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ABSTRACT 
Due to the non-contact and non-invasive features of radar sensor, researches on 

using radar sensors for human activity detection and monitoring have been carried out 

for decades. Different types of radar were used on varies applications. Study results 

showed the capability of using radar sensors for different applications from security 

applications, smart home, to senior care.  

On the other hand, radar micro-Doppler and range-Doppler signatures are two 

popular tools in human activity classifications. Both of the signatures are widely 

employed in activity recognition studies.  

In this dissertation, radar sensors for three different human activity detection 

and monitoring applications have been studied. The first one is using multi-radar 

system for directional identification. A method for identifying the direction of a 

certain activity using radar micro-Doppler signature was proposed. The results showed 

the capability of using multi-radar system for obtaining directional information. The 

second research work is using radar sensor for respiration monitoring. In this topic, 

experiments on monitoring infants’ respiration were carried out. A dummy baby and a 

respiration simulation system were used to simulate the respiration under different 

scenarios. An automatic DC correction algorithm was proposed to realize movement-

immune respiration monitoring. The third study is on using radar sensor for detecting 

a potential active shooter with concealed rifle/shotgun. In this study, both micro-

Doppler and range-Doppler signatures were used. To test the radar’s detection 

capability, seven other activities similar to a person walking with a concealed rifle 
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were studied. The classification results demonstrated the feasibility of using radar 

sensor to help identifying a potential active shooter with a concealed rifle/shotgun.    

Further more, in order to achieve low-power, low-cost and small size features 

of radar sensors, a K-band on-chip radar sensor design is introduced in this 

dissertation. The radar sensor chip was designed in Global Foundry (GF) 180 nm 

process and adopted direct conversion radar architecture. DC coupled structure was 

employed and baseband DC tuning circuits was designed to tune the DC level to a 

proper range. Experiments were carried out using the fabricated radar sensor to sense a 

periodic signature generated by an actuator.  
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CHAPTER I 

 INTRODUCTION 

1.1 Background 
Using radio wave for detecting the velocity or range of the targets can trace 

back to late 19th century [1]. The term RADAR representing RAdio Detection And 

Ranging was first invented by US military during World War II [1]. Radar was heavily 

studied and used for military purpose before and during World War II for detecting 

targets in air, sea, and ground.  

In recent decades, radar was gradually employed for civilian uses. It has been 

working as a power tool for weather forecasting. Law enforcement uses radar for 

detecting the speed of moving vehicles. Radar is also a useful device for detecting 

alive creatures under ground after disasters such as earthquakes.        

Nowadays, radar sensors are seen everywhere in our daily life: vehicles 

equipped with radar sensors could detect other moving objects on the blind spots; 

doors with mounted radar sensors could realize automatic opening and closing; sleep 

monitoring products utilize radar sensors for achieving continuous monitoring without 

any interference with the users; houses with radar sensors could realize remote tuning 

illumination level or turning the HVAC (heating, ventilation, and air conditioning) on 

or off. 

On the other hand, human activity classification using radar sensors is a very 

hot research topic in recent years. Radar signatures such as micro-Doppler and range-

Doppler are very useful tools for human activity classifications and researchers found 
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special features from those signatures for activity recognitions. Thus, most of human 

activity classifications are based on radar signatures analysis. The analyses of these 

radar signatures have been used for gait analysis, hand gesture analysis, and activity 

analysis. These analyses and activity classifications could be used for a lot of different 

applications such as target classification, security applications, smart home, gaming 

system, and senior care.  

There are other tools for human activity classification such as video cameras, 

passive infrared [2][3], ultrasonic, and lasers. Radar sensor has its own special 

properties compared to other tools [4].  

Compared to video cameras, radar sensor protects user’s privacy by not taking 

any image of the user. Radar sensor has minimum requirement of the environment and 

works fine even under rough weather conditions such as heavy rain, and strong snow. 

Radar sensor does not require the test subject presenting within line-of-sight and could 

penetrate materials such us cloths and walls to detect concealed or hidden objects. In 

addition, as the development of commercial radar for civilian uses, the cost of radar 

reduces rapidly and is cheaper than video cameras, especially for multiple sensors uses 

[4].   

Compared to passive infrared, radar sensor has better capability of detecting 

speed, better accuracy sensitivity and resolutions. Radar sensor is also featuring in 

better distance measurement and penetration capability. Further more, radar sensors is 

more adaptive to moisture, dirt and temperatures [4]. 
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Compared to ultrasonic, radar sensor has better penetration capability and 

direction capability. It is also more adaptive to the environment [4]. Compared to 

laser, radar sensor has the advantages of lower cost, better direction and penetration 

capability, and more adaptive to the environment [4].       

Thus, due to the properties of non-contact, non-invasive, good penetration 

capability, good accuracy sensitivity, low cost, and good adaption to environment, 

radar sensors have been widely employed in our daily life for activity detection and 

monitoring. 

1.2 Research background and objects 
This dissertation is related to three human activity detection and monitoring 

applications.  

The first one is directional identification. Directional information could be very 

useful for varies applications in our daily life. For example, directional information 

could be used in full-body gaming system to remotely operating the game without 

holding a controller. The most popular full-body gaming system available on market is 

the Microsoft’s Xbox Kinect. It utilizes an RGB color VGA video camera, a depth 

sensor, and a multi-array microphone [5] to detect users’ motion and create physical 

images on the screen. Among those three hardware pieces, the depth sensor is used to 

help creating 3D imagery of the environment and identifying the body movement by 

measuring the distances between different points of the user’s body to the receiver on 

the Kinect device [5]. Currently, infrared sensors are used for measuring the distances. 

As mentioned in the previous section, compared to infrared sensor, radar sensor has 
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the advantages of better distance measurement capability and penetration capability. 

Thus, radar sensors potentially could be used in gaming applications.      

Directional information is also useful for smart home applications. It can be 

adopted to precisely control the lighting and HVAC systems. Senior care could utilize 

directional information for fall detection, can-assisted walk recognition, and stroke 

detection.    

Thus, the goal of the first research work is using radar sensor to identify the 

directional information of a certain activity.  

The second application is using radar sensor for respiration monitoring. In this 

application, two different research topics are presented. The first one is using radar 

sensor for monitoring infants’ respiration. SIDS (Sudden Infant Death syndrome) 

causes thousands deaths of infants each year within the United States [6]. Respiration 

monitoring becomes critical to detect abnormal respiration behavior and prevent SIDS. 

Radar sensor is a good candidate to carry out respiration monitoring due to it is non-

contact and high accuracy properties. Under this research topic, experiments were 

conducted using a dummy baby and a respiration simulation system. The object of this 

research work is to test the feasibility of using radar sensor to monitor infant 

respiration and detect abnormal breath behaviors.  

The second topic under the same application is applying an automatic DC 

correction algorithm to the radar output to achieve movement-immune respiration 

detection. During the respiration monitoring, dc drifts due to circuit temperature 

changes and body movement will lead to inaccurate measurement. Thus, the purpose 
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of this work is to overcome the dc drift during the respiration measurement using the 

proposed automatic dc correction algorithm. 

The third application is identifying a potential active shooter with concealed 

rifle/shotgun. The active shooting incidents happen all over the world and the number 

of the incidents rise year by year. Current solutions for active shooter detection 

include acoustic gunshot identification and infrared camera gunfire flash detection. 

Although both of the methods have high accuracy for detecting gunshots and are able 

to notify securities or polices in a very short time, they only detect the gunshots after 

the weapon is drawn. Thus, a method of detecting a weapon before it is fired is much 

needed. The third application of using radar sensor for human activity detection is 

aiming to detect a concealed weapon even before the weapon is fired.  

Moreover, this dissertation introduces a K-band on-chip radar sensor design. 

The purpose for designing on-chip radar sensor is to make the device low cost, low 

power, portable, and easy to be integrated into other systems. 

 Low cost and low power are two important features that being pursued by 

modern circuit designs. Building on-chip radar sensors could reduce the cost, 

especially when it comes to large amount fabrications. On-chip design could bring 

down the power of the whole system. Further more, integrating the whole radar sensor 

into a single chip could significantly reduce the size of the system. This not only 

makes it easier to assemble a portable radar device, but also provides more possibility 

of integrating the radar sensor into other systems. For example, for security 

applications, radar sensor could be integrated into current security devices like 



Texas Tech University, Yiran Li, August 2019 
 

 
 

6 

security camera to provide a multi-layer security device and improve the security 

safeguard. The on-chip radar sensor could also be integrated into current lighting 

system to achieve remote controls.  
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CHAPTER II 

LITERATURE REVIEWS 

2.1 Literature reviews on human activity detection and monitoring 
applications using radar sensors 

Since radar sensors have became more and more popular for civilian uses in 

recent decade, researches on human activity classifications using radar sensors have 

been wildly investigated. Varieties of studies have been carried out for different 

applications. On the other hand, radar signatures such as micro-Doppler and range-

Doppler for human activity classification have drawn a lot of attention lately. Those 

signatures provide useful information regarding to the movements of different parts of 

the object and the range information of the measuring target. The analyses of these 

signatures are widely used for human activity classifications. Section 2.1 will go over 

some of the research works that utilized radar sensors on different human activity 

classification applications. Most of those works are based on radar signatures analyses. 

2.2.1 Security applications 
Radar sensor is a great candidate for security applications due to its non-

contact properties. It could detect a target without the target noticing. Target 

classification is a popular research topic for security. The purpose of target 

classification is to differentiate the wanted subjects from other objects. [7] proposes 

using joint time-frequency analysis for ground moving target classification. Eight 

different classes of moving targets include human walking, truck moving, human 

running were studied. In [8], the authors used radar sensor to differentiate flying drone 

from other flying objects. Based on micro-Doppler signatures, [8] and [9] are able to 
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identify the type of the flying drone. [10] works on using micro-Doppler radar for 

differentiating human from animal and man-made objects. In [12], the authors used 

micro-Doppler to recognize different human activities such as normal walking, power 

walking, jogging and running. They also proposed using micro-Doppler to 

differentiate human being walking from horse walking, lawn mower tractor moving 

and man riding bicycle. Most of the works utilized micro-Doppler signatures and 

special features were extracted from the signature for classification.  

Other than target classification, radar sensor and radar signature analyses have 

been used for other security purpose. Gait analysis performed in [23] to identify 

genders for security purpose. The authors extracted motion characteristics (swinging 

foot, knee, arm, torso and fixed foot) from micro-Doppler signatures. The 

measurement results showed that it is feasible to used radar sensor for gender 

classification for security applications.  [16] uses micro-Doppler signature analysis for 

armed/unarmed personnel classification. A metallic pole was used to represent a rifle. 

Three activities include walking with hands in pockets, walking normally, and walking 

while carrying a metallic pole representing a rifle were used for the classification. Five 

features were extracted from the micro-Doppler signatures and two different 

classifiers were adopted. The classification accuracy achieved 95%. 

2.2.2 Smart home 
Radar sensors could be used in smart home applications to remotely access and 

control electronic appliances. For example, radar sensors could be adopted by the 

lighting system to achieve remotely turning the lights on/off and tuning the 
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illumination. The radar sensor will detect the presence of people to turn on the lights. 

The lights will be turned off when people leave the room. This not only improves the 

convenience of our daily life, but also saves energy by switching off the lights on time 

and tuning the illumination to a proper level. Similar to lighting system, radar sensor 

can also be applied to HVAC system for remotely control.  

Another area of smart home is using radar sensor for human activity detection 

and monitoring. Radar sensor could be used to detect the activities of the user for 

health monitoring in a house. For example, radar sensor detects all the activities 

include sitting, standing, doing exercise, and sleeping. All the collected information 

could provide an estimate pattern of user’s daily life. A guide for a healthier life style 

could be provided base on the obtained information.  

[43] uses Doppler radar to capture human body movements, recognize 

respiration and physical activities for e-Health applications. It mentions capturing 

those activities and information could be used to understand the life patterns and 

individuals for medical purposes such as forecast and prevent chronic diseases. In this 

study, in order to monitor respiration, a fine gained micro-Doppler extraction 

algorithm for tiny chest movement detection is proposed. Activity recognition is 

another function of the proposed system in this work. Six different activities include 

walking, running, jumping, standing, sitting, and turning are studied based on the 

micro-Doppler signature for each activity. Those basic human motions are valuable 

for healthcare applications.  
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An in-home system for activity recognition based on micro-Doppler signature 

is proposed in [33]. Six activities were studied in this work. Among those activities, 

two of them are activities consisting of a series of single activity such as picking up 

from the ground then standing up, and lying on a mattress first then gets out of it. The 

classification results showed significant promise for healthcare related applications.  

