are described 

below. 

 

(a) One -against-all 

For the N-class problems, N binary SVM classifiers are constructed. The thi  

SVM is trained to discriminate samples in the thi  class from samples in all the other 

classes. Thus, the necessary number of SVM is N. The advantage of this method is that 
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the training scheme is simple. However, the disadvantage is that the number of training 

samples is too large, resulting in slow training speeds. The classification accuracy is not 

high compared with other methods. 

 

(b) One-against-one 

This algorithm constructs a 
2

1)(N-N ⋅  number of SVM classifiers, using all the 

binary pair-wise combinations among the N classes. For the final classification decision, 

it naturally adopts Max-Wins algorithm that finds the resultant class by first voting the 

classes according to the results of each classifier and then choosing the class that is voted 

the most. This method has a high classification accuracy rate and a fast training speed. 

The disadvantage is that the number of classifiers to be trained increases with the number 

of classes with the speed of )( 2NO . Also, the decision is not simple, and the time cost 

for it is high. 

 

(c) Decision-tree based SVM  

A decision tree is another means to classify a multi-classification problem using a 

series of binary decisions. The decision tree method breaks N classes into distinct binary 

decision problems. Each leaf node represents a class, and each non-leaf node represents a 

binary SVM classifier. The total number of nodes is 2N-1, among which N nodes are leaf 

nodes. So the number of non-leaf nodes is N-1. Thus, N-1 binary SVMs need to be 

constructed. This is the minimum number of necessary SVMs among the multi-class 

problem. The testing time of the decision tree approach is the shortest. However, the 

classification accuracy is slightly less than the one-against-one method. The training time 

cost is between that of one-against-all method and that of the one-against-one method. 



 112

In this section, a decision-tree based SVM is selected as a classifier for its simple 

structure, minimum required number of SVMs as well as the shortest testing time. The 

configuration of the suggested decision tree is shown in Figure 5.9. Six SVMs are needed 

to be constructed. Each SVM separates activities into two classes. For the training, the six 

SVMs have different number of training data. The training data set for SVM1 consists of 

(a),(b),(c),(d),(e),(f), and (g). That of SVM3 is from only (b) and (c). Thus, the training 

speed of the each SVM is different. 

 

 

Figure 5.9: Suggested decision tree using SVM. 

 

The SVMs are constructed using the Gaussian kernel for the kernel trick. For 

successful learning, the penalty parameter of C and the Gaussian kernel width of σ  

should be carefully determined. The optimal C and σ  are searched exhaustively to have 

minimum averaged classification error over the 4-fold cross validation for each SVM. 

The 4-fold cross validation is performed as the same manner with the ANN case. The 

found C and σ  for SVMs are shown in Appendix D. 

As far as the results of the first scenario are concerned, the average and the 

variance of the validation error (accuracy) of classification are 0.081 (91.9%) and 0.007 

SVM1

SVM2

SVM3

SVM4

SVM5 SVM6 
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respectively. For the second scenario, the average and the variance of the validation error 

of classification are 0.072 (92.8%) and 0.010. The second scenario has slightly smaller 

error compared to that of the first case. These accuracies are a higher than those of the 

ANN. The resulting averaged confusion matrixes are shown in Table 5.4. The walking 

without moving arms has the highest error in both scenarios. 

 

Table 5.4: Results of SVM based on the decision tree structure, (a) Confusion matrix for 
the first scenario, (b) Confusion matrix for the second scenario. 

Es\Ac (a) (b) (c) (d) (e) (f) (g) 

(a) 98 0 0 0 1 0 0 

(b) 1 91 25 0 0 0 0 

(c) 1 9 74 0 2 0 0 

(d) 0 0 0 95 6 0 0 

(e) 0 0 1 5 86 5 0 

(f) 0 0 0 0 5 95 0 

(g) 0 0 0 0 0 0 100 

                             (a) 

 

Es\Ac (a) (b) (c) (d) (e) (f) (g) 

(a) 95 0 0 0 1 0 0 

(b) 1 87 17 0 0 0 0 

(c) 2 13 83 0 1 0 0 

(d) 0 0 0 89 2 1 0 

(e) 2 0 0 10 96 1 0 
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(f) 0 0 0 1 0 98 0 

(g) 0 0 0 0 0 0 100 

                             (b) 

 

5.5.3  Selection of Important Features 

The human activity classification using the SVMs was successful, resulting in a 

low prediction error. However, it is instructive to investigate which feature plays a key 

role and those which relatively do not affect relatively for the classification. When 

several features interact in a complex manner in the process, it is not easy to determine 

the exact effect of any particular feature. However, through training an SVM with only 

one particular feature only and observing the classification error, the importance of that 

feature can be approximately evaluated. If an error is small with the certain feature only, 

that feature can be regarded as being an important one. Potentially, features that do not 

much affect the classification performance can be found. 

The 4-fold validation error trained only with a certain feature is shown in Table 

5.5. From the table, the most important feature is the torso frequency. Using the torso 

frequency only, around 70% classification accuracy can be obtained. In the order of their 

significance, the important features are the torso frequency, the BW w/o microDopplers, 

the offset of Doppler, and the BW. The normalized STD of signal strengths and the 

period are less important features. The classification errors based on the features are low 

as around 30%. 

