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Abstract 
 

This research presents methods developed to extract physiological signals from subjects 

using both contact and non-contact devices. This research covers the tools used to extract 

respiration rate (RR) and applications for these tools. A waveform analysis will be performed to 

compare the signals recorded and discuss the physical phenomena associated with the alignment 

of the signals. Three tools will be presented to extract RR: a wrist-worn photoplethysmography 

(PPG) sensor, Doppler radar, and wireless data transfer. A PPG sensor in a watch-like formfactor 

is used to detect physiological signals such as pulse and respiration at the wrist of a subject. 

Doppler radar is used to detect physiological signals such as respiration from the physical rising 

and falling movement of the chest. The average maximum and minimum difference between 

Doppler radar extracted RR and PPG, HRV RSA, and accelerometer extracted RR is 0.342285 

b/m and 0.170964 b/m, respectively. Wireless data transfer is implemented to transfer and 

process Doppler radar samples in real-time. Two applications for the methods developed will 

then be presented: remote patient monitoring and smart building applications. Doppler radar 

physiological sensing coupled with sensing using a wrist-worn PPG sensor in a watch-like form-

factor allows a patient to have access to comfortable contact and non-contact options that can be 

used to monitor vital signs. Additionally, Doppler radar-based occupancy sensors are currently 

under development for accurate building monitoring systems. With wireless connectivity 

implemented, Doppler radar occupancy sensor data is processed in real-time and uploaded to a 

user interface to display occupancy statistics of a given room or building over time. 
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Chapter 1. Introduction  

 

1.1. Overview 

The adoption of connected wearable technology is becoming increasingly popular. The 

consumer market is filled with a variety of smart watches and fitness trackers that can be used to 

track daily health metrics, such as step count, calories burned, or sleep duration. The increasing 

use of these metrics by consumers means there is utility in the development of new techniques to 

extract useful physiological data using commercially available, off-the-shelf hardware. 

Commonly measured and useful health metrics include heart rate, heart rate variability 

(HRV), and respiration rate (RR). This research focuses on RR and HRV. HRV is a measure of 

the variation in time between consecutive heart beats. HRV is an important metric that can be 

used to study cardiovascular health and potentially diagnose a number of medical conditions, 

such as cardiovascular disease [1], atrial fibrillation [2], or risk of hypertension [3]. 

The study of RR is equally important. Changes in respiratory rate can assist in diagnosing 

medical conditions such as sleep apnea [4] or chronic obstructive pulmonary disease (COPD) 

exacerbation events [5]. Respiratory sinus arrhythmia (RSA) is one way that respiration can 

affect cardiovascular measurement. RSA is a phenomenon where heart rate varies due to 

respiration. RSA affects HRV in that the timing between heart beats decreases during inspiration 

and increases during expiration. This study will extract RR and calculate HRV due to RSA using 

data gathered from a wrist-worn photoplethysmography (PPG) sensor. 

Additionally, non-contact Doppler radar allows for the study of physiological signal 

waveforms. Doppler radar has been popularly used for vehicle applications for collision 

avoidance or weather and climate change research to track weather patterns, and is currently 

being developed for use in occupancy sensing for smart building applications under Adnoviv, 

LLC [6, 7]. Doppler radar can be used as a non-contact method to obtain physiological signals 

such as respiration from the rising and falling motion of a patientôs chest. Doppler radar has been 

previously demonstrated as an accurate and effective reference measurement [8, 9]. Coupling the 

use of a PPG sensor and Doppler radar affords a patient access to comfortable contact and non-

contact options that can be used to monitor vital signs. 

 

1.2. Contribution  

This research presents the usage of a PPG sensor used in wearable devices to sense RR at the 

wrist. A PPG sensor non-invasively detects changes in blood volume in the skin tissue using a 

light source and a photodiode to measure reflected light. Measurement of RR from a wrist-worn 

PPG sensor has been demonstrated with various techniques employed [10, 11], as well as 

measurement of HRV from a wrist-worn PPG sensor [12]. Furthermore, PPG has been used 

previously to extract RSA [13]. This work is unique in that it extracts RR, HRV, and the effects 
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of RSA, along with accelerometer data and Doppler radar data simultaneously for varying RRs. 