Another hot topic of activity classification is hand gesture recognition. Hand 

gestures could be used for tuning electronic appliances and operating gaming system. 

[30] proposes using radar sensor and micro-Doppler signatures to identify four 

different hand gestures: hand rotation, calling, snapping fingers, and flipping finger. 

Sparse signal processing technique is used to extract micro-Doppler feature and the 

experiment results shows recognition accuracy exceeds 90%. 

[32] uses radar sensor to detect three different hand gestures: beckoning, swipe 

, and  wave. Deep convolution neural network is adopted for recognition and 99% 

classification accuracy is achieved.   

2.2.3 Senior care 
Senior care aims to provide elder people with a comfort living environment 

without worries and anxiety. Monitor the daily life of elder people and provide the 

help they need in time is very important. Radar sensor could work as a non-contact 

device to provide a vital sign detection and other activities monitoring.  

Fall detection using radar sensor is a popular research topic lately. [38] uses 

principle component analysis (PCA) and time sequence decimation to extract features 

from micro-Doppler signatures. Hidden Markov model (HMM) based classification 
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algorithm is developed to recognize fall from the measurement data. [41] utilizes 

multisensor (a radar sensor, a RGB-D Kinect, and a tri-axial accelerometer) for human 

activities classification and fall detection. [74] [75] and [76] study combining multiple 

domain analysis for fall detection. Integrated slow-time range-Doppler map [74] and 

range-map [74] [75] [76] are utilized in the research. The classification results from 

[74] [75] and [76] show the classification rate can be improved by combining 

information from multiple domains.    

2.2 Literature reviews on CMOS for radar sensor designs  
The very first idea of circuit integration using transistors could trace back to 

1949 [45]. The feature size of the transistors has been reduced exponentially [46] 

during the past few decades. As of 2019, commercial production of 5nm node has 

became available from Samsung and TSMC and both of the companies announced 

their plan for commercial production of 3nm semiconductor node in 2021. Cutoff 

frequency of a transistor is a critical measurement for using transistor in RF (radio 

frequency) circuits. Due to the relationship between the transistor gate length and its 

cutoff frequency, smaller gate length makes devices operating in higher frequencies 

[46]. Metal-oxide-semiconductor field-effect-transistor (MOSFET) devices have been 

widely investigated and used in integrated circuit designs. Complementary metal-

oxide-semiconductor (CMOS), as the mainstream device of MOSFET, was invented 

in 1964 [46]. CMOS has become the most popular semiconductor device since then 

[46].  Other than CMOS, different types of MOSFET such as double-gate MOSFET 

(DGMOSFET), double metal double gate MOSFET (DMDGMOSFET), triple metal 
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double gate MOSFET (TMDGMOSFET) have been invented for different design 

purpose. Moreover, other transistors such as fin field-effect transistor (FinFET) have 

been designed for faster switching speed and lower power consumption.  

However, CMOS devices have very steady performance. They are easy and 

cheap to be fabricated, especially at large scale productions. Thus, CMOS devices and 

technology are still the dominant in radar-frequency integrated circuit (RFIC) designs.  

Transceiver designs in different processes for different frequency bands are 

reported. [47] designs a 2.4/5-GHz fully-integrated transceiver in 65nm CMOS 

technology for WLAN 802. 11a/b/g/n applications.  A fully CMOS RF transceiver for 

wireless sensor networks in sub-GHz ISM band is designed using 180nm CMOS 

technology in [48]. [49] designs a 60-GHz CMOS transceiver in 90nm process with 

amplitude/phase imbalance cancellation technique. In this design, direct conversion 

transceiver architecture is adopted and an amplitude/phase imbalance cancellation 

technique is proposed.  

On-chip transceivers for human activity detection and monitoring have also 

been designed.  [50] purposes a 24-GHz CMOS transceiver design in 130nm process 

for indoor localization applications. The measured results showed a cm-range 

accuracy in distance measurement. [51] reports AN FMCW radar transceiver chip for 

object positioning and human limb motion detection. The transceiver chip is designed 

in 65nm process and has a 2-GHz bandwidth at 15 GHz.  [52] designs a 5.8-GHz 

receiver chip in 130nm for vital sign detection and the measured results showed 

promising receiver performances. 
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CHAPTER III 

HUMAN ACTIVITY DETECTION AND MONITORING USING 
RADAR SENSORS 

3.1 Directional identification based on radar micro-Doppler 
signatures 

3.1.1 Introduction 
As mentioned in section 1.2, directional identification provides very useful to a 

wide range of applications from gaming systems, smart home to senior care. In this 

study, the feasibility of using a multi-radar system to detect the direction of certain 

activity is explored. Section 3.1 is adapted from the reference [7]. 

 Tracking and recognizing human activities have been on a large demand in 

modern smart homes to provide real-time services for thoughtful home care. Doppler 

radar sensor is an ideal device to carry out such tasks due to its noncontact and low-

cost features [6]. Among the parameters that Doppler radar sensor can detect, micro-

Doppler signature is a very useful feature for various applications because it carriers 

plenty of user-specific information [54]-[56]. Till now, most of the existing works 

have been focused on gesture recognition or human tracking [54][56]. For human 

tracking, previous works treat human subject as a point target and find where the 

target is located. Not many works have been performed to identify which direction the 

human target is facing, although this information is very important for human behavior 

prediction in many home care applications.  

This project focuses on identifying the direction that a human target is facing, 

based on micro-Doppler signatures that can be obtained from smart continuous-wave 
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(a) 

 
                                                              (b)                                               (c) 

Fig. 3.1. (a) Simplified block diagram of one 2.4-GHz AC-coupled CW Doppler 
radar sensor (b) Fabricated iMotion radar sensor with antennas. (c) iMotion radar 
array standing with a quarter. 
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(CW) radar sensors. In order to recognize the direction, a multiple radar sensor 

network was formed by four 2.4-GHz AC-coupled CW Doppler radar sensors named 

as ‘iMotion radar’. A classification method based on micro-Doppler spectrograms was 

developed to identify the body orientations. In this work, eight directions, i.e, north, 

northeast, east, southeast, south, southwest, west, and northwest, were defined and 

recognized. To evaluate the performance of the radar system and the classification 

method, 162 tests were carried out. The experiments were performed by a human 

subject standing at the center of the multiple-radar system and repeating a specific 

movement with different body orientations. Experiment results showed a 100% 

accuracy in recognizing the body orientation.  

3.1.2 Radar hardware 

A multiple-radar system, which contains four identical 2.4-GHz ‘iMotion 
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radar’ sensors developed by the authors’ research group, was implemented in this 

work. Fig. 3.1 (a) is a simplified block diagram of the iMotion radar sensor, which has 

a 2.4-GHz AC-coupled direct-conversion architecture [55]. Fig. 3.1 (b) shows a 

fabricated radar sensor with antennas. The size of the radar sensor board is 5cm × 

5cm. Both the transmitter and receiver chains are designed and fabricated on the same 

board. As shown in the block diagram, the VCO generates a 2.4 GHz carrier signal 

and the signal is transmitted through the antenna on the Tx end. The local oscillator 

(LO) for the mixer in the receiver chain is also provided by the VCO through a balun. 

The power of the transmitter is about -3dBm, which is safe for human-related 

applications. The receiver chain includes an LNA, a band pass filter (BPF), a mixer 

and a baseband operational amplifier (OP). The output I/Q signals are digitized and 

transmitted to a laptop by a data acquisition module NI-USB6009 via an USB port. 

The sampling frequency used in this work is 500 Hz. 

The total power consumption of this radar sensor is around 130 µμW. Two 2.4-

GHz patch antennas shown in Fig. 3.1 (b) were adopted in this work. Fig. 3.1 (c) 

shows the iMotion radar array standing together with a US quarter. The four radar 

sensors in this figure are used to form the multiple-radar system. 

3.1.3 Radar micro-Doppler signature 
When the radar sensor operates under the Doppler mode, radar output signals 

BI(t) and BQ(t) are collected. Those two signals can be expressed as [62]: 

                                𝐵! 𝑡 = 𝐴! ∙ cos  (2𝜋 ∙ 𝑓! ∙ 𝑡 + ∆φ)                       (1) 
                                𝐵! 𝑡 = 𝐴! ∙ sin  (2𝜋 ∙ 𝑓! ∙ 𝑡 + ∆φ)                      (2) 
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Fig. 3.2. Process to obtain micro-Doppler signature from radar output.  
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where AI and AQ are the amplitudes of the I and Q channel, respectively, Δφ is related 

to the phase shift of propagation and phase noise of the system. fD is the term 

representing Doppler frequency shift. Furthermore, due to the relationship between the 

Doppler frequency shift and actual movement velocity, the speed of the moving target 

can be calculated as: 

𝑣!"#$%&   =
!×!!
!×!!

                            (3) 

where fT is the radar carrier frequency, and c is the speed of light.  

  Micro-Doppler signature is created by applying Short-Time Fourier 

Transform (STFT) to radar output. Fig. 3.2 shows the process of obtaining micro-

Doppler signature from the radar output. The sampled radar output is a series of 

voltage readings that form a one-dimensional array along time. As shown in Fig. 3.2, 

to perform STFT, the radar output is divided into short segments with equal length. 

Fast Fourier Transform (FFT) is taken for each segment and the Doppler shift due to 

the movement of the target is revealed for each short period. Usually, STFT result is 
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Fig. 3.3. Multiple-radar system for body orientation probing without any tag attached to 
the human target. 

derived by combining each FFT result and showing the spectra changes over time. The 

bottom plot in Fig. 3.2 is an example of micro-Doppler signature obtained from the 

radar output.   

Micro-Doppler signature provides useful velocity information related to 

different parts of a human body. For example, the bottom part of Fig. 3.2 shows the 

micro-Doppler signature for a human subject walking toward the radar sensor. The y-

axis of this plot is the velocity converted from Doppler frequency shift based on (3). 

As labeled in the figure, the high power density area in region 1 represents arms 

swinging toward the radar sensor. Region 2 represents the torso moving toward the 

radar. Region 3 with a negative velocity corresponds to the moment when arms swing 

away from the radar. 

3.1.4 Experimental setup  

Figure 3.3 shows the setup of this multiple-radar system. In this setup, four 

AC-coupled CW radar sensors (Radar I, Radar II, Radar III and Radar IV) were placed 

at four sides of a room and formed a 1.5m × 1.5m area. The height of this multiple-



Texas Tech University, Yiran Li, August 2019 
 

 
 

18 

 

 
Fig. 3.4. A micro-Doppler spectrogram obtained by radar sensor when the human 
subject lifted the left arm toward the radar and moved the arm back. 
 

BW

A

B

radar system is 1m above the ground. The horizontal plane was divided into eight 

directions. Each direction is 45-degree separated with its neighbors. The eight 

directions were defined as N, W, S, E, NW, SW, SE and NE, as labeled in Fig. 3.3.  

3.1.5 Body orientation detection 

The micro-Doppler signatures detected by the four radars were used for body 

orientation recognition. The micro-Doppler signature was generated by applying 

Short-Time Fourier Transform (STFT) to the I/Q radar baseband output signals. An 

example of a micro-Doppler spectrogram is shown in Fig. 3.4. This spectrogram was 

gained when the human subject lifted the left arm toward the radar and took the arm 

back. The positive frequency shift, marked as A on the spectrogram, was caused by 

lifting arm toward the radar while the negative frequency shift, marked as B on the 

spectrogram, was created by taking the arm back which means the arm was moving 

away from the radar.  

The spectrogram contains very useful information related to the movement. In 

this work, the bandwidth of the spectrogram is picked as one feature, which can be 



Texas Tech University, Yiran Li, August 2019 
 

 
 

19 

used to determine the body orientation. The bandwidth of the spectrogram is defined 

as the difference between the largest positive frequency shift and the largest negative 

frequency shift on the spectrogram. For example, Fig. 3.4 shows the bandwidth 

(labeled as BW) of the micro-Doppler signal when the human subject lifted her left 

arm toward one radar sensor then took the arm back. In this way, for each test, four 

radars in the multiple-radar system will capture four different micro-Doppler 

signatures.  The difference between the four spectrograms will be calculated and used 

as another important feature to determine the body orientation.  