 

Table 5.5: Classification error only with a particular feature. 
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Particular 

Feature 
(1) (2) (3) (4) (5) (6) 

Error 

(Accuracy) 

0.299 

(70.1%) 

0.456 

(54.4%)

0.552 

(44.8%)

0.350 

(65.0%)

0.682 

(31.8%) 

0.697 

(30.3%)

 

When the number of input features is increased in the training, the accuracy is 

observed. The results are depicted in Figure 5.10. Features as order of significance are 

included: the torso frequency, the BW w/o microDopplers, the offset of Doppler, the BW, 

the normalized STD and the period. The more features result in the higher accuracy 

overall. However, the accuracy is not improved when the sixth feature—the period—is 

added. 

 

Figure 5.10: Accuracy of SVM classification with the increase of number of input 
features. 
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5.6  PRACTICAL ISSUES 

5.6.1  Classification of Combined Activities 

Combined human activities were classified by a sliding 3-second time-window.  

Within the 3-second window, the features are captured, and the activity was predicted. 

The window slides at every 0.5 second. Two cases are considered for the combined 

activities. The first case is crawling and boxing, followed by walking. The second case is 

walking, boxing, and boxing while moving forward, followed by walking without 

moving arms. The activities are done sequentially without any pauses. Figure 5.11 

presents the measured spectrograms and their classification results. The SVM predicts the 

activities of the first case correctly except for the transition from boxing to walking. In 

the transition, the activity is classified as boxing while moving forward. Because the 

features are averaged value in the 3-second time window, the classification can be 

erroneous when the activity changes. The boxing while moving forward can be regarded 

as an intermediate activity between boxing and walking. The misclassification region is 

shaded in the figure. The second case has two intervals where misclassification happens. 

Transition of activity from the walking to the boxing is recognized as the boxing while 

moving forward by the SVM. From the boxing to the walking without moving arms, it 

was classified as the sitting still. 
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                              (a) 

 

 

                               (b) 

Figure 5.11: Spectrograms of combined activities and their classification results, (a) 
Crawling and boxing, followed by walking, (b) Walking, boxing, and 
boxing while moving forward, followed by walking without moving the 
arms. 
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5.6.2  Oblique Angle Case 

It is instructive to consider a case when the human subject approaches the radar at 

an oblique angle. The probability that a tracked human moves directly toward the radar is 

very low. The seven motions of a particular person were measured at several angles. The 

angle was increased until it reached 30 degrees. When the previously trained SVM was 

applied to the measured data of the oblique angle case, it showed almost the same 

classification performance. The classification accuracy is 91.4%. It is believed that the 

accuracy has not deteriorated because the effect of the oblique-angle case is just scaling 

of Doppler information and the amount is not influential. The measurement setup and the 

path are shown in Figure 5.12. 

 

      

            (a)                                (b) 

Figure 5.12: (a) The trajectory of oblique angle (30-degree) case, (b) The measured 
spectrogram of walking. 
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5.6.3  Through-wall Measurements 

Through-wall measurements were also performed. The building exterior wall is a 

40-cm thick brick wall. The radar is placed in front of the wall, and the human subject 

acts on the other side of wall. The returned signal experiences approximately a 18 dB 

attenuation due to the wall. Moreover, the noise level is increased by 11 dB. Reflections 

from the wall of the transmitted signal increased the noise level. Thus, the signal-to-noise 

ratio (SNR) is reduced by 29 dB. The histograms of noise in case of line-of-sight and 

through-wall are shown in Figure 5.13. 

 

 

           (a)                                   (b) 

Figure 5.13: (a) Histogram of noise in case of line-of-sight, (b) Histogram of the through-
wall case. 

 

Figure 5.14 shows a spectrogram of the walking and the crawling activity 

measured in the through-wall environment. The human subject approaches the radar in 

this measurement also. It is hard to identify the microDoppler signal when the target is far 

Power (dBm) Power (dBm) 
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from the radar (around 10 m). In this case, the classification cannot carry out. When the 

human is within 3 m from the wall, the unique Doppler signature of each activity can be 

observed. Once the Doppler signatures are captured, then the trained SVM has high 

possibility of a successful classification. In this case, the wall effect on the Doppler 

frequency is negligible because the human subject approaches to the radar with an 

aligned path. 

 

 

(a) 
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(b) 

Figure 5.14: (a) Through-wall measurement of the walking activity, (b) Through-wall 
measurement of the crawling activity. 

 

5.7  CONCLUSION 

In this chapter, the SVM has been proposed to classify the considered human 

activities. The twelve humans’ seven activities were measured using a Doppler radar. The 

SVM was trained using the measurement data. The six features from Doppler signatures 

were captured in the spectrogram. The multi-class classification using the SVM was 

implemented using the decision tree structure. The classification accuracy based on the 

six features resulted in 91.9 % for the first scenario. Important features were found to be 

the torso frequency, the bandwidth without microDopplers, the offset of Doppler, and the 

bandwidth. The combined activities were also successfully classified. In cases of 

through-wall measurement, it was hard to extract the features because of the deteriorated 

SNR. 
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There are a few issues to be addressed before practical use. In this dissertation, 

measurement data are used for the training process. The features can be affected by 

particular characteristics of the utilized radar, such as an I-Q imbalance, polarization, and 