One sleep study was performed using 10.5 GHz Doppler radar, PPG, and accelerometer sensing. 

[14]. No other study found has directly compared 2.4 GHz Doppler radar, PPG, and 

accelerometer signals. 

Techniques are proposed to perform simultaneous extraction of RR from a single PPG 

signal. The proposed techniques are performed on data recorded using off-the-shelf hardware. 

Tests are conducted with multiple subjects and physiological data is recorded simultaneously 

using Doppler radar and a wrist-worn PPG sensor. Filtering is implemented for the PPG signal to 

provide a clear respiration signal waveform for comparison to Doppler radar respiration signal. 

HRV RSA analysis extracts RR from the peak-to-peak timing variability in the heart signal due 

to RSA. RR is also extracted from an onboard accelerometer and shows high agreeability with 

RR extracted from the PPG sensor and Doppler radar. Tools are developed to timestamp Doppler 

radar data and align the samples in time domain with PPG data. An analysis is performed on the 

Doppler and PPG waveforms in time domain to determine the phase relationship between these 

physiological traces. 

The theme of wireless connectivity underscores the current research work. Implementing 

wireless connectivity for Doppler radar sensors allows for wireless data collection, timestamping 

of samples, and wireless data upload to a server and user interface. This adds to the utility of 

using Doppler radar to wirelessly monitor patients. 

The RR extracted from accelerometer data in this research is unique in that no specialized 

equipment is used. Within the HSP development board, a Bosch BMI160 IMU is used to record 

3-axis accelerometer data. Common breakout boards for development can be readily purchased 

with this low-cost sensor. Furthermore, the RR that can be extracted is measured exclusively 

from the wrist while a subject is awake in a relaxed, seated position. High agreeability is shown 

from the wrist-based extracted RR rate compared to Doppler radar, with the average maximum 

and minimum difference between Doppler radar extracted RR and PPG, HRV RSA, and 

accelerometer extracted RR being 0.342285 b/m and 0.170964 b/m, respectively. 

 

1.3. Thesis organization 

Chapter 1 presents an overview of physiological monitoring using PPG and Doppler 

radar. Chapter 2 contains a literature review covering existing PPG, Doppler radar, and 

accelerometer physiological sensing research. Chapter 3 discusses three tools utilized to record 

physiological signals: a wrist-worn PPG sensor, Doppler radar, and wireless data transfer. The 

wrist-worn PPG sensor allows recording of physiological signals from the wrist of a subject. 

Doppler radar allows for recording of physiological signals through measuring chest movement. 

Multiple methods are implemented to transfer Doppler radar data wirelessly, which improves the 

utility of Doppler radar-based sensors. Chapter 4 covers two applications that were focused on 

for the developed methods. Remote patient monitoring is possible using the wrist-worn PPG 
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sensor and Doppler radar. Remote building applications are also explored with Doppler radar in 

the form of TruePODS and a user interface to display occupancy sensor events. Chapter 5 

demonstrates the methods developed to extract respiration signal from the wrist-worn PPG 

sensor and Doppler radar. Results from data recorded on various subjects is analyzed and high 

accuracy of the developed methods is highlighted. Chapter 6 involves a waveform comparison of 

the aligned respiration signals in time domain extracted from the wrist-worn PPG sensor and 

Doppler radar. The physical phenomena associated with the alignment of the signals are 

discussed. Chapter 7 summarizes the contributions of the work and discusses future work that 

can be explored using the wrist-worn PPG sensor and Doppler radar, such as blood pressure 

estimation, and concludes the thesis. 
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Chapter 2. Literature Review 
 

2.2. PPG Sensing 

A photoplethysmography (PPG) sensor is a low-cost sensor commonly used in wearable 

devices. A PPG sensor non-invasively detects changes in blood volume in the skin tissue using a 

light source and a photodiode to measure light, as seen in Figure 2.1. 