The flow chart of this method is shown in Fig. 3.5.  The first step is to apply 

STFT to the output I/Q signals of each radar sensor and generate corresponding 

spectrogram. In this work, a sliding window size of 1.024 second was adopted and 

Hamming window was used. Then the bandwidth of each spectrogram will be 

calculated. It should be noted that no filter was used in this work, so that all the 

physiological motion information will be preserved without any signal distortion. 

There are eight directions defined in this work and they can be divided into 

two types.  Type I includes the directions when the movement is vertical to one of the 

radars, i.e., N, W, S, and E. The other four directions – NW, NE, SW and SE, formed 

the Type II direction. 
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Fig. 3.5. Flow chart of the body orientation detection method.  
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From the spectrograms obtained in each test, when the subject performed a 

movement in a Type I direction, the spectrogram of the radar in this direction has a 

large bandwidth that is significantly larger than the bandwidths of the other three 

spectrograms. When the object performed a movement toward a Type II direction, the 

two adjacent radars that are closest to the movement direction will generate two very 

similar spectrograms.  

This phenomenon can be explained by the relationship between the Doppler 



Texas Tech University, Yiran Li, August 2019 
 

 
 

21 

frequency shift and the frequency of the transmitted carrier signal expressed in 

equation (3). The equation showed that in the multiple-radar system proposed in this 

work, the largest Doppler frequency shift happens when the movement is vertical to 

the radars. For a movement in a type II direction, the angles between the movement 

and the two adjacent radars are the same as 45 degree. Thus, the Doppler shifts of the 

two radars are the same and the generated spectrograms will be similar.  

It should be noted that, if the movement is toward a Type I direction, 

theoretically, Radar I and Radar III produce the spectrograms with the same 

bandwidth. Radar II and Radar IV produce the spectrograms with the same bandwidth. 

For the movement toward a type II direction, two of the radars’ output signals can 

generate similar spectrograms and the other two radars can also produce similar 

spectrograms. But in practice, the human body will block some signal to the radar 

which the movement is getting far away from. Thus, the difference between the 

spectrograms can be easily told and the features discussed above can be used to 

determine the direction.  

The next step is to set a bandwidth threshold to determine the type of the 

direction. In this work, the threshold is empirically set as 50 Hz. If one bandwidth is 

larger than the threshold, the movement can be decided as in a Type I direction. As 

shown in Fig. 3.5, the example for Step III (a) lists different spectrograms for Radars I, 

II, III and IV respectively. It could be clearly seen that the bandwidth for Radar I is 

higher than 50 Hz and is significantly larger than the other bandwidths. Therefore, the 

body orientation for this test is recognized as N.  
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If the bandwidths of the four spectrograms for one test are all smaller than the 

threshold, this direction is determined as a Type II direction. To find out which 

direction it is, the difference between each spectrogram will be calculated to find the 

smallest difference. As shown in the example for Step III (b) in Fig. 3.5, after 

calculation, the spectrograms of Radars II and III have the smallest difference. This 

result means the subject performed a movement toward the direction between Radars 

II and III. According to Fig. 3.3, this direction is defined as SW. Thus, the body 

orientation for this case is recognized as SW.  

In order to evaluate the multiple-radar system and the classification method, 

162 tests were carried out. To complete the experiment, a human subject stood at the 

center of this multiple-radar system and performed a specified movement several 

times in each direction. In this paper, a movement of lifting the left arm and moving 

the arm back was performed.  
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Fig. 3.6. Spectrograms captured by the four radars (I~IV) when the human subject 
performed the same movement facing the four type I directions: (a) N, (b) W, (c) S and 
(d) E. 
 

 
Fig. 3.7. Spectrograms captured by the four radars (I~IV) when the human subject 
performed the same movement facing the four type II directions: (a) NW, (b) SW, (c) 
SE and (d) NE. 
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Figure 3.6 shows the spectrograms captured by four radars when performing 

the movement toward four type I directions.  As shown in Fig. 3.6 (a), Radar I has the 

largest bandwidth so the body orientation is determined as N in this case. Radar II has 

the largest bandwidth in Fig. 3.6 (b) so the direction is W. The directions were 

recognized as S and E for Figs. 3.6 (c) and (d), because Radars III and IV captured the 

largest bandwidth for these two tests respectively.  
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Table 3.1 Summary of the Number of Tests and Results in Each Direction 

Direction N W S E 
# of 
tests 23 12 22 18 

 P* F* P F P F P F 
Result 23 0 12 0 22 0 18 0 

Direction NW SW SE NE 
# of 
tests 25 14 19 29 

 P F P F P F P F 
Result 25 0 14 0 19 0 29 0 

* P represents pass and F represents fail 

Figure 3.7 shows the spectrograms captured by four radars when performing 

the movement toward four type II directions. As shown in Fig. 7 (a), after the 

calculation, the spectrograms of Radars I and II have the smallest difference. Based on 

this difference, the body orientation was recognized as the corner between Radars I 

and II, which is defined as NW in Fig. 3.3. For Fig. 3.7 (b), Radars II and III have very 

similar spectrogram and have the smallest difference. Thus, the body orientation was 

classified as SW in this case. Figs. 3.7 (c) and (d) show the spectrograms while 

performing the same movement toward SE and NE. The classification results showed 

the two movements were toward SE and NE respectively, which means the body 

orientations for these two tests are successfully recognized. 

Table 3.1 summarizes the number of tests repeated and the corresponding body 

orientation recognition results. 162 tests were performed and all the radar outputs had 

been automatically processed by the classification method implemented in a 

MATLAB script. The result shows a 100% accuracy, which means the classification 
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method successfully recognized all the directions. 

3.1.6 Conclusion 
Section 3.1 presents a directional identification method based on micro-

Doppler signatures acquired by a multiple-radar system. Four AC-coupled CW 

Doppler radar sensors were used to form this system. 162 tests were carried out and 

the output signals were analyzed by an automatic MATLAB script. Eight directions 

were defined and used in the experiments. The experiment results give 100% accuracy 

in direction recognition, which means this is an effective way to wirelessly probe the 

direction of a certain activity for different applications such as gaming system, smart 

home, and senior cares. 

3.2 Respiration monitoring and an automatic DC correction 
algorithm  

3.2.1 Introduction 
Respiration is an important vital sign and is a very useful parameter for various 

applications in different areas, including patient monitoring, motion-adaptive cancer 

radiotherapy and earthquake rescue. In section 3.2, two different applications using 

CW Doppler radar for respiration monitoring are presents.  

The first one is using radar sensor to monitor infants’ respiration. According a 

report from Stanford Lucile Packard Children’s Hospital, “over 4,500 babies in the 

United States die of SIDS (Sudden Infant Death Syndrome) each year.” It happens 

during sleep and “the exact cause of SIDS is still unclear.” There are different types of 

baby respiration monitors on market for detecting abnormal sleeping behavior. These 
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monitors include video camera, movement monitors and breath monitor by chest belt. 

Compared to those monitors, radar sensor has the advantages of non-contact and non-

invasive. If radar sensors are being used for monitoring infants’ respiration, it is not 

only alarm the parents when there are abnormal breath behavior, but also provide the 

baby a comfortable sleeping environment by not attaching anything on their bodies. 

Thus, the first part of the section 3.2 presents a few experiments using radar sensor to 

monitoring a dummy baby with different breath conditions.         

The second application in section 3.2 is using radar sensor to monitor adults’ 

respiration with a proposed automatic DC correction algorithm. This work is adapted 

from reference [57]. Doppler radar is an advanced device to carry out the respiration 

measurement due to its non-contact and non-invasive properties [58][59]. However, 

several factors may cause dc drift during the experiments. Generally, there are two 

types of dc drift: (a) subtle dc level changes due to the temperature change of the radar 

circuit and slow small body movements; (b) significant dc drift caused by large body 

motions such as shaking head or moving arms. Both of them will affect experiment 

results especially for a long period of test. Therefore, it will lead to inaccurate 

respiration measurements. In some cases, the respiration even couldn’t be measured 

due to large movements during the experiments.  

In order to overcome the dc drift issues and get accurate respiration 

measurement, a dc-correction algorithm was developed in this work. This algorithm 

can solve the two types of dc drift issues and recover the desired respiration signal. A 

dc-coupled CW Doppler radar system with dc offset tuning architecture was employed 
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to carry out experiments. Different movements during respiration measurement were 

sensed by the radar system. The radar output was processed by the dc-correction 

algorithm, which makes it possible to identify respiration signal from the spectrogram 

even when there were body movements that would otherwise overwhelm the 

respiration signal. 

3.2.2 Infant respiration monitoring using continuous-wave Doppler 
radar 

Experiments were conducted on a dummy baby with an infant simulation and 

monitoring system at Texas Tech University Health Science Center (TTUHSC) 

SimLife Center. This simulation and monitoring system could simulate the dummy 

baby breathing at different respiration rate. It also provides different respiration 

simulation cases such as rising up or dropping down the respiration rate to a certain 

value in a certain amount of time. This feature is helpful for us to simulate some 

situations when the baby has abnormal breath. 

 
Fig. 3.8. Experiment setup with a dummy baby. 
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3.2.2.1 Experiment setup 
The experiment setup is shown in Fig. 3.8. iMotion sensor was mounted at the 

edge of the crib. There is nothing attached to baby’s body.  

3.2.2.2 Experment and results 
Four different cases were simulated by the simulation and monitor system: 

In case I, the baby had a respiration rate at 40 times/min during sleep. This 

simulation is used to test if iMotion is able to detect an accurate respiration rate. 

In Case II, the baby had a respiration rate at 40 times/min at the beginning. 

And then, the rate gradually dropped to 0 in 40 seconds. The rate was keeping at 0 for 

about 20 seconds before it gradually went back to 40 times/min. This case is used to 

see if the iMotion could catch the respiration change in time when the baby 

experiences some difficulty to breath. 

In Case III the respiration rate was set to 40 times/min at the beginning and 

then gradually raised up to 80 times/min. The rate dropped back to 40 times/min at the 

end. This case is used to test if iMotion has the capability to catch the respiration rate 

change in time when the rate increased to an abnormal value.      

In Case IV, other people entered the room and did some random move while 

the baby was sleeping with a respiration rate at 40 times/min. This case is simulated to 

see if the sensor is still able to provide an accurate rate even other people presents in 

the room.  
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Fig. 3.9. Experimental result for case I.  

RR* = 40 times/m

The experimental results are obtained by apply Short Time Fourier Transform 

(STFT) to the sensor’s output. The results demonstrated that the iMotion sensor is able 

to sense the accurate respiration rate in every case described and it could be used to 

notify the parents when something abnormal happens.  

Figure 3.9 shows the experimental result for case I. The spectrogram in Fig. 15 

shows the real time respiration rate. The red line with the strongest signal strength 

represents the respiration rate. The x axis represents time and y axis represents the 

respiration rate (RR). The positive rates on y aixs correspond exhale (baby’s chest 

moving toward the sensor and the negative rate means inhale (baby’s chest receding 

from the sensor). A respiration rate of 40 times/m (labeled in the figure) can be read 

out from the spectrogram and it is the exact rate we set for the dummy baby. This 

result shows the capability of the iMotion for sensing the baby’s real time respiration 

rate. 
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Fig. 3.10. Experimental result for case II. 

 
Fig. 3.11. Experimental result for case III.  

 
 

RR = 40 times/m RR = 0

RR	  starts	  decreasing

RR = 40 times/m

RR = 80 
times/m

RR	  starts	  increasing

 Fig. 3.10 depicts the experimental result for case II. As shown in the 

spectrogram, the respiration rate was 40 times/m at the beginning. The respiration rate 

was 40 times/m at the beginning. The respiration rate started to decrease from 40s 

(labeled in the ellipse shape) and finally dropped to 0 in about 40s. From 80s to 100s, 

there is no respiration signal shown on the spectrogram, which means the dummy 

baby stopped breathing during this 20s. This case is simulated to mimic the situations 

when the baby experiences some difficulty to breath. In the real baby monitor 

application, the sensor will notify the parents when the respiration starts to decrease 
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Fig. 3.12. Experimental result for case IV.  