Rx-Tx locations. Therefore, the trained SVM can have high errors when used with the 

data measured from another sensor. To resolve this problem, simulation data can 

potentially be used. Developments of a physics-based Doppler simulator generated from 

computer-animation data of human activity is under research in our group [76]. For a 

practical application, it is necessary to employ a Doppler sensor network. Our study is 

only applicable when the human approaches the radar. The distributed Doppler sensor 

would detect and classify the activities of human moving in any direction.  Also, the 3-

second time window was used for the features extraction. If the human activity changes 

during the window duration, the classification error may increase. A method to extract 

features within a short time duration needs further research. 
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Chapter 6 

Conclusions 

 

6.1  SUMMARY 

In this dissertation, through-wall human monitoring using Doppler radar was 

addressed.. Data driven models were applied to the human location and the human 

activity classification problem.  The use of multiple Doppler sensors to robustly locate a 

human was investigated for two different scenarios, use of a distributed sensor network 

and use of a multi-element sensor array.  Chapter 3 described the first scenario, namely, 

locating a moving human based on the Doppler information measured by a set of 

spatially distributed sensors. An ANN was constructed to estimate the target position and 

velocity given the observed Doppler data from multiple sensors. For robust target 

tracking, the minimum required number of sensors using the proposed method was 

investigated, and that number was found to be 6. It was also found that the sensor layout 

that maintains the same angular separations around the target showed the least estimation 

errors. The proposed method was verified by measuring a toy car and a human in line-of-

sight and through-wall environments. The ANN that was trained with the point scatterer 

data from free space worked in the through-wall case as well. The target parameters were 

estimated with less than 5% normalized estimation error. This approach is potentially 

useful for long-duration monitoring of the building interior from the outside. 

In Chapter 4, the second scenario of using a multi-element sensor array was 

investigated.  The DOA of a moving human was estimated using array processing when 

the number of available sensor elements was small. The extended monopulse concept 

was proposed for the identification of the number of targets and their DOA based on the 
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received signature. A signature was a collection of signal strengths from the beamformer 

output. Because the structure of an ANN is inflexible, the target tracking procedure was 

handled in two steps. The first step was the determination of the number of targets. The 

second step involved the estimation of their respective DOA through another ANN that 

depends on the estimated number of targets. The DOA estimation error depending on the 

number of sensors and the number of targets were also investigated.  Measurement data 

from two loudspeakers and two walking humans in line-of-sight and through-wall 

environments were tested using the suggested sequential ANN. The proposed method 

increased the angular resolution for finding the DOA. For the measurement of two 

loudspeakers, the averaged estimation errors were 2 degrees and 3.3 degrees in the line-

of-sight and through-wall cases, respectively.  Contrary to the first scenario, this scheme 

leads to a fairly compact array with all the elements in one location.  Therefore it may 

be easier to realize in practice and is potentially useful in portable applications. 

In Chapter 5, the feasibility of classifying human activity with microDoppler 

information was investigated by an SVM approach. MicroDopplers from moving limbs 

of a human subject provide features unique to a person’s activity. In order to classify the 

activity, six distinct features were extracted from the spectrogram. Based on the features, 

an SVM was developed to classify the different activities. For the training of the SVM, 

seven activities of twelve humans were measured using a Doppler radar. The multi-class 

classification using the SVM was implemented using a decision tree structure. Optimal 

parameters for the support vector machine were found through a 4-fold cross validation. 

The most important features were the torso frequency and the Doppler signal bandwidth. 

The classification accuracy was higher than 90%. Classifying long-duration activities, the 

effect of oblique look angles and through-wall effects were also discussed. 
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This dissertation has demonstrated the feasibility of through-wall human 

monitoring using Doppler information. Doppler sensors could provide sufficient 

information for locating humans and recognizing their motions. ANN and SVM 

successfully solved the regression and classification problems in real time based on the 

measured Doppler information. However, through-wall human monitoring remains a very 

challenging problem and many issues still need to be researched. For the practical 

deployment of a Doppler sensor network for locating a human, the positions of each 

sensor should be known. Data networking is required to send data to a base station where 

all the measured data are collected and processed. Each sensor also needs to use different 

frequencies to avoid the mutual jamming problem. For the sensor array approach, it is 

necessary to employ multiple frequencies to gather the target range in addition to the 

target bearing. To reduce the estimated DOA error, the wall effect should be incorporated 

in the machine learning stage. For the human activity recognition, a distributed set of 

Doppler sensors should be considered to capture Doppler signatures from a human 

moving toward any direction. A method to extract features from the spectrogram in real 

time also needs to be devised.  

 

6.2 AREAS OF FUTURE RESEARCH  

While this dissertation has focused on the localization of humans and recognition 

of their different activities, much additional research could be further pursued. Below, the 

potential areas of future research including fine human motion analysis, human intent 

determination, and virtual rendering of human motions are discussed. 

A natural extension to the human activity classification is to zoom in further on 

even more detailed motions, leading to the determination of human mood state such as 

happy, sad, agitated, etc.  The recognition of the human mood can be helpful to discern 
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a person who is unstable, suspicious, and potentially dangerous. Even for the same 

activity, such as walking or running, the mood of a human affects the characteristics of 

the movement, resulting in different features in the spectrogram. For distinguishing these 

fine motions, a different tool for extracting features may need to be developed because 

the differences in the microDopplers are so subtle.  Techniques such as principle 

component analysis (PCA) and dynamic time warping (DTW) may be useful for the 

extraction of the fine features.  For this research, the characteristics of human motion 

depending on different psychological status need to be studied. The technique for human 

mood detection is also applicable to discern the sex of the subject. 