 

Figure 2.1 Working principle of PPG sensors, left [15]. Transmissive and reflective sensing, right [16]  

 PPG sensors are a popular sensor used in wearable devices due to their low cost, low 

power consumption, and uncomplicated design. Usually, a green or red light emitting diode 

(LED) is used as a light source, and one or more photodetectors are used to measure the reflected 

light. PPG sensors can measure the light from the LED in either a transmissive or reflective 

manner. When measuring using the transmission method, light is transmitted through the 

medium and detected by a photodiode on the opposite side of the medium. When measuring 

using the reflection method, the photodiode and light source are on the same side of the medium, 

and the photodiode measures light that is reflected from the medium [16]. 

 

Figure 2.2 Smart watches and fitness trackers with PPG sensors. Left to right: HSP, Bangle.js2, PineTime, Fitbit Inspire 2 
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For common wearable devices such as smart watches or wrist-worn fitness trackers, PPG 

sensors typically employ the reflection method to measure physiological signals from the wrist. 

Figure 2.2 contains smartwatches and fitness trackers that were evaluated for this research. Some 

watches and fitness trackers use one photodetector and one LED (PineTime), more than one 

photodetector (Maxim, Fitbit Inspire 2) or more than one LED (Bangle.js2), or a combination of 

multiple photodiodes and multiple LEDs. 

Measurement of RR from a wrist-worn PPG sensor has been demonstrated with various 

techniques employed [6, 7], as well as measurement of HRV from a wrist-worn PPG sensor [8]. 

Furthermore, PPG has been used previously to extract RSA [9]. 

 

2.3. Doppler Radar Sensing 

Doppler radar-based sensing has been demonstrated in a multitude of studies for sensing 

physiological signals [17, 18, 19]. This research utilizes 2.4 GHz Doppler radar for physiological 

sensing. Sensing using Doppler radar eliminates the need for contact-based solutions like 

electrocardiogram by measuring the physical movement of chest and heart displacement, seen in 

Figure 2.3. 

 

Figure 2.3 Doppler radar measured chest displacement [20] 

Practical implementation of Doppler radar-based physiological monitoring [8] has been 

explored, with non-contact RR measurement validated [9], or more advanced identity 

authentication using Doppler radar [21]. 

 

2.4. Accelerometer Sensing 

Sensing physiological signals using an accelerometer was not initially considered until 

after studying accelerometer movement in the data recorded from the HSP. An accelerometer 

measures the acceleration of an object, typically in a 3-axis configuration (X, Y, and Z 
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directions). Similar studies introduce the use of state-of-the-art or specialized accelerometers to 

reconstruct respiration signal from the wrist during sleep or resting states, with the most accurate 

reconstruction during deep sleep [22, 23]. Multiple studies have used accelerometers to record 

physiological signals during sleep [24, 25]. Others have studied signals under relaxed and 

aroused conditions [25]. When an accelerometer is placed on the chest or arm, agreement 

between accelerometer and PPG-based RR measurements is demonstrated [26].  
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Chapter 3. Tools Utilized 
 

3.1. HSP Physiological Monitoring 

For this study, the Maxim Integrated Health Sensor Platform 2.0 (HSP) is used to detect 

physiological signals. The HSP is a wrist-worn wearable development platform that contains a 

variety of sensors for health-sensing applications. The HSP integrates a PPG analog front-end 

(AFE) sensor (MAX86141), a biopotential AFE (MAX30001), a human body temperature sensor 

(MAX30205), a microcontroller (MAX32630), a power-management IC (MAX20303), and a 6-

axis accelerometer/gyroscope. The complete platform includes a watch enclosure and a biometric 

sensor hub with an embedded heart-rate algorithm (MAX32664). Algorithm output and raw data 

can be streamed through Bluetooth to a mobile device or connected via USB-C to a computer 

running Maxim DeviceStudio for evaluation [27]. 