RR = 40 times/m

People 
random 
move

RR = 40 times/m

and dropped below a limit. This could be sued for preventing the baby from 

completely no breath. 

Fig. 3.11 shows the test result for case III. The respiration rate shows on the 

spectrogram is 40 times/m at the beginning. Then the rate starts increasing at around 

40s (labeled in the ellipse shape) and reaches 80 times/m at 80s. This case mimics an 

abnormal breath case when the baby breathes faster than normal. The parents would 

get notified once the respiration rate starts to increase and reaches a limit.  

Fig. 3.12 shows the experiment result of case IV. In this case, people are 

entering the room and moving around the crib. Fig. 3.12 (a) is the overall spectrogram 

includes baby’s respiration and people’s movement. As labeled in the figure, the two 

strongest signals represent the respiration rate and the signals with weaker strength 

shows people’s random move. Fig. 3.12 (b) is a zoomed in plot of Fig. 3.12 (a) at 

interested range in order to read out the respiration rate. The respiration rate at 40 

times/m could be clearly told from the plot. This result demonstrates that the iMotion 

sensor is able to provide an accurate respiration rate even there are other people 

present in the room. In the real case, those other people and the random move could be 
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Fig. 3.13. Simplified block diagram of the DC-coupled CW radar system with dc 
offset tuning architecture. 
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parents go into the room and check on their baby. Those actions would not interfere 

the sensor. 

3.2.3 Movement-immune respiration monitoring using automatic DC 
correction algorithm 

3.2.3.1 Radar hardware 

Figure 3.13 shows the simplified block diagram of the dc-coupled CW Doppler 

radar used in this work to carry out the experiments. This radar system consists of two 

boards: the RF board and the baseband board. The transmitter and receiver are 

fabricated on the RF board. The baseband board was designed to tune the dc offset of 

the down-converted signals to extend the dynamic range and avoid saturation of the 

operational amplifiers on the RF board. 
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Fig. 3.14. Experimental setup.  

3.2.3.2 Experiment setup  

The experiment setup is shown in Fig. 3.14. The radar sensor was placed on a 

table and a human subject was asked to sit still on a chair facing the radar. The 

distance between the human subject and radar was about 1 meter. The test subject was 

asked to perform different activity while keeps his normal breath during the 

experiment. 

 

 

 

 

 

 

 

 
 



Texas Tech University, Yiran Li, August 2019 
 

 
 

34 

 
Fig. 3.15. Flow chart and an illustration of the dc-correction algorithm. 
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3.2.3.3 Automatic DC correction algorithm 

Figure 3.15 shows the flow chart and an illustration of this dc-correction 

algorithm. This algorithm can be summarized as five steps. The first step is to divide 

the whole data into several segments. If the frequency of human respiration is around 

0.25Hz, then a person completes one inhalation and one exhalation within 4 seconds. 

Thus, 4 seconds was chosen as the length of each segment in this work. Step II 

subtracts the mean value from the original data within each segment. Let x(i,j), (i = 

1,2,…,n; j = 1,2,…,m) represents the jth data of segment i, where n is the total number 

of segments and m is the total number of the data in each segment. Thus the new jth 

data of segment i after step II is x(i,j) – 𝑥(𝑖)  , (i = 1,2,….n; j = 1,2,…,m). After this 

step, the dc offset can be eliminated for the segments with subtle dc drifts caused by 
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temperature change of radar circuit or slow small movements of human body. As 

shown in Fig. 3.15 (b), the dc offset becomes zero for segment A. But segment B and 

C still have dc offset. This is because significant dc drifts occur within them due to 

relatively large sudden body motions. In this case, the mean value of each segment 

couldn't represent the dc offset anymore. 

In order to find out the segment(s) with significant dc drift, the relative 

strength of the data in each segment will be calculated as: 

     (4) 

The X(i) for the segment with significant dc drift will be larger than X(i) for the 

segment without large dc drift. A threshold is set to compare with X(i). If X(i) is larger 

than the threshold, segment i is determined to contain large dc shift and will be picked 

up for further processing. The threshold is empirically set as 16 in this work. As 

shown in Fig. 3.15 (c), the segment B and C were picked up. In step IV, data within 

the segments picked up from step III will be compared one by one. The dc drift may 

occur at the data points that have large differences from their neighbors. The points 

will be found and the original 4-second segment will be divided into sub-segment(s) 

by those points. As shown in Fig. 3.15 (c), B1 and B2 are two sub-segments for 

segment B; C1 and C2 are two sub-segments for segment C. The mean value will be 

subtracted for each sub-segment. As shown in Fig. 3.15 (d), the dc offset of segment B 

and C becomes zero after applying step IV. The last step is to form a new series of 

data from the segments. Fig. 3.15 (e) shows the final result of applying this algorithm 

to the original data. The new data reserved all the useful information of the original 

1
( ) ( , ) ( ) , ( 1,2,...n; 1,2, ,m)

m

j
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Fig. 3.16. Spectrograms of a radar-detected human respiration before applying dc-
correction algorithm (a) and after applying dc-correction algorithm (b). 

 

( )b( )a

data. In the mean time, there is no dc drift anymore and the dc offset for the whole 

data was eliminated to zero. 

3.2.3.4 Movement-immune respiration monitoring 

Figure 3.16 (a) shows the experiment result of sensing a regular human 

respiration without applying the dc-correction algorithm. The power density is very 

strong around zero frequency due to the dc offset. In this case, it is very difficult to tell 

the respiration from the spectrogram. Fig. 3.16 (b) shows the experiment results of 

sensing a human’s regular respiration. After applying the dc-correction algorithm, the 

respiration frequency at around 0.25 Hz can be easily read out from the spectrogram. 
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Fig. 3.17. Output I/Q signals before using dc-corection algorithm  (a) and after using 
dc-correction algorithm (b). 
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Figure 3.17 shows the output I/Q signals for an experiment sensing a regular 

human breath with a left hand movement at around 25 second during the experiment. 

Fig. 3.17 (a) demonstrates that dc level of I/Q signal was changed by the hand 

movement. As shown in the picture, the dc level is drawn by the gray dot line. There is 

a spike in the blue signal and the dc level shifted up a little in the green circle around 

25 second of the experiment due to the hand movement. Fig. 3.17 (b) shows the I/Q 

signals after applying the dc-correction algorithm. The dc offsets of the I/Q signals, 

represented by the gray dotted line, were corrected to zero and there is no dc drift 

presenting in the signals. The new I/Q signal reserved the information of the original 

signals successful.  

Experiments of sensing different motions during respiration measurement were 

also carried out in this work. Three different motions were tested during the 

experiments: (a) regular breath without any other movement; (b) lifting the left arm up 

and down 90 degrees for 30 second at a certain speed while breathing normally; (c) 
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Fig. 3.18. I/Q signals and the corresponding spectrograms for different motion types: 
(a) respiration only after applying the dc-correction algorithm, (b) respiration with 
arm moving after applying the dc-correction algorithm, (c) respiration with moving 
head after applying the dc-proposed algorithm, and (d) respiration with moving head 
when no dc-correction algorithm was used. 

 

head 
move

arm 
move

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

moving head 90 degrees to the left and then back for 30 seconds at a certain speed 

while breathing normally. The experiments were carried out when a person was lying 

on bed and the radar system was placed 30 cm above his feet.   

These three different motions were sensed by the dc-coupled CW radar system 

and the output I/Q signals were processed by the dc-correction algorithm. The I/Q 

signals and the corresponding spectrograms are shown in Fig. 3.18. It can be seen that 

after applying the dc-correction algorithm, the dc drift was successfully eliminated. 

This allows us to tell the real motions of the human body from the spectrograms. As 

shown in the spectrogram of Fig. 3.18 (a), the respiration frequency is around 0.25 Hz. 

The movement of arm and human respiration are shown in the spectrogram of Fig. 

3.18 (b). The spectrogram of Fig. 3.18 (c) shows the head kept moving at a frequency 

around 0.5 Hz for 30 second. The human respiration at 0.25 Hz also can be observed 

from this spectrogram. It should be noted that without the proposed dc-correction 

algorithm, the spectrogram will have strong peaks crossing the dc, and it would be 
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impossible to observe the respiration signal when the head and arm are moving. For 

example, Fig. 3.18 (d) presents the result when no dc-correction algorithm was applied 

to process the same detected data of Fig. 3.18 (c).  It is shown that without the 

proposed dc-correction algorithm, respiration signal could not be clearly identified in 

the existence of body motion. 

3.2.3.5 Conclusion 
In this application, an automatic dc-correction algorithm was developed to 

address the dc drift issue during human respiration measurements. This algorithm can 

be used to eliminate the dc offset so that the respirations and other movements can be 

observed from the spectrograms. An CW Doppler radar with dc offset tuning 

architecture was used in experiments, which demonstrate that this algorithm can 

reserve useful information of human respiration while removing dc drifts. This makes 

the measurement results more accurate. Experiments with different large motions 

during respiration measurements show that this algorithm provides reliable respiration 

measurements even if there exist large body movements during the experiments.  

3.3 Potential active shooter detection based on radar micro-Doppler 
and range-Doppler analysis using artificial neural network 

3.3.1 Introduction 
Active shooter is defined as “an individual actively engaged in killing or 

attempting to kill people in a confined and populated area” [60]. They are 

unpredictable and “no pattern or method to their selection of victims” [60]. As 

mentioned in section 1.2, the number of active shooting incidents gradually increased 
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in recent years all over the world. According to a report from the Federal Bureau of 

Investigation (FBI) [61], during 2014-2015, among the active shooting incidents 

happened in the United States, 40% of incidents had shotguns or rifles involved and 

caused 57% of the total killed casualties. Although current weapon detection method 

can have high accuracy for detecting gunshots, they do not prevent shooting incidents 

from happening. This work investigates the capability of using radar sensor to help 

identifying a potential active shooter with a concealed rifle or shotgun even before the 

weapon is drawn.  

Radar micro-Doppler and range-Doppler signatures are used and they provide 

special features to identify a potential active shooter. Further more, in order to test the 

recognition capability of the purposed identification method, seven other activities in 

the same scenario were studied. Special features are extracted from radar signatures 

for different activities. Artificial neural network was adopted for activity recognition. 

The capability of the proposed identification method under different movement angles 

and noise levels are also discussed in this dissertation. This section is adapted from 

reference [62] and [63].  
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Fig. 3.19. Flow chart of the proposed potential active shooter detection method. 
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3.3.2 Proposed potential  active shooter detection method 
 

Figure 3.19 shows the flow chart of the proposed method for potential active 

shooter detection. As shown in the flow chart, a hybrid-mode FMCW-Doppler radar 

sensor is adopted. Micro-Doppler signature is obtained by applying STFT to the radar 

output when the radar works under Doppler mode while range-Doppler signature is 

obtained by applying 2-D FFT to the radar output when the radar works under FMCW 

mode. After creating those radar signatures, feature extraction is performed.  A step 

recognition process is needed before extracting features from micro-Doppler signature. 

Activity is classified based on the extracted features. The output is an activity 

recognized by the proposed system. 
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Fig. 3.20. Block diagram of the 5.8-GHz hybrid-mode radar sensor. 
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3.3.3 Radar hardware 
A custom-designed 5.8-GHz hybrid-mode FMCW-Doppler radar sensor is 

used in this project. The radar is designed and introduced in [83].  

Figure 3.20 shows the block diagram of the radar sensor. A micro-controller is 

used to realize the switching between two modes. In Fig. 3.20, the solid line shows the 

signal path of Doppler mode while the dashed line indicates the signal path of FMCW 

mode. 

When the radar works under the Doppler mode, the transmitter side includes a 

free-running voltage controlled oscillator (VCO). This VCO generates a 5.8-GHz 

transmit signal and drives the mixer in the receiver chain. The receiver contains a low-

noise amplifier (LNA), a gain block, a mixer and a baseband amplifier. Two 

capacitors (CDI and CDQ) are used to realize ac-coupling and block dc component of 

the I/Q signal. The I and Q signals are collected under this mode. The sawtooth and 

reference generator in the block diagram is bypassed under Doppler mode.   

When the radar works under the FMCW mode, the sawtooth and reference 

generator is enabled and produce a “sawtooth” voltage to control the VCO. In order to 
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achieve coherent detection, the beat signal and the synchronization signal, which is 

locked to the “sawtooth” voltage signal, are collected and sampled simultaneously.  