On a broader scale, it is often desirable to determine the intent of a person from 

sensor observations rather than simply classifying the specific activities.  The question 

then becomes whether it is possible to determine a person’s intent from classifying a 

sequence of more basic activities.  This topic was briefly investigated in Chapter 5, but 

more work is needed. For example, higher order intents such as deceit and infiltration 

may be inferred through the classification of more basic movements such as repetitions of 

creeping action followed by stop action. From observing combined activities of boxing 

and running, an offensive intent of the monitored human may be inferred as well. 

Potentially the hidden Markov chain can be incorporated for detecting and recognizing 

the series of human motions. 

Perhaps the most useful but challenging research for monitoring a human is the 

virtual rendering of the 3D computer model from the measured radar information. Like 

commercial motion capture systems, the goal is to reproduce a 3D computer model of the 

monitored human, thus achieving optical quality imagery while being able to see through 

optically opaque scenes. Clearly a single Doppler sensor will not provide enough 

information.  The use of a distributed set of Doppler sensors, possibly with additional 
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range information, should be considered to capture sufficient information from various 

directions. While the two previously discussed topics are classification problems, the 

human computer model reconstruction is a regression problem. The problem is to 

estimate computer model parameters from the measured Doppler (and range) 

information. Here, the computer model parameters determine the detailed motion of the 

human. A DDM approach can be applied to construct the relationship between the 

parameters and the measured Doppler information from different locations. For 

monitoring humans, the virtual rendering system based on the Doppler sensors would be 

able to play a complementary role to a vision system due to the through-wall capability.  
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Appendix A 

 

%Training Data Generation 
clear all; 
format long; 
  
Val_P=[]; 
Val_V=[]; 
Target_Parameters=[]; 
TTMM=[]; 
Target_Para_DOA_DOP=[]; 
save('Target_6S_WL18M_Round_30000.mat', 'Target_Para_DOA_DOP'); 
  
%============================================================== 
%             Building Configuration 
%                     3 
%        =============================== 
%        =                             = 
%     2  =                             =  4 
%        =                             = 
%        =============================== 
%                      1 
  
%%          Rx  -  Tx   :  2.1M  
%================================================================ 
Tx_Freq     =  [  2.4e9;    % Not Synch 
                  2.4e9; 
                  2.4e9; 
                  2.4e9;  
                  2.4e9; 
                  2.4e9;  ];                              
                                 
Rx_Locations =  [  9*cos(6*pi/4) , (9*sin(6*pi/4) + 9) ;                   
                   9*cos(5*pi/4) , (9*sin(5*pi/4) + 9) ;      
                   9*cos(3*pi/4) , (9*sin(3*pi/4) + 9) ;      
                   9*cos(2*pi/4) , (9*sin(2*pi/4) + 9) ;      
                   9*cos(1*pi/4) , (9*sin(1*pi/4) + 9) ;      
                   9*cos(7*pi/4) , (9*sin(7*pi/4) + 9) ;  ] ; 
                    
Tx_Locations =  Rx_Locations + [  2.1*cos(8*pi/4) , 2.1*sin(8*pi/4) ; 
                                  2.1*cos(7*pi/4) , 2.1*sin(7*pi/4) ; 
                                  2.1*cos(5*pi/4) , 2.1*sin(5*pi/4) ; 
                                  2.1*cos(4*pi/4) , 2.1*sin(4*pi/4) ; 
                                  2.1*cos(3*pi/4) , 2.1*sin(3*pi/4) ; 
                                  2.1*cos(1*pi/4) , 2.1*sin(1*pi/4) ;  ] ; 
                             
             
Sensor_Postisions = [   1 ; 
                        1 ; 
                        3 ;  
                        3 ; 
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                        3 ; 
                        1 ;   ];  
          
for q=1:30000;             % Standard = 3000 
           
% AA = 1 + 3.5*q/8; 
% A_P = 4 + 2.5*qqq/10; 
% P_P = qqqq/15; 
% PP= qq/15; 
  
RR = rand(4,1); 
  
AA =  7*RR(1) ; 
A_P = 8.5*RR(2) ; 
PP =  RR(3); 
P_P = RR(4); 
  
Target_Parameters = [ A_P*cos(2*pi*P_P), A_P*sin(2*pi*P_P) + 9  , AA*cos(2*pi*PP),  
AA*sin(2*pi*PP)  ]; 
  
Number_of_Observation=1; 
True_Trajectory_Mat = Target_Parameters; 
  