 

Figure 3.1 Maxim HSP [27]  

Various wrist-worn devices containing PPG sensors were assessed. Most devices did not 

meet requirements for configurability, such as user-configurable options like PPG sensor 

sampling rate and simple data collection. Maxim Integrated offers a variety of development kits 

to evaluate their sensors and is an industry leading manufacturer of ICs and sensors. The HSP 

development kit package met all the requirements and was chosen for the following reasons: 

- Multitude of sensors (PPG, ECG, accelerometer, body temperature sensor) 

- Wired or Bluetooth operation with PC application 

- Highly configurable PPG options 

- Timestamped data 

- Quick setup 

- Smartwatch-like formfactor 

Maxim includes Maxim DeviceStudio as a PC application to interface with their 

development kits. For all data recorded for this research, Maxim DeviceStudio 5.7.0.5 is used to 

connect to the HSP PPG sensor, configure sensor options, and record data to the PC. 
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3.2. TruePODS 

TruePODS is a Doppler radar-based occupancy sensor developed by Adnoviv. 

TruePODS is capable of recording samples to an SD card or via a UART connection. For some 

tests performed, TruePODS data is saved to an SD card. Most other tests involve streaming 

samples through a UART connection to a serial-to-USB converter, where a Python program 

timestamps and saves the samples on a computer. This will be discussed in the upcoming 

chapters. 

There are two components to TruePODS, the TruePODS board and antenna. The 

TruePODS board houses the MCU and related hardware to support operation of 2.4 GHz 

Doppler radar. The antenna is connected to TruePODS via coaxial cable and can be placed in 

any physical configuration. In Figure 3.2 the left image shows the configuration of TruePODS 

set up in a grey box for ease of use. The TruePODS board is in a case on the right and the 

antenna is in a case on the left. A connection to the TruePODS UART pins can be seen (green 

and white wires), along with a programming cable (flat grey cable). The image to the right in 

Figure 3.2 shows a lid is affixed to the box while data is being recorded, with antenna for 

wireless data transfer module. TruePODS records data at a sampling rate of 100 Hz. 

  

Figure 3.2 TruePODS box configuration, left. TruePODS box with wireless module antenna, right 

3.3. Wireless Connectivity 

Three avenues were explored to implement wireless connectivity for TruePODS. First, 

Zigbee connectivity is demonstrated with the newer TruePODS-LP hardware. Second, wireless 

data streaming and real-time data processing is demonstrated with TruePODS. Finally, the 

previous solution for wireless connectivity and real-time data processing is improved upon with 

the use of a Raspberry Pi. 

3.3.1. TruePODS-LP Zigbee Connectivity 

Currently, the TruePODS-LP boards do not feature wireless communication. Wireless 

communication will be demonstrated with the TruePODS-LP boards using the Zigbee protocol. 
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The Zigbee protocol is ideally suited to create networks for small, low-power IoT devices such 

as occupancy sensors or smart light bulbs. To implement Zigbee connectivity with Doppler radar 

functionality, the TI Dynamic Multi-protocol Manager (DMM) is utilized. The DMM enables a 

single radio to operate multiple wireless protocols concurrently by switching between them in 

real time [28]. 

 

Application Outline  

The TI SimpleLink Academy (4.40.00.00) Dynamic Multi-protocol Manager Integration 

ñFrom Scratchò lab module was followed to implement DMM using the TruePODS firmware 

[28]. The SimpleLink Academy module recommends starting with the more complex of the two 

projects (in terms of structure) as a base line. So, the TruePODS V5 project is integrated into the 

Zigbee project that was developed because it requires less modifications to the project. 

The application functions as a Zigbee application with the TruePODS V5 project running 

concurrently. As in the TruePODS V5 project, the TruepodsAlgorithmSchemeV7 is followed to 

trigger events to detect occupancy/lack thereof. Then, the DMM is used to pause the Zigbee 

stack and turn on the radar when needed. When the radar is finished processing or an updated 

occupancy status is determined, the Zigbee stack is un-paused and the occupancy status is 

transmitted. 

According to the recommended steps from TI, the Zigbee application was restructured, 

TruePODS project added to the Zigbee project (under the radar folder), DMM files added, DMM 

global priority table configured, DMM policy table configured in SysConfig, DMM initialized 

and changes to the RF drivers made in each project. 