The radar sensor has a center frequency of 5.8 GHz. The transmit power of the 

radar sensor is 8 dBm. The bandwidth of the transmit signal is 320 MHz and the 

frequency of the sawtooth ramp is 82 Hz when the radar sensor works under FMCW 

mode. This corresponds to a range resolution of 0.47 m and chirp repetition rate of 82 

Hz. All the radar outputs are sampled by the audio card on computer. It should be 

noted that the audio card of on the computer cuts all information at low frequency and 

only process signal above 20 Hz. This is because the common range of human hearing 

is from 20 Hz to 20000 Hz. Fortunately, the frequency range of interest in this work is 

within the audio card process range. 

3.3.4 Radar range-Doppler signature 
Range-Doppler contains range and velocity information of a moving target 

[62]. It is derived from the beat signal BB(t) output from radar sensor when the radar 

works in the FMCW mode. The beat signal received from a stationary target can be 

expressed as [80] [81]: 

  𝐵! 𝑡 =   𝑆!"(𝑡) ∗ 𝑆!"(𝑡) = 𝐴! ∙ 𝑒𝑥𝑝  (𝑗 ∙ 2𝜋 ∙ 𝑓! ∙ 𝑡)           (5) 
where BB(t) is the beat signal output from the radar configured in FMCW mode, STx(t) 

is the radar transmitted signal and SRx(t) is the received signal. Complex amplitude Ab 

contains all the phase information. The fR is the frequency difference between the 

received signal and a local copy of the transmitted signal and is linearly proportional 
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Fig. 3.21. Process to obtain range-Doppler signature from radar output. 

to the target range R. Thus, the range information can be derived by applying FFT to 

the beat signal in (5). 

When using FMCW radar to detect a moving target, the frequency of the 

received signal not only contains a frequency shift related to range information, but 

also has a frequency component corresponding to the Doppler shift. The beat signal in 

this case can be expressed as [80]: 

        𝐵! 𝑡, 𝑡! = 𝐴! ∙ 𝑒𝑥𝑝  (𝑗 ∙ 2𝜋 ∙ 𝑓! ∙ 𝑡 + 2𝜋 ∙ 𝑓! ∙ 𝑡! )            (6) 
 

where fD is the term related to the target’s velocity and can be obtained by applying 

another FFT of the beat signal. Thus, by applying 2-D FFT to the beat signal described 

in (6), both range and velocity information of a moving target can be revealed.                                                                                         

Figure 3.21 depicts the process of obtaining a range-Doppler image from the 

beat signal [80]. As shown in the top plot in Fig. 3.21, the sampled beat signal BB(t, ti) 
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is arranged as a two-dimensional array. Each column of the array is the sampled time-

domain beat signal corresponding to one FMCW radar frequency ramp. In this array, 

the column-wise axis is related to the FMCW radar chirp repetition time and usually 

referred as “slow-time” while the row-wise axis is related to the sampling rate of beat 

signal and referred as “fast-time”. Both the “slow-time” and “fast-time” directions are 

labeled in the top plot of Fig. 3.21.  

As shown in the middle plot of Fig. 3.21, the range profile is revealed by 

taking FFT along the “fast-time” direction. Then, another FFT is taken along the 

“slow-time” direction to obtain the velocity information. The 2-D FFT operation result 

in a range-Doppler graph for the given time duration as shown at the bottom of Fig. 3. 

Similar to the micro-Doppler plot, the range-Doppler plot is a 2-D intensity image. 

The moving target forms a high energy echo on the range-Doppler plot. A few echoes 

produced by the moving target are labeled on the image at the bottom of Fig. 3.21. 

Both the range and velocity information of the moving target are simultaneously 

revealed. 
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3.3.4 Experimental setup 
 
 

The experiment setup is shown in Fig. 3.22. The tests were conducted outside 

and the radar sensor was fixed on a tripod at 1 meter above ground. A battery pack 

was mounted on the tripod to provide power to the radar system. A human subject was 

asked to start from point A in Fig. 3.22 and walk straight toward the radar. The start 

point A was seven meters away from the sensor. This movement had an angle of 0° to 

the radar antenna’s main lobe. In this study, thirteen human subjects (ten males and 

three females) were used. Each human subject was asked to repeat every activity for 

four times. Furthermore, in order to test the recognition capability of the proposed 

method under different movement angles, two other start points (B and C) were 

adopted and the movements from those two points were 15° and 35° to the radar, 

respectively. Three human subjects were asked to perform each activity for 4 times 

starting from those two points. 

 
Fig. 3.22. Experiment setup. 
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Fig. 3.23. An example of micro-Doppler (a) and range-Doppler (b) signatures obtained 
when a test subject walks naturally toward the radar sensor. 
 
 

Experiments were conducted to demonstrate the feasibility of using micro-

Doppler and range-Doppler signatures to identify a person walking with a concealed 

rifle/shotgun. In order to test the proposed method’s capability to differentiate similar 

activities, eight activities were performed by human subjects. Those activities include: 

(a) walking with a concealed rifle under trench coat, (b) walking without holding 

anything, (c) walking with a cane for the blind, (d) walking with a gym bag, (e) 

walking with a laptop, (f) walking with a walker, (g) moving in a wheelchair, and (h) 

walking with a rolling suitcase. To make the experiments close to real case, activities 

selected in this study were chosen based on the author’s observation from locations 

that the proposed technology could be applied to. Those locations include the 

entrances of a school, an airport, and a hospital. 

Figure 3.23 shows an example of micro-Doppler (a) and range-Doppler (b) 

signatures obtained by the radar sensor working under different modes. A human 

subject was asked to walk toward the sensor without holding anything in this example. 

As mentioned in section II, micro-Doppler signatures are created by applying STFT to 

the radar output. In this work, a sliding window size of 1.024 second is used and the 

Hamming window is adopted. The velocity information regarding different body parts 
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can be revealed on micro-Doppler signature. In Fig. 3.23 (a), the subject walked eight 

steps toward the sensor, with one of the steps labeled in the figure. For each step, 

besides the torso movement, large positive and negative frequency shifts are generated 

by natural arm swings. The velocity can be derived from frequency shift based on (3). 

The velocity is labeled on the y-axis in Fig. 3.23 (a) and the negative sign means the 

part of the target receded from the radar.  

Fig. 3.23 (b) is an example of a range-Doppler signature obtained at the 

moment when a human subject walked toward the radar without holding anything. The 

range and velocity information can be read from the signature. Comparing the range-

Doppler signature with the micro-Doppler signature in Fig. 3.23 (a), the torso and 

limbs movement can be identified on the range-Doppler graph. For example, in the 

micro-Doppler signature, the torso movement has an average speed around 2 m/s. 

Thus, the human signature at around 2 m/s in range-Doppler signature corresponds to 

the torso movement of the subject. In addition, the range-Doppler provides the 

absolute distance between the radar sensor and the moving object, which is helpful for 

locating a potential shooter. It should be noticed that only positive Doppler frequency 

shift is plotted on this range-Doppler graph. This is because the human subject was 

always asked to walk toward the radar and the high intensity torso radar echo always 

shows up with positive Doppler frequency shift.  
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Fig. 3.24. Micro-Doppler signature of a human subject walks naturally toward the 
radar sensor (a) before and (b) after noise removal. 
 In order to effectively process radar signatures, a noise removal algorithm is 

applied after obtaining the micro-Doppler signature. Fig. 3.24 shows an example of 

micro-Doppler signatures before (a) and after (b) noise removal when a human subject 

walked toward radar sensor without holding anything. Fig. 3.24 (a) is the original 

micro-Doppler derived from the radar output. A power density threshold is set and any 

value below the threshold is set to a very small value (-60 in this work). Fig. 2.24 (b) 

is the micro-Doppler after noise removal. The information of the human subject 

movement is well preserved while the noise at undesired frequency is filtered out. It 

should be noted that the main sources of the noise in the experiments is small 

vibrations from the testing environment (e.g. radar device vibration due to the wind). 

In the real applications, the device will be firmly mounted at an indoor area or the area 

connecting indoor and outdoor. Thus, the noise from the environment would be less 

severe than that in the experiments. 

Figure 3.25 shows the experiment results. Each sub-figure corresponds to one 

type of activities. In each sub-figure, a picture with a human subject presenting the 

activity is shown on the left. On the right, the micro-Doppler signature after noise 

removal is shown on top and two range-Doppler signatures obtained at two different 
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Fig. 3.25. Micro-Doppler and range-Doppler for different activities: (a) walking with 
a concealed rifle, (b) walking with natural arm swings, (c) walking with a cane for a 
blind person, (d) walking while holding a gym bag, (e) walking while carrying a 
laptop, (f) walking with a walker, (g) moving in a wheelchair, and (h) walking with a 
rolling suitcase. 

 

moments (T1 and T2 as marked in the spectrogram) are placed on the bottom.   
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By studying and comparing the micro-Doppler and range-Doppler images 

obtained from each test, some special features were discovered and could be used to 

identify a potential shooter. The analysis for each case is discussed below [63]: 

1) Walking with a concealed rifle under trench coat 

As shown in the micro-Doppler signature of Fig. 3.25 (a), the person walked 

nine steps toward the radar. The power density of signal due to torso movement is 

high. However, since the rifle is usually long and heavy and the subject tried to hide it 

close to his/her body, the arm movement was very limited [63].  

Thus, there is no large frequency shift for limbs shown on the signature. 

However, the metal parts on the gun, especially the tip of the gun (i.e., the muzzle) 

that traveled with the longest distance in each step, creates strong reflection and led to 

a high power density on the signature [63]. The move of the muzzle for one step is 

labeled in the figure. 

The two range-Doppler signatures in Fig. 3.25 (a) reveal the range information 

of the moving subject at moments T1 and T2. In each frame, the high density radar 

echo area at around 2 m/s corresponds to the torso movement. The radar echo around 

1 m/s in the first frame and the echo around 2.5 m/s in the second frame represent the 

movement of the muzzle on the rifle. 

2) Walking without holding anything 

The micro-Doppler signature shown in Fig. 3.25 (b) for this case is very 

different from the signature of walking with a concealed rifle. As shown in the micro-

Doppler signature, arm swings produce large positive and negative frequency shifts 
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during free walk. This is the most significant feature to distinguish if the test subject is 

holding any objects, especially heavy things, during walking [63]. Another 

observation based on the micro-Doppler signature is that the frequency shifts caused 

by limb motion are symmetric on different direction if arms swing naturally. This 

could serve as another feature to differentiate walking without holding anything versus 

other activities.  

The echoes with highest power density on range-Doppler signatures 

correspond to torso moves while the weaker echoes correspond to limb moves. 

3) Walking with a cane for the blind 

In this experiment, subjects mimicked blind people walking toward the radar 

sensor with a cane. The corresponding experiment result is shown in Fig. 3.25 (c). In 

this experiment, arm swings were limited due to the use of the cane for direction 

guidance. The highest frequency shifts on the micro-Doppler signature are produced 

by tapping the metal tip of the cane on the ground. Base on the observation, micro-

Doppler signature for this case is very similar to the signature for walking with a 

concealed rifle in case (a), except that the moving speed is lower. Thus, only using 

micro-Doppler analysis is not sufficient for detecting a potential active shooter under 

this situation.  

It should be noted that, although the whole cane is made by the same metal 

material, the tip has the strongest reflection on the micro-Doppler signature. This is 

because other part of the cane only reflected a small portion of the transmitted signal 

due the angles between different parts of the cane and antenna.  
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Fortunately, the range-Doppler signature provides useful information for 

reliable classification in this case. First, since a blind person tends to walk slowly, the 

radar echoes have a very low speed as shown in Fig. 3.25 (c). Furthermore, even if a 

blind person walks fast or a potential shooter intentionally walks slowly, the range-

Doppler echoes are still significantly different, as the echoes in Fig. 3.25 (c) occupies 

much longer range than other cases. This is because the cane always reaches out from 

the walking person to probe the ground ahead. And the radar sensor detects the 

walking person and the cane as a whole moving target with a much longer range [63]. 

On the other hand, a person with a concealed weapon usually occupies a shorter range 

on range-Doppler signature. 