% for k=1:6 
% Target_Parameters(k,:) = [ A_P*cos(2*pi*P_P + pi/3*(k-1) ), A_P*sin(2*pi*P_P + pi/3*(k-1) ) + 9  , 
AA*cos(2*pi*PP + pi/3*(k-1)),  AA*sin(2*pi*PP + pi/3*(k-1))  ]; 
% end 
%  
% Kth_Pair = 1 ; 
% [DOP1,DOA1] = DOP_DOA_Gen( Rx_Locations , Tx_Locations, Sensor_Postisions(1) ,Tx_Freq(1), 
Target_Parameters(Kth_Pair,:), Number_of_Observation );  
% Kth_Pair = 2 ; 
% [DOP2,DOA2] = DOP_DOA_Gen( Rx_Locations , Tx_Locations, Sensor_Postisions(1) ,Tx_Freq(1), 
Target_Parameters(Kth_Pair,:), Number_of_Observation );  
% Kth_Pair = 3 ; 
% [DOP3,DOA3] = DOP_DOA_Gen( Rx_Locations , Tx_Locations, Sensor_Postisions(1) ,Tx_Freq(1), 
Target_Parameters(Kth_Pair,:), Number_of_Observation );  
% Kth_Pair = 4 ; 
% [DOP4,DOA4] = DOP_DOA_Gen( Rx_Locations , Tx_Locations, Sensor_Postisions(1) ,Tx_Freq(1), 
Target_Parameters(Kth_Pair,:), Number_of_Observation );  
% Kth_Pair = 5 ; 
% [DOP5,DOA5] = DOP_DOA_Gen( Rx_Locations , Tx_Locations, Sensor_Postisions(1) ,Tx_Freq(1), 
Target_Parameters(Kth_Pair,:), Number_of_Observation );  
% Kth_Pair = 6 ; 
% [DOP6,DOA6] = DOP_DOA_Gen( Rx_Locations , Tx_Locations, Sensor_Postisions(1) ,Tx_Freq(1), 
Target_Parameters(Kth_Pair,:), Number_of_Observation );  
  
Kth_Pair = 1 ; 
[DOP1,DOA1] = DOP_DOA_Gen( Rx_Locations(Kth_Pair,:) , Tx_Locations(Kth_Pair,:), 
Sensor_Postisions(Kth_Pair) ,Tx_Freq(1), Target_Parameters, Number_of_Observation );  
Kth_Pair = 2 ; 
[DOP2,DOA2] = DOP_DOA_Gen( Rx_Locations(Kth_Pair,:) , Tx_Locations(Kth_Pair,:), 
Sensor_Postisions(Kth_Pair) ,Tx_Freq(1), Target_Parameters, Number_of_Observation );  
Kth_Pair = 3 ; 
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[DOP3,DOA3] = DOP_DOA_Gen( Rx_Locations(Kth_Pair,:) , Tx_Locations(Kth_Pair,:), 
Sensor_Postisions(Kth_Pair) ,Tx_Freq(1), Target_Parameters, Number_of_Observation );  
Kth_Pair = 4 ; 
[DOP4,DOA4] = DOP_DOA_Gen( Rx_Locations(Kth_Pair,:) , Tx_Locations(Kth_Pair,:), 
Sensor_Postisions(Kth_Pair) ,Tx_Freq(1), Target_Parameters, Number_of_Observation );  
Kth_Pair = 5 ; 
[DOP5,DOA5] = DOP_DOA_Gen( Rx_Locations(Kth_Pair,:) , Tx_Locations(Kth_Pair,:), 
Sensor_Postisions(Kth_Pair) ,Tx_Freq(1), Target_Parameters, Number_of_Observation );  
Kth_Pair = 6 ; 
[DOP6,DOA6] = DOP_DOA_Gen( Rx_Locations(Kth_Pair,:) , Tx_Locations(Kth_Pair,:), 
Sensor_Postisions(Kth_Pair) ,Tx_Freq(1), Target_Parameters, Number_of_Observation );  
  
Target_Para_DOA_DOP_T = [ True_Trajectory_Mat ,  DOP1', DOP2', DOP3', DOP4' , DOP5', DOP6']; 
TTMM = [ TTMM ; Target_Para_DOA_DOP_T ]; 
  
End 
 
Target_Para_DOA_DOP=TTMM; 
save('Target_6S_WL18M_Round_30000.mat', 'Target_Para_DOA_DOP'); 

 
% Training 
clear all; 
format long; 
load Target_6S_WL18M_Round_30000.mat; 
  
% ========  Netlab Set up network parameters ================== 
% x = Target_Para_DOA_DOP(20000:end-300 ,  3:10); 
% t = 50*Target_Para_DOA_DOP(20000:end-300 ,  1:4); 
% ndata =length(t); 
% nin = 8 ;             % Number of inputs. 
% nhidden = 850;            % Number of hidden units. 
% nout = 4;             % Number of outputs. 
% alpha = 0.6;          % Coefficient of weight-decay prior.  
%  
% net = mlp(nin, nhidden, nout, 'linear', alpha); 
%  
% options = zeros(1,18); 
% options(1) = 1;           % This provides display of error values. 
% options(14) = 12000;      % Number of training cycles.  
%  
% [net, options] = netopt(net, options, x, t, 'scg'); 
%  
% net_w1 = net.w1; 
% net_w2 = net.w2; 
% net_b1 = net.b1; 
% net_b2 = net.b2; 
%  
% save('Net_Info_Target_6S_WL18M_Round2.mat', 'net_w1', 'net_b1', 'net_w2', 'net_b2'); 
%=============================================================== 
  
x = Target_Para_DOA_DOP(1:end-3000 ,  3:10)'; 
t = Target_Para_DOA_DOP(1:end-3000 ,  1:2)'; 
  



 131

x_v = Target_Para_DOA_DOP(end-3001:end-1500 ,  3:10)'; 
t_v = Target_Para_DOA_DOP(end-3001:end-1500 ,  1:2)'; 
  
x_test = Target_Para_DOA_DOP(end-1501:end ,  3:10)'; 
t_test = Target_Para_DOA_DOP(end-1501:end ,  1:2)'; 
  
%================ MLP Matlab ======== GD Training ============== 
net = newff( [min(x')' , max(x')'] ,[500  2],{'tansig' 'purelin'}, 'trainscg' ); 
%net = newelm( [min(x')' , max(x')'] ,[50 50 50 2],{'tansig' 'tansig' 'tansig' 'purelin'} ); 
%Training Function: trainlm, trainbfg, trainrp, traingd, trainscg 
  
net.trainParam.epochs = 500; 
net.trainParam.goal = 0; 
  
VV.P = x_v; 
VV.T = t_v; 
TV.P = x_test; 
TV.T = t_test; 
[net,tr]=train(net,x,t,[],[],VV,TV); 
  
plot(tr.epoch,tr.perf,tr.epoch,tr.vperf,tr.epoch,tr.tperf) 
legend('Training','Validation','Test',1); 
  
%===================  RBF  =========================== 
% [net,tr] = newrb(x,t,0.3,0.8,3000,100); 
% plot(tr.epoch, tr.perf); 
  
%[net] = newgrnn(x,t,2.8); 
%================  Training  ========================== 
x_origin = Target_Para_DOA_DOP(1:end-3000,3:10)'; 
Estim_Training = sim(net, x_origin)'  ; 
True_Training= Target_Para_DOA_DOP(1:end-3000,1:2); 
[mm,nn] = size(True_Training); 
  
Error_Mat_P = (Estim_Training(:,1) - True_Training(:,1)).^2 + (Estim_Training(:,2) - 
True_Training(:,2)).^2  ; 
%Error_Mat_V = (Estim_Training(:,3) - True_Training(:,3)).^2  + (Estim_Training(:,4) - 
True_Training(:,4)).^2 ; 
  
Error_Train_P =  sqrt(sum(Error_Mat_P)/mm) 
%Error_Train_V =  sqrt(sum(Error_Mat_V)/mm) 
%============== Validation ============================ 
plotvals = Target_Para_DOA_DOP(end-1501:end,3:10)'; 
Estim_Val = sim(net, plotvals)'  ; 
True_Val = Target_Para_DOA_DOP(end-1501:end,1:2); 
[mmm,nnn]=size(True_Val); 
  
Error_VMat_P = (Estim_Val(:,1) - True_Val(:,1)).^2 + (Estim_Val(:,2) - True_Val(:,2)).^2 ; 
%Error_VMat_V = (Estim_Val(:,3) - True_Val(:,3)).^2 + (Estim_Val(:,4) - True_Val(:,4)).^2 ; 
  
Error_Val_P =  sqrt(sum(Error_VMat_P)/mmm) 
%Error_Val_V =  sqrt(sum(Error_VMat_V)/mmm) 
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% Function for DOP Generation  
function [DOP,DOA] = DOP_DOA_Gen( Rx_Locations, Tx_Locations, Sensor_Postisions, Tx_Freq, 
Target_Parameters,Number_of_Observation);  
 
format long; 
Estimated_Target_Para = zeros(1,4);   % [ x0 , y0 , vx. vy ] 
C = 3E8 ; 
 
Delta_T = 0.1 ;  % Observation Period Second 
%Number_of_Observation = 11 ;  % Points 
VAR_Observation = 0.00 ; 
 
[Num_Tx,tt] = size(Tx_Locations); 
[Num_Target,tt] =size(Target_Parameters); 
DOA=[]; 
DOP=[]; 
 
 
    for k_Tg=1:Num_Target; 
 
    Freq = Tx_Freq ;    
    Lamda = 3E8 / Freq ;  
    True_Target_Para = Target_Parameters(k_Tg,:);  
    Location_of_Tx = Tx_Locations; 
    Location_of_S1 = Rx_Locations ;     
 
    True_Trajectory_Mat = True_Target_Para(1:2); 
 
    for k=1:Number_of_Observation-1 
    New_Position = True_Trajectory_Mat(k,:) + Delta_T*True_Target_Para(3:4); 
    True_Trajectory_Mat = [True_Trajectory_Mat ; New_Position ]; 
    end 
     
    Observation_1 = True_Trajectory_Mat ; 
     
    if Sensor_Postisions == 1  
            Observation_T(:,1) = (Observation_1(:,1) - Rx_Locations(1)); 
            Observation_T(:,2) = (Observation_1(:,2) - Rx_Locations(2)); 
             
    else if Sensor_Postisions == 2 
            Observation_T(:,1) =  -(Observation_1(:,2) - Rx_Locations(2)); 
            Observation_T(:,2) =  (Observation_1(:,1) - Rx_Locations(1)); 
             
    else if Sensor_Postisions == 3 
            Observation_T(:,1) = -(Observation_1(:,1) - Rx_Locations(1)); 
            Observation_T(:,2) = -(Observation_1(:,2) - Rx_Locations(2)); 
             
        else    
            Observation_T(:,1) =  (Observation_1(:,2) - Rx_Locations(2)); 
            Observation_T(:,2) = -(Observation_1(:,1) - Rx_Locations(1)); 
              
    end 
    end 
    end 
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    Bearing_Observed_1 =  360/pi/2*[ acos(  (Observation_T(:,1)) ./ abs(  (Observation_T(:,1)) + 
j*Observation_T(:,2)   )   ) ] ; 
 
%=============  Doppler Observation from Sensor 1 =============== 
 
    Position_1 = Observation_1; 
 
    Position_R_1 = Position_1 - [ Location_of_S1(1)*ones(Number_of_Observation,1) , 
Location_of_S1(2)*ones(Number_of_Observation,1) ] ; 
    Position_T_1 = Position_1 - [ Location_of_Tx(1)*ones(Number_of_Observation,1) , 
Location_of_Tx(2)*ones(Number_of_Observation,1) ] ; 
    