4) Walking with a gym bag 

The experiment result for this case is shown in Fig. 3.25 (d). In this case, some 

of the arm swings were limited due to the weight of the gym bag. However, since the 

subject did not try to keep the gym bag as close as possible to his/her body, there were 

still some arm swings during the walk. Thus, the micro-Doppler signature of this case 

is similar to the signature of subject walking without holding anything. Although the 

frequency shifts caused by arm swing in this case is smaller, the difference between 

walking with a gym bag and walking with a concealed rifle could be easily identified 

on the micro-Doppler signatures, as there is no gap between frequency shifts similar to 

that shown on the micro-Doppler signature of Fig. 3.25 (a) for the rifle’s muzzle.  

On the other hand, the radar echoes representing the walking person are shown 

on the range-Doppler frames. They present useful range information to localize the 
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walking person. 

5) Walking with a laptop 

In this experiment, the subjects were asked to carry a laptop under his/her arm 

when he/she walked toward the radar. The purpose of this experiment is to see if the 

radar is able to differentiate rifle from other large metal objects. A laptop was chosen 

for this experiment since it is one of the most popular objects carried in our daily life 

and it has metal parts. The experiment results for this case are shown in Fig. 3.25 (e). 

The micro-Doppler for this case is similar to the micro-Doppler signature for walking 

with a gym bag case. This is because the arm swing patterns are similar. Thus, the 

difference between walking with a laptop and walking with a concealed rifle also 

could be easily identified on the micro-Doppler signatures.  

Similar to other cases, the radar echoes representing the walking person on the 

range-Doppler frames provide useful range information to localize the walking person. 

6) Walking with a walker 

The subjects were asked to walk with a walker in this experiment. Fig. 3.25 (f) 

shows the experiment results for this case. As shown in the micro-Doppler signature, 

there is not much negative frequency shift. This is because the metal walker was 

always moving forward. The strong reflection from the metal structure dominates the 

signal and produces high power density on the positive Doppler frequency shift side. 

Thus, the micro-Doppler signature for this case shows a significant difference from the 

walking with a concealed rifle case.  

In the meanwhile, the range-Doppler signatures are able to track the location of 
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the moving person in real time. 

7) Moving in a wheelchair 

The subjects were asked to move toward the radar in a wheelchair and the 

experiment results are shown in Fig. 3.25 (g). The micro-Doppler signature for this 

case is similar to the case of walking with a walker. Most of the high power density 

signals appear on the positive Doppler frequency shift side. The reason is also similar 

to the last case: the metal structure of the wheelchair moved forward and dominated 

the signal. A few negative frequency shifts are produced with weaker signal strength 

due to hand movement of the person in the wheelchair.   

The location of the moving target is shown on the range-Doppler images in Fig. 

3.25 (g). 

8) Walking with a rolling suitcase 

In this experiment, the subjects were asked to walk toward the radar with a 

rolling suitcase. The result is shown in Fig. 3.25 (h). The metal structure of the 

suitcase has higher reflection than other moving objects. Thus, the micro-Doppler 

signature produced in this case has strong signal strength on the positive frequency 

shifts side. This result is similar to those of experiments 6) and 7).  

Similarly, the range-Doppler images contain location information of the 

moving target. 

 

 

 

 



Texas Tech University, Yiran Li, August 2019 
 

 
 

56 

 
Fig. 3.26. Examples of step recognition when (a) a human subject walks toward radar 
sensor without holding anything and (b) a human subject walks toward radar sensor 
with a concealed rifle.  
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3.3.5 Feature extraction and activity classification 

3.3.5.1 Feature extracted from micro-Doppler signature  

Since every single step is treated as one sample during classification process, 

counting step numbers and recognizing each step from each micro-Doppler signature 

is necessary. In order to do this, every micro-Doppler signature is processed as a 2-

dimensional array and the element of this array is the power density value on the 

signature. Fig. 3.26 shows two examples of determining the number of steps and 

recognizing each step in a micro-Doppler signature. In Fig. 3.26 (a), the figure on the 

left is a micro-Doppler after noise removal when a human subject walks toward the 

radar sensor without holding anything. A sum operation of the power density value is 

applied on velocity direction (y-axis) on the signature and the result is plotted as the 

middle figure of Fig. 3.26 (a). By doing this, the shape of each step is identified. Then, 

the local minima are found and processed as the boundaries of different steps. An FFT 

is applied to the power density sum and the peak of the FFT result corresponds to the 
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Fig. 3.27. Feature extraction from micro-Doppler signature when (a) a human subject 
walks toward radar without holding anything and (b) a human subject walks toward 
radar with a concealed rifle. 
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number of steps for that micro-Doppler. The right plot of Fig. 3.26(a) shows the FFT 

result. It can be seen that this micro-Doppler signature contains eight steps.      

Fig. 3.26 (b) is an example of the step counting and recognizing process of a 

micro-Doppler signature obtained when a human subject walks toward the radar with 

a concealed rifle. The FFT result shows this micro-Doppler contains nine steps.  

It is necessary to mention that the FFT operation is not necessary if the curve 

of power density sum is smooth (i.e. the middle plot of Fig. 3.26 (a)) and the local 

minima are easy to identify. However, sometimes, the power density curve is not that 

smooth (i.e. the middle plot of Fig. 3.26 (b)) and more than one local minima are 

identified in a small area. In those cases, the FFT operation is needed to recognize the 

boundary of each step. 

After step recognition, the micro-Doppler signature of every single step is 

treated as one sample. In order to perform feature extraction, a sum operation of power 

density is taken on the time direction (x-axis). Fig. 3.27 shows two examples of how 

features are extracted from the micro-Doppler signature of each step. In each sub-

figure, left plot shows the signature of one step and the right one shows the result of 
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the sum operation.  Fig. 3.27 (a) corresponds to a step when the human subject walks 

toward radar without holding anything and Fig. 3.27 (b) is an example when the 

human subject takes one step toward radar with a concealed rifle. Based on the 

observation and comparison made in section III, four features are extracted from each 

sample. The features are defined and calculated as follows: 

1) Frequency gap 

As mentioned in section III, when a human subject walks toward the radar 

sensor with a concealed weapon or a cane for blind, the arm movement is limited and 

the power density band related to human body movement is narrowed. At the same 

time, the muzzle of the gun or the metal tip of the cane produce high-energy signature 

with a high Doppler frequency shift. Thus, a gap is created between the signature of 

human body movement and that of muzzle/metal tip movement on the micro-Doppler 

graph. This frequency gap is labeled as FG on the power density sum plot of Fig. 3.27 

(b). Since there is no frequency gap on the signature in Fig. 3.27 (a), this feature is not 

labeled in this case. 

2) Total bandwidth 

The total bandwidth feature is labeled as TB in Fig. 3.27. It is defined as the 

difference between the largest positive frequency shift and the lowest negative 

frequency shift on micro-Doppler signature [54]. The total bandwidth contains 

information related to human subject’s movement amplitude in each step. When a 

person walks without holding anything, the natural arm swings produce a large total 
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bandwidth. When the human subject walks with a concealed rifle or a cane for blind, 

the gun’s muzzle or the cane’s metal tip also produces relatively large total bandwidth. 

On the other hand, when the person carries a gym bag or similar objects, the 

total bandwidth is relatively small due to the limited arm movement. 

3) Torso speed 

The torso speed [54] is labeled as TS in Fig. 3.27. Based on the observation of 

micro-Doppler signatures, torso movements produce the highest power density. Thus, 

the torso speed is obtained by finding the velocity corresponding to the highest power 

density point. As shown Fig. 3.27, the torso speeds for these two examples are 1.5 m/s 

and 1.4 m/s, respectively.  

A person with a cane for blind tends to walk slowly. Therefore, the value of 

this feature should be relatively small for the case of walking with a cane. However, 

sometimes, a potential active shooter may have abnormal behavior and walk slowly. 

In those cases, the feature extracted from range-Doppler signature could be the most 

effective feature to differentiate person with and without a concealed rifle. This feature 

will be introduced in part B of this section.    

4) Limb speed difference on different directions 

Since the subjects were always asked to walk toward the radar, the limb speed 

on positive Doppler frequency shift direction is calculated as the largest positive 

Doppler frequency shift minus the torso speed (TS). The limb speed on negative 

Doppler frequency shift direction is the lowest negative frequency shift. 
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Fig. 3.28. Feature extraction from range-Doppler signatures when (a) a human subject 
walks toward radar with a concealed rifle and (b) a human subject walks toward radar 
with a cane for blind person. 
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The limb speed difference on different directions is defined as the absolute difference 

between the limb speed on different directions. If a person walks with natural arm 

swings, the Doppler frequency shift caused by limb motion on both directions should 

be symmetric. This feature helps to identify if the human subject is carrying anything. 

3.3.5.2 Feature extracted from range-Doppler signature 

One feature is extracted from range-Doppler signature and is defined as echo 

aspect ratio. Fig. 3.28 shows two examples of how to extract the echo aspect ratio 

from range-Doppler signatures. In each signature, the area contains the highest power 

density will be selected as the echo corresponding to human subject’s torso. The echo 

aspect ratio is calculated as the length of the selected echo on the velocity direction (w) 

divide the length of the same echo on the range direction (l).   

As mentioned in section III, the radar sensor recognizes the person with a cane 

for blind as a single target with a long range. Thus, as labeled in Fig. 2.28 (b), the 

length of the selected echo on the velocity direction (w) is much smaller than the 

length along the range direction (l). 
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Table 3.2 Summary of Activities and Extracted Features 
Activity 

Notation 
Activity 

Description 
Feature 
Notation 

Feature 
Description 

A-1 Walking with a 
concealed rifle F-1 Frequency 

gap 

A-2 
Walking 

without holding 
anything 

F-2 Total 
bandwidth 

A-3 Walking with a 
cane for blind F-3 Torso speed 

A-4 Walking with a 
gym bag F-4 

Doppler shift 
difference 

between two 
directions 

A-5 Walking with a 
laptop F-5 Echo aspect 

ratio 

A-6 Walking with a 
walker  

 

A-7 Moving in a 
wheelchair  

 

A-8 Walking with a 
rolling suitcase  

 

Table 3.3 Typical Value of Each Feature for Different Activities 
 F-1 F-2 F-3 F-4 F-5 

A-1 0.335 0.89 1.470 1.511 0.734 
A-2 0.134 1.35 1.450 1.022 0.704 
A-3 0.420 0.72 1.020 1.411 0.102 
A-4 0.161 1.03 1.460 1.346 0.736 
A-5 0.152 1.01 1.430 1.532 0.754 
A-6 0.025 1.19 1.235 1.425 0.693 
A-7 0.054 1.10 1.335 1.442 0.682 
A-8 0.102 1.15 1.402 1.522 0.701 

Table 3.4 Number of Samples Collected from Each Subject for Each Activity 
Subject\Activity A-1 A-2 A-3 A-4 

Male  425 425 305 310 
Female  140 140 105 103 

Subject\Activity A-5 A-6 A-7 A-8 
Male  425 425 395 400 

Female  135 160 135 130 
 

 

3.3.5.3 Activity classification using artificial neural network 
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Table 3.2 summarizes the activities studied in this work and the features 

extracted from micro-Doppler and range-Doppler signatures. A typical value of each 

feature for different activities is shown in Table 3.3. Each value in this table is 

obtained by averaging five randomly selected feature values for each activity. It is 

shown that some of the feature values make certain activity distinguishable from other 

activities. For example, the walking with a concealed rifle (A-1) and walking with a 

cane for blind (A-3) have relatively larger frequency gaps (F-1) compared with the 

other two activities. Walking with a cane for blind (A-3) has a much smaller echo 

aspect ratio (F-5) than those of other activities.  

After extracting features from micro-Doppler and range-Doppler signatures, 

the artificial neural network (ANN) is adopted for activity classification. The proposed 

ANN employs a multilayer feedforward network structure with one hidden layer. The 

inputs of this ANN are five features and the outputs are eight identified activities. 

Based on the empirical rule-of-thumb, the optimal number of hidden layer neurons is 

between the size of the input layer and the size of the output layer. Thus, the number 

of neurons of the hidden layer is chosen to be five in this work. The ReLU activation 

function is used in this study. Gradient descent is adopted as the optimizer. It updates 

weight and bias value based on an adaptive learning rate. The learning rate in this 

work is set to be 0.01. Table 3.4 shows the number of samples collected from different 

human subjects for each activity. A total of 4158 samples were collected. Among 

those 4158 samples, 3085 samples were collected when the movements were parallel 

(0°) to the antenna’s main lobe. 524 samples were collected when the movements 
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Table 3.5 Confusion Matrix of Activity Classification Using ANN Based on the Extracted 
Features 

Out\Tar* A-1 A-2 A-3 A-4 A-5 A-6 A-7 A-8 
A-1 100% 6.3% 0 0 0 0 0 0 
A-2 0 93.7% 0 0 0 0 0 0 
A-3 0 0 100% 0 0 0 0 0 
A-4 0 0 0 52.1% 33.6% 0 0 0 
A-5 0 0 0 47.9% 66.4% 0 0 0 
A-6 0 0 0 0 0 32.8% 32.9% 18.5% 
A-7 0 0 0 0 0 22.4% 52.1% 33% 
A-8 0 0 0 0 0 44.8% 15% 48.5% 

*Out represents output class and Tar represents target class. 
 

 

 

 

were 15° to the radar’s main lobe, while 549 samples were collected when there was a 

35° angle between the antenna’s main lobe and the movements. 

In order to test the ANN’s classification capability, a training-validating-

testing structure is used. 70%, 15%, and 15% of the samples are used for training, 

validating, and testing, respectively. Table 3-4 shows the confusion matrix for this 

case. The classification results related to activity A-1 (walking with a concealed rifle) 

are highlighted in green in the confusion matrix. The results show that the overall 

accuracy for differentiating activity A-1 and other similar activities achieved 99.21%. 

Among those similar activities, 6.3% of the samples from A-2 (walking without 

anything) are recognized as A-1. Other than this, all the other activities are 

successfully differentiated from the case of walking with a concealed rifle regardless 

of the angle between the movements and the radar.  

It can be seen from the table that activity A-4 (walking with a gym bag) is 

confused with activity A-5 (walking with a laptop). This is because the arm swings are 

similar in these two cases and produced similar micro-Doppler and range-Doppler 

signatures. The proposed method is not able to recognize activities among A-6 
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Table 3.6 Classification Results Under Different SNR Values 
SNR (dB) -10 -20 -30 

Classification 
Result 98.7% 96.7% 86.4% 

 

(walking with a walker), A-7 (moving in a wheelchair) and A-8 (walking with a 

rolling suitcase). This is because large metal objects in those experiments result in 

similar signatures. However, the purpose of this work is to differentiate activity A-1 

(walking with concealed rifle) from other activities and this goal is achieved by the 

proposed method. 

3.3.5.4 Classification under different noise levels 

 
To evaluate the robustness of the proposed classification algorithm under 

different noise levels, white Gaussian noises with different signal-to-noise-ratios (SNR) 

are added to the original signals and the corresponding radar signatures are obtained. 

 
Fig. 3.29. Micro-Doppler signatures for the same experiment with different levels 
of additive Gaussian noise: (a) original signal, (b) -10 dB SNR, (c) -20 dB SNR 
and (d) -30 dB SNR. 
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Fig. 3.29 shows an example of the same measured micro-Doppler with different SNR 

values.   

All the samples from both micro-Doppler and range-Doppler signatures with 

different SNR values are tested by the proposed classification method. Table 3.6 

shows the classification results of identifying a subject walking with a concealed rifle 

from other tested cases under different SNR values. As shown in the table, the 

classification results achieve accuracies better than 96.7% when the SNR values are 

above -20 dB. This is because the proposed feature extraction algorithm calculates all 

the feature values based on the number of pixels. As long as the shape of the 

movement can be recognized on the signature, the calculated feature values would not 

change too much under different SNR values.   

On the other hand, the recognition result drops dramatically when the SNR 

value decreases to -30 dB. This is because the shape of the movement is getting 

difficult to be recognized when the signatures get unclear. Therefore, it is found that 

the classification result is reasonable as long as the SNR of the baseband output is 

above -20 dB.    

3.3.6 Conclusion 
This work investigated the feasibility of using portable radar for micro-

Doppler and range-Doppler identification of a potential active shooter who carries a 

concealed weapon. A custom-designed 5.8-GHz hybrid-mode FMCW-Doppler radar 

sensor was adopted in this work to carry out the experiment. Thirteen human subjects 
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were used to perform eight activities for multiple times, with different angles to the 

radar main lobe. 

Compared with optical technologies, the proposed solution can sense through 

clothing while posing less privacy concerns. To evaluate the false alarm rate, seven 

activities similar to carrying a concealed weapon were also studied. Five features were 

extracted from the micro-Doppler and range-Doppler signatures. The proposed feature 

extraction algorithm was examined under different noise levels. An ANN was trained 

to classify different activities. The classification results showed an average accuracy 

of 99.21% for differentiating a subject walking with a concealed rifle and other seven 

similar activities.  

This work focused on the specific case of detecting a person walking with a 

concealed rifle hidden under the trench coat. It should be noted that the main reason 

for this research was to show that radar sensor could provide an added layer of 

security with a low cost and minimum interference with normal indoor activities. The 

radar-based detection method investigated in this work could be integrated into current 

shooter detection systems to improve the usability, reliability, and robustness.  

3.4 Summary and discussion 
This chapter presents three different applications for human activity detection 

and monitoring using radar sensors. The first one is using multi-radar system for 

directional identification. Four CW Doppler radars were used to obtain the directional 

information of certain human activity. Experiments were carried out by asking the 

subject to perform a certain activity in the system. Micro-Doppler signatures were 
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used and special features were calculated based on the micro-Doppler for identifying 

the direction of the activity. The identification results showed that all the activity 

directions were recognized as the correct direction based on the identification method 

proposed in this work. Such direction information could be adopted into gaming 

system, smart home, and senior care applications.  

It should be noted that this work demonstrated the feasibility of using radar 

sensors for obtaining directional information. The real application scenarios could be 

much more complicated. The accuracy of directional identification depends on the 

many factors such as the position of the user in the system, the amplitude of the 

activity, the number of users present in the system at the same time.  

The second work is using radar sensor for respiration monitoring. In this 

application, two different application scenarios were studied. The first one is using 

radar sensor for monitoring respiration of infants, the second one is applying an 

automatic DC correction algorithm when monitor the respiration of adults. Experiment 

results for both of the scenarios shows the capability of using radar sensor for 

respiration monitoring. The radar sensor was able to detect the accurate respiration 

rate even when random movements present during the experiments. 

The third application is using radar sensor to help identifying a potential active 

shooter with concealed rifle or shotgun. Similar activities in the same application 

scenario were studied. Radar micro-Doppler and range-Doppler signatures were used 

to obtain special features for each activity. Artificial neural network were used for 

classification purpose. The classification results demonstrated the capability of using 
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the proposed identification method to differentiate a potential active shooter with 

concealed rifle or shotgun for other similar activities.  

It should be mentioned that there are certain limitations of using proposed 

radar sensor for potential active shooter detection. The proposed method only detects 

one person at a time. This narrows the application environments to the places only 

pass one person at a time such as the security check point at the airport and the 

entrance of a court house. The situation could be improved by adopting narrow beam 

antennas with beam forming capability. Thus, the radar sensor is able to focus on one 

person even there are multiple people present in front of the radar. Another limitation 

is the proposed detection method only works for detecting long shape guns with metal 

muzzles such as rifle and shotguns. However, such weapons caused the most killed 

casualties in active shooting incidents. The radar sensor and proposed method could be 

adopted into the current gunshot detection systems to achieve better detection 

accuracy. 
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Fig. 4.1. The block diagram of the proposed K-band transceiver.  

 
 

CHAPTER IV 

K-BAND ON-CHIP RADAR SENSOR DESIGNS 

4.1 Introduction 
Compare to system level designs, integrated circuit designs have the 

advantages of low cost, low power, small size. Further more, designing the whole 

radar sensor on a single chip makes it easier to integrate the sensor into other existing 

systems. This is critical for using radar sensor in different applications in our daily 

life.  

This chapter introduces a K-band on-chip radar sensor designs in Global 

Foundry 180 nm CMOS process. The total size of the chip is 2 mm x 2 mm and the 

supply voltage is 1.2V. Transmitter and receiver chain with baseband circuit are 

designed, fabricated and tested. Different parts of the circuit will be introduced in this 

chapter. Experiments and results will be presented. Some conclusions will be drawn at 

the end and some future works will be discussed. 

4.2 K-band on-chip radar sensor block diagram 
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A simplified block diagram of the designed K-band transceiver is shown in 

Fig. 4.1. It adopted the same direct conversion radar architecture as shown in Fig. 4.1. 

As shown in the figure, both transmitter and receiver chain are designed. On the 

transmitter side, a voltage-controlled oscillator (VCO) is designed to generate a carrier 

frequency at K-band and provide local oscillator (LO) to the mixer in receiver chain. 

On the receiver side, as typical receiver designs, a low noise amplifier (LNA) is 

designed as the first stage of the receiver chain to amplify the signal at desired 

frequency band and suppress the noise at other frequencies. A preamplifier was 

designed after the LNA to further improve the gain. Another fuction of the pre-

amplifier is to realize single-to-different conversion. Mixer is designed to down 

convert the received RF signal to baseband signal by mixing the received RF signal 

with the LO. For baseband circuit part, two variable gain amplifiers (VGA) are 

designed to amplify the down-converted baseband signal from mixer’s output. Since 

the radar sensor employs DC-coupled architecture to detect motion at very low 

frequency, clutter reflection from all the objects in the environment and TX-to-RX 

coupling may cause large unwanted DC offset and frequency-dependent distortion. 

Thus, DC tuning schemes are designed to tune the DC level of the output to a proper 

level. Different versions of the K-band on-chip radar sensor designs have two different 

DC tuning schemes. Other than the circuit blocks mentioned above, a few constant-

Gm bias circuits are designed and serve as the bias for the VCO, LNA, pre-amp and 

VGA while a bandgap circuit is designed to bias other blocks.   
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Fig. 4.2. Simplified schematic of the designed K-band transceiver in GF 180 nm 
process. 

 
 

 
 

4.3 Schematic overview of designed K-band on-chip radar sensor 

Figure 4.2 shows the simplified receiver chain schematic of design version I 

The bias circuits are not shown in the figures. As shown in the figures, a single-ended 

cascade LNA is designed to amplify the input RF signal. The pre-amplifier designed 

following the LNA was used to further amplify the RF signal. It also works as a 

single-to-differential balun. A feedback capacitor Cb1 was used to achieve the single-

to-differential conversion [52]. A source follower buffer is used to drive the mixer 

after the pre-amp. Two passive mixers were designed to down convert the RF signal 

into receiver chain. Two VGAs with DC tuning mechanism are designed to provide 

enough gain to the baseband signal and realize adaptive DC-tuning while sensing low 

frequency movement such as human’s respiration.  
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Fig. 4.3. Schematic of designed LNA. 

 

4.4 LNA designs 

LNA is very crucial for radar sensor designs since the first stage of multi-stage 

amplifier dominate the noise factor. Other than the noise factor/noise figure, other 

LNA design considerations include input impedance matching (S11), gain (S21), 

linearity (P1dB and IP3).  

Figure 4.3 shows the schematic of designed LNA. Both of the designs utilize 

single it As shown in Fig. 4.3, a basic common-source amplifier structure is adopted. 

A cascode transistor M2 is used to provide higher gain. Since there is no direct 

coupling from the output to input, the cascode structure provides better isolation to the 

circuit. Further more, it also eliminates the Miller effect and makes the circuit able to 

achieve better bandwidth.   

The typical requirement for good input impedance matching is reflecting 

coefficient S11 smaller than -10 dB at the desired frequency range. The degeneration 

inductor L2 (realized by the bond wires in this work) is used to tune out the capacitive 
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Fig. 4.4. Schematic of the designed pre-amplifier. 
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part at the gate of the input transistor M1.  The load resistor R1 and inductor L1 were 

designed to provide an enough gain at the center frequency guarantee a large 

bandwidth. 

4.5 Pre-amplifier design 

Pre-amplifier are designed after LNA to further increase the gain. Fig. 4.4 

shows the schematic of the designed pre-amplifier for on-chip radar sensor. The pre-

amplifier was designed to further increase the gain. Another important function of the 

pre-amplifier is to realize single-to-differential conversion. This conversion is 

achieved by feedback capacitor Cb1. The principle of this conversion is illustrated in 

[52]. The ac current on the left input transistor M1 side induces a feedback current 

through the feedback capacitor Cb1. This feedback current generates an ac voltage on 

the gate of M2 and lead to an ac current on the right branch of the circuit [52]. If the 

transistors’ size and the value of the feedback capacitor Cb1 can be selected properly, 
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Fig. 4.5. Schematic of the designed Mixer. 
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the ac current in the two circuit branches will be the same. A voltage follower was 

designed after the pre-amplifier to provide a better drive capability for the next stage. 