    Direction_Pos_Mat_Rx_1 = Position_R_1 ./ [ sqrt( Position_R_1(:,1).^2 + Position_R_1(:,2).^2 )   , 
sqrt( Position_R_1(:,1).^2 + Position_R_1(:,2).^2 )    ]     ; 
    Direction_Pos_Mat_Tx_1 = Position_T_1 ./ [ sqrt( Position_T_1(:,1).^2 + Position_T_1(:,2).^2 )   , 
sqrt( Position_T_1(:,1).^2 + Position_T_1(:,2).^2 )    ]     ; 
 
    Derection_Vel_Mat_1 = True_Target_Para(3:4) / sqrt( True_Target_Para(3)^2 + 
True_Target_Para(4)^2 ) ; 
 
    Doppler_Observed_Pre_1 = (Direction_Pos_Mat_Rx_1(:,1) * Derection_Vel_Mat_1(:,1))  + 
(Direction_Pos_Mat_Rx_1(:,2) * Derection_Vel_Mat_1(:,2)) + (Direction_Pos_Mat_Tx_1(:,1) * 
Derection_Vel_Mat_1(:,1))  + (Direction_Pos_Mat_Tx_1(:,2) * Derection_Vel_Mat_1(:,2)) ; 
    Doppler_Observed_1 = -Freq/C * Doppler_Observed_Pre_1*( sqrt( True_Target_Para(3)^2 + 
True_Target_Para(4)^2  ) ) ; 
 
   DOA_Temp = Bearing_Observed_1; 
   DOP_Temp = Doppler_Observed_1; 
   DOA( k_Tg,:) = DOA_Temp; 
   DOP( k_Tg,:) = DOP_Temp; 
    
    
end 
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Appendix B 

 

% Traning Data Generation Example 
Number_targets = 1 ; 
     
for k=1:1000 
  
    DOA1 = 45*2*(rand()-0.5) ; 
     
    Tgt_DOA = [ DOA1 ] ; 
    Tgt_amp = 21.4*rand(1,Number_targets) + 10;     
    Tgt_phase = 360*rand(1,Number_targets) ;      
    E = beam_20(Number_targets,Tgt_DOA,Tgt_amp,Tgt_phase, Number_elements) ; 
    Mat_Temp = [ abs(E), Tgt_DOA ]  ; 
    Nor = norm(abs(E)) ; 
    Mat_Temp(1:20) = Mat_Temp(1:20)/Nor ;  
    Train_Mat = [ Train_Mat ; Mat_Temp ] ; 
        
end 
  
save('DOA_Train_Tgt1.mat', 'Train_Mat') ; 

 
function E = beam_20(Number_targets,Tgt_DOA,Tgt_amp,Tgt_phase,Number_elements) 
  
%%%%%%%%%%%%%%%%%% 
% SPECIFICATIONS 
%%%%%%%%%%%%%%%%%% 
  
% E = complex value of the different lobes 
% Number_targets= Number of targets 
% Tgt_DOA= Positions of the target in degrees 
% Tgt_amp = Magnitude of the targets in volts 
% Tgt_phase = Phase of the targets in degrees 
  
%%%%%%%%%%%%%%%%%%%% 
% ANTENNA PARAMETERS 
%%%%%%%%%%%%%%%%%%%% 
 
Number_elements=4; % Number of elements in the array 
  
fc=2.4e9; % Carrier Frequency(Hz) 
c=3e8; % Speed of light (m) 
lambda=c/fc; % Wavelegth (m) 
ko=(2*pi)/lambda; %Wavelength (m) 
  
d=0.56*lambda; % Inter-element spacing (m) 
beamwidth=50/(Number_elements*0.56); % beamwidth (degrees) 
  
 
%    SIMULATION OF TARGET STRENGTH AT THE ANTENNA 
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Number_lobes=20; 
  
theta_deg=linspace(-45,45,Number_lobes); % Angle in degrees 
%theta_deg=linspace(-90,90,Number_lobes); % Angle in degrees 
theta_rad=theta_deg*pi/180; % Angle in radians 
theta_length=length(theta_deg); % Number of angleaes 
  
Tgt_strength=Tgt_amp.*exp(j*Tgt_phase*pi/180); % Complex value for the target strength 
  
% Strength of the signal due to the multiple targers on each element 
  
A=zeros(1,Number_elements); 
sin_phy=ko*d*sin(Tgt_DOA*pi/180); 
  
for n=1:Number_elements 
    delay=Tgt_strength.*exp(j*(n-1)*sin_phy); 
    A(:,n)=sum(delay,2); 
end 
  
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
%        BEAMFORMING ALGORITHM 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
  
E=zeros(1,theta_length); 
delay=ko*d*sin(theta_rad); 
  
beamformer=zeros(Number_elements,theta_length); 
n=0:(Number_elements-1);n=n'; 
beamformer=exp(-j*n*delay); 
E=A*beamformer; 
% E=abs(E); 
  
% plot(theta_deg,E(1,:)) 