4.6 Mixer design 

Mixers were designed in both of versions and they adopt the same schematic. 

Fig. 4.5 shows the schematic of the designed mixer. Passive mixer structure is 

adopted. Compare to active mixers, passive mixer does not have DC current going 

through. This results no 1/f noise and lead to better noise figure for the whole system. 

Passvie mixer also presents better linearity compares to active mixers. However, there 

is a conversion loss exists and the loss is typically ranging from 4-6 dB. The transistor 

size needs to be large to minimize the on-resistance. Large LO is also required to drive 

the transistors on and off.  
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Fig. 4.6. Schematic of the designed VCO. 
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Fig. 4.7. Simplified schematic of the designed transmitter. 
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4.7 Transmitter design 

 
Figure 4.6 shows the simplified schematic of the voltage-controlled oscillator 

(VCO) for the transmitter. Traditional LC tank structure was used Inductors and a 

varactor form a LC-tank and the varactor is tuned by signal Vtune to make the VCO 

resonates at the desire frequency. The cross-coupled structure is adopted to generate a 

negative resistance to cancel out the parasitic resistance generated by the LC tank.   

Figure 4.7 shows the schematic for the transmitter. A poly phase shifter is 

designed to generate quadrature LO for the mixers in the receiver chain. A buffer after 

VCO core was designed to drive the next stage of circuit and also provide better 

isolation between VCO core and the transmitter output. 
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Fig. 4.8. Simplified schematic of the DC tuning mechanism circuits. 
 

 

4.8 VGA designs and DC tuning mechanisms  

 
As shown in Fig. 4.2, two two-stage VGAs with DC tuning mechanism are 

designed to provide enough gain to the baseband signal and realize adaptive DC-

tuning. In each VGA, Con_a and Con_b are used to control the resistive load and 

Con_c is used to control the degeneration resistor Rs. The VGA achieves the highest 

gain when Con_a, Con_b and Con_c are set to be high at the same time and the VGA 

has the lowest gain when all the controls are set to be low [94] [96]. 

The DC tuning mechanism circuit is shown in Fig. 4.8. The schematic consists 

of several PMOS current mirrors and NMOS current mirrors. The output of this circuit 

is connected to the output of the first stage of VGA. The circuit is able to pull or inject 

different current levels to the VGA load to achieve an optimal DC level. In this work, 

four current levels including 2µA, 4µA, 8µA and 16µA are provided. The pull or 
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Fig. 4.9. Layout of the designed transceiver with different parts labeled.  

 

Fig. 4.10. Fabricated chips with different parts labeled. 

 
 
 

 
 

inject current value could be any single value listed above or any sum combination 

between those current levels. In order to select desired current level, a shift register 

labeled in Fig. 4.1 was designed to control the switches in each current branch. 

 

4.9 Chip layouts and fabrications 

Fig. 4.9 shows the layout of the designed radar chips and Fig. 4.10 shows the 

photos of the fabricated chips. Areas for different circuit blocks are labeled on the 

pictures. The size of the chip is 2 mm x 2 mm with 28 test pins. 
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Fig. 4.11. Measured transmitter power vs. frequency under different tuning voltages.  
 

 

4.10 Experiments and results 

Tests the transmitter was carried out first. The transmitter was charged with 

1.2V using a power source. Another power source was used to provide the tuning 

voltages (Vtune). A spectrum analyzer was used to observe the output transmitting 

power and out frequencies under different Vtune. Vtune was tuned from 1.4V to 2V with 

a step size of 0.5V.  

Figure 4.11 shows the measured transmitter power vs. frequency under 

different tuning voltage. In the figure, the blue line represents output frequencies 

under different tuning voltage while the black trace shows the transmitter power under 

different tuning voltages. The measured results showed that the output frequency 

ranged from 23.6 GHz to 24.6 GHz while the output power ranged from -12.6 dBm to 

-9.2 dBm. The measured results showed that the designed transmitter works under the 

desired frequency range with a reasonable transmitting power. 
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Fig. 4.12. Measured S11 of the receiver chain.  

A vector network analyzer (VNA) was used to measure the S11 of the receiver 

chain. The VNA need to be calibrated before the measurement. Fig. 4.12 shows the 

measurement results obtained on VNA. As shown in figure the S11 is below -10dB in 

the frequency range from 23.75 GHz to 24.48 GHz. The result showed the S11 of the 

designed receiver meets the requirement (below -10 dB) at desired frequencies. It has 

an input impedance matching bandwidth of 730 MHz.  
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Fig. 4.13. Experiment setup.  

 
(a) 

 
(b) 

 
  (c)                                                         

Fig. 4.14. Radar outputs observed on oscilloscope under different gain setting of the 
baseband VGA.  
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In order to test the sensing ability of the designed K-band on-chip radar, an 

actuator was used to generate periodic signals for the radar sensors to detect. Fig. 4.13 

shows the experiment setup. One patch antenna and one horn antenna was adopted on 

the transmitter side and the receivers side, respectively. The actuator was placed 30cm 

away from the radar sensor. An oscilloscope was used to observe the radar output.  

The actuator had a 2 mm movement at 1Hz.  Fig 4.14 shows the observed radar 

output under different VGA gain setup. As shown in Fig. 4.14 (a), when the VGA had 

the minimum gain, the amplitude of the radar output was pretty small as 3.8 mV. The 

frequency of the output is about 1Hz. Fig. 4.14 (b) shows the radar output when the 

VGA had an improved gained. The observed radar output had a larger amplitude at 5.6 

mV. The frequency of the movement was accurately read out as 1Hz. Fig. 4.14 (c) 

shows the radar output when the VGA had the maximum gain. The amplitude was 

further increased to 11 mV and the frequency of the movement was 1Hz.     

4.11 Conclusion, discussion and future works 
This chapter introduces a K-band on-chip radar sensor design in GF 180 nm 

process. The supply voltage of the whole system is 1.2V. The design uses direct 

conversion architecture and both transmitter and receiver chain are designs. Baseband 

VGA was designed to provide different gains. It also contains a DC tuning scheme to 

tune the radar output to a proper DC level while the radar works under DC-coupled 

mode. 
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Base on the measured results, the designed transmitter side was working as 

expected. The designed receiver chain was able to detect motions generated by an 

actuator. The frequency of the movement was accurately detected.  

However, the amplitude of the radar output was very small, which means the 

sensitivity of the designed receiver chain was poor. The reason for getting a poor radar 

sensitivity could be: the baseband circuit was not working as expected; the designed 

LNA was not working at the expected frequency due to parasitic and process 

variation; the noise of the system was too high.  

A new version of the proposed K-band on-chip radar sensor can be designed to 

and a few things can be done to debug the circuit. Monte Carlo simulation needs to be 

performed to test the performance of the circuit under process variation and mismatch. 

For testing purpose, in the new design, different power pins for different RF blocks 

will be added to monitor current and compare the measurement current with the 

simulated current. Power pins for RF circuit and baseband circuit will be separated. In 

order to test the receiver chain, pins for external LO could be added onto the design. 

The external LO will be provided by a signal generator (SG1). Another signal 

generator (SG2) synchronized with SG1 could be utilized to provide an input signal to 

the receiver chain. The operating frequency, the bandwidth and the gain of the receiver 

chain could be measured by monitoring the radar baseband output using an 

oscilloscope. Test pins could be added to the mixers’ output to test the gain of the 

receiver chain without the baseband circuit. Input and output pins for the baseband 

circuit will be added to test the function of the baseband circuit only. A low frequency 



Texas Tech University, Yiran Li, August 2019 
 

 
 

83 

signal will be provided at the input of the baseband circuit. An oscilloscope will be 

used to monitor the output of the baseband circuit. Layout on RF trace and ESD need 

to be more careful to minimize the parasitic. The new version design could have a 

simple baseband amplifier for testing purpose.     
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CHAPTER V  

SUMMARY AND CONCULIONS 

5.1 Dissertation summary 
This dissertation includes two major research areas. The first research area is 

using radar sensor for human activity detection and monitoring. Three different human 

activity detection and monitoring applications were introduced. Those applications 

include directional information detection using multi-radar system, respiration 

monitoring for both infants and adults, and detection of potential active shooters with 

concealed rifle or shotgun. 

Two different types of radars were used. CW-Doppler radar sensors were used 

for the first and second applications while a hybrid mode FMCW-Doppler radar 

sensor was used for the third application. Radar micro-Doppler and range-Doppler 

signatures were obtained by processing radar output and those signatures were used 

for activity detections and classifications. 

The second research area is integrated circuit design for radar sensor. A K-

band on-chip radar sensor was designed and fabricated in GF 180 nm process. The 

design employed direct conversion radar architecture. Both transmitter and receiver 

chain were designed. To test the sensing capability of the designed radar sensor, the 

radar sensor was used to detect a periodic signal generated by an actuator in the 

experiments.     
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5.2 Dissertation conclusions 
Different conclusions can be drawn for different research works. For the 

directional identification application, the experiment results showed the capability of 

using multi-radar system for obtaining the direction information of a certain activity.  

For the infant respiration monitoring project, the experiment results showed 

that radar sensor could successfully sense the respiration rate of a dummy baby during 

sleep. It was able to detect abnormal respiration behavior in real-time. Further more, 

the radar sensor was able to accurately read the respiration rate of the baby even there 

are other people presented in the same room. Those results showed the feasibility of 

using radar sensor for baby respiration monitoring due to the non-contact and high 

measurement accuracy properties of radar sensor. 

For the adult respiration monitoring project, an automatic DC correction 

algorithm was proposed to remove DC drifts caused by temperature change of the 

radar board or random movements during the experiment. The experiment results 

showed the respiration information was accurately reserved while the DC drifts were 

removed by applying the proposed algorithm.  

For the potential active shooter detection project, an identification method was 

proposed base on radar micro-Doppler and range-Doppler signatures. Similar 

activities in the same application scenario were studied. Artificial neural network was 

adopted for activity classification. The study showed promising results of 

differentiating a person with concealed rifle or shotgun with other similar activities. 
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Thus, this project demonstrated the feasibility of using radar sensor to help identifying 

a potential active shooter with concealed rifle or shotgun. 

The design of K-band on-chip radar sensor showed the potential for achieving 

low power, low cost and small size properties by integrating the whole radar system 

on a single chip. The test result showed the designed transmitter worked as expected. 

However, although the receiver chain was able to detect the movement generated by 

an actuator, the sensitivity was poor. Further troubleshooting, test and design are 

needed to improve the performance. 

5.3 Discussion and future works 
This dissertation demonstrated the capability of using radar sensors for 

different human activity detection and monitoring. However, some of the detection 

method need to be further studied due the scenario in real life is much more 

complicated. For example, for the directional identification, more complex cases such 

as multiple people presents in the system, users at different position in the system need 

to be studied. A calibration based on the user’s position need to be done before the 

identification.  

As mentioned in chapter III, there are certain limitations for using radar 

sensors for potential active shooter detection. The first limitation is the proposed radar 

sensor and identification method only applies to one person at a time. This limit the 

application environments to narrow hallways or entrances that only allow on person to 

pass at a time. This limitation could be solved by using narrow beam antennas with 

beam forming capability. Another limitation is the proposed identification method 
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only applies to long shape guns with metal muzzles such as rifle and shotguns. 

However, rifles and shotguns are the weapons that caused the most killed casualties in 

active shooting incidents. The proposed radar sensor could work with other gunshot 

detection system to improve the detection rate. Future works for this project include 

equip the radar sensor with antennas with beam forming capability and testing the 

proposed identification method when multiple people present. 

More future works need to be done to debug the on-chip radar sensor and 

improve the performance. As mentioned in chapter IV, a new version of the K-band 

on-chip radar sensor will be designed. More pins will be added onto the new design 

for testing purpose to test if the RF blocks in receiver chain work as expected. The 

layout of the RF traces and ESD need to be drawn properly to minimize the parasitic. 

Moreover, simplified version of baseband amplifier should be designed for debugging 

purpose. 
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