 
%=======  Number of Target Esitmation  ============== 
clear all ; 
format long ; 
  
load DOA_Train_Tgt1.mat; 
x1 = Train_Mat(1:900 , 1:20 ) ; 
t1 = ones(900,1) ; 
x_v1 = Train_Mat(901:950 , 1:20 ) ; 
t_v1 = ones(50,1) ; 
x_test1 = Train_Mat(951:1000 , 1:20 ) ; 
t_test1 = ones(50,1) ; 
  
load DOA_Train_Tgt2.mat; 
x2 = Train_Mat(1:900 , 1:20 ) ; 
t2 = 2*ones(900,1) ; 
x_v2 = Train_Mat(901 :950 , 1:20 ); 
t_v2 = 2*ones(50,1) ; 
x_test2 = Train_Mat(951:1000 , 1:20 ); 
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t_test2 = 2*ones(50,1) ; 
  
x = [ x1 ; x2]'; 
x_v = [x_v1 ;x_v2]'; 
x_test=[x_test1 ; x_test2]'; 
  
t = [ t1 ; t2]'; 
t_v = [t_v1 ; t_v2]'; 
t_test=[t_test1 ; t_test2]'; 
  
net = newff( [min(x')' , max(x')'] ,[ 80  1 ],{'tansig' 'purelin'}, 'trainscg' ); 
  
net.trainParam.epochs = 500; 
net.trainParam.goal = 0; 
  
VV.P = x_v; 
VV.T = t_v; 
TV.P = x_test; 
TV.T = t_test; 
%[net,tr]=train(net,x,t,[],[],[],TV); 
[net,tr]=train(net,x,t); 
  
% plot(tr.epoch,tr.perf,tr.epoch,tr.vperf,tr.epoch,tr.tperf) 
% legend('Training','Validation','Test',1); 
 
Estim_Training_T = sim(net,x); 
Error_ANN_T = sum(sum(abs(t-Estim_Training_T)))/length(x)/1 
  
Estim_Training = sim(net,x_v); 
Error_ANN_V = sum(sum(abs(t_v-Estim_Training)))/length(x_v)/1 
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Appendix C 

 
%============= DOA Estimation for two target case ==== 
% ============ Training data Generation ============== 
  
clear all ; 
format long ; 
  
Total_T_Error=[]; 
Total_V_Error=[]; 
  
for Number_elements= 3:8 
Train_Mat = []; 
  
Number_targets = 2 ; 
     
for k=1:2000 
  
    DOA1 = 45*2*(rand()-0.5) ; 
    DOA2 = 45*2*(rand()-0.5) ; 
    Tgt_DOA = [ sort([DOA1  DOA2]) ] ; 
    Tgt_amp = 21.4*rand(1,Number_targets) + 10;     
    Tgt_phase = 360*rand(1,Number_targets) ;     
  
    E = beam_20(Number_targets,Tgt_DOA,Tgt_amp,Tgt_phase, Number_elements) ; 
    Mat_Temp = [ abs(E), Tgt_DOA ]  ; 
    Nor = norm(abs(E)) ; 
    Mat_Temp(1:20) = Mat_Temp(1:20)/Nor ;  
    Train_Mat = [ Train_Mat ; Mat_Temp ] ; 
        
end 
  
save('DOA_Train_Tgt2.mat', 'Train_Mat') ; 
  
 
% ================= Training  ===================== 
  
load DOA_Train_Tgt2.mat; 
  
x = Train_Mat(1:1800 , 1:20 )' ; 
t = Train_Mat(1:1800 , 21:22)' ; 
  
x_v = Train_Mat(1801:1900 , 1:20 )'; 
t_v = Train_Mat(1801:1900 , 21:22)'; 
  
x_test = Train_Mat(1901:end , 1:20 )'; 
t_test = Train_Mat(1901:end , 21:22)'; 
 
net = newff( [min(x')' , max(x')'] ,[ 90  2 ],{'tansig' 'purelin'}, 'trainscg' ); 
  
net.trainParam.epochs = 500; 
net.trainParam.goal = 0; 
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VV.P = x_v; 
VV.T = t_v; 
TV.P = x_test; 
TV.T = t_test; 
%[net,tr]=train(net,x,t,[],[],[],TV); 
[net,tr]=train(net,x,t); 
  
%plot(tr.epoch,tr.perf,tr.epoch,tr.vperf,tr.epoch,tr.tperf) 
%legend('Training','Validation','Test',1); 
 
Estim_Training_T = sim(net,x); 
Error_ANN_T = sum(sum(abs(t-Estim_Training_T)))/length(x)/2 
  
Estim_Training = sim(net,x_v); 
Error_ANN_V = sum(sum(abs(t_v-Estim_Training)))/length(x_v)/2 
  
Total_T_Error = [Total_T_Error Error_ANN_T]; 
Total_V_Error = [Total_V_Error Error_ANN_V]; 
  
end 
  
save('T_error_trg2_1.mat' , 'Total_T_Error'); 
save('V_error_trg2_1.mat' , 'Total_V_Error'); 
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Appendix D 

 

Found σ  and C values for the first scenario 

 σ  C 

SVM1 1.000000e-005 50 

SVM2 1.000000e-004 50 

SVM3 1.000000e-005 5.000000e-001 

SVM4 1.000000e-005 5.000000e-004 

SVM5 1.000000e-005 50 

SVM6 1.000000e-005 5.000000e-004 

 

Found σ  and C values for the second scenario 

 σ  C 

SVM1 1.000000e-003 50 

SVM2 1.000000e-005 50 

SVM3 1.000000e-002 50 

SVM4 1.000000e-004 50 

SVM5 1.000000e-004 50 

SVM6 1.000000e-005 50 
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