 

Testing Results 

The Zigbee project used was previously evaluated on the LAUNCHXL-CC1352P-2, the 

LaunchPad development kit for TI CC1352P. In the Zigbee project the LaunchPad is configured 

as a Zigbee end device, specifically an occupancy sensor. Button 1 (BTN-1) starts the 

commissioning process to join a Zigbee network, and Button 2 (BTN-2) toggles an occupancy 

variable to simulate detected occupancy. To verify Zigbee functionality and occupancy status 

toggling, a Raspberry Pi 4 is connected to a Zigbee USB coordinator dongle. The Zigbee USB 

coordinator dongle runs the Z-Stack 3.x.0 coordinator firmware, which can form a Zigbee 

network and manage all Zigbee protocol tasks for all connected devices. The Home Assistant 

application runs on the Raspberry Pi, providing a user interface to interact with the Zigbee 

network. Through Home Assistant, Zigbee connectivity and occupancy toggling is verified. 
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Figure 3.3 TI LaunchPad, left. Raspberry Pi with Zigbee dongle, right 

After evaluating the base Zigbee project on the LaunchPad, the Zigbee project device 

pinout was modified to match the TruePODS-LP pinout, and Zigbee connectivity was verified on 

the TruePODS board. The TruePODS V5 project was added to the Zigbee project as previously 

described, and the DMM-enabled TruePODS project was built and evaluated on the TruePODS-

LP board. The figure below is the TruePODS-LP board test setup. 

 

Figure 3.4 TruePODS-LP setup 

When the DMM-enabled TruePODS project launches, it attempts to join a Zigbee 

network. If there was a previous network connection, TruePODS will rejoin the network. Below, 

the figure on the left shows network commissioning (joining new network) via Home Assistant. 

The middle figure shows the TruePODS device model is identified properly and joins the 

network as an end device. The figure on the right shows serial output from TruePODS when the 

DMM-enabled project is flashed and the device is powered on. The Zigbee code prints ñOn the 

networkò to indicate successful network commissioning. Next, the TruePODS V5 code 

determines the unoccupied state ST_UNOCCUPIED, and due to a timeout, the radar is started. 
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As indicated by the red arrow in the rightmost figure, RF commands to start the radar are 

scheduled, and radar output is printed out following the command.  

 

Figure 3.5 Zigbee network commissioning, left. Device identification, middle. Radar operation, right. 

Figure 3.6 shows TruePODS updating the occupancy status to unoccupied. The figure to 

the right displays serial output indicating radar stopping and determining the new state as 

unoccupied. When a new state is determined, either 0 (unoccupied) or 1 (occupied), a Zigbee 

function is called to process the new occupancy state and report to the Zigbee coordinator. The 

top left figure displays the Home Assistant user interface updated with the new occupancy status 

ñClearò (unoccupied). If the new state is occupied, the user interface is updated with the state 

ñDetected,ò as displayed in the bottom left figure. 

 

 

 

 

Figure 3.6 TruePODS occupancy status, left. TruePODS serial output, right. 
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3.3.2. TruePODS Wireless Real-time Data Streaming and Processing 

This section involves usage of the original TruePODS hardware. There are three main 

components needed for the implementation of the real-time data system that is evaluated: 

TruePODS, a Wi-Fi module, and real-time processing code. The assembled Wi-Fi module first 

reads data from a UART connection with TruePODS. Then, the samples are streamed to a TCP 

server where a client can connect and process the samples using Matlab code. A detailed 

overview of these three system components is below. 

 

WeMos ESP8266 Wi-Fi Module and Connections 

An ESP8266 development board, the WeMos D1 Mini Pro (WeMos), is used to connect 

to TruePODS UART and establish a Wi-Fi connection. The ESP8266 microcontroller was 

chosen for its built-in Wi-Fi 802.11 b/g/n connectivity, low cost, and popularity for IoT 

applications. The WeMos development board has the added benefit of connecting an external 

antenna to increase Wi-Fi reception.  

In Figure 3.7 below, the image on the left shows the WeMos board seated in a 

removable-top 3D printed enclosure. With the top removed, the U.FL to SMA antenna connector 

can be seen in the upper left, connected to an external antenna. The WeMos board can be seen in 

the right half of the case, with wires connected to 3.3V, GND, TX and RX (UART) through a 

cable from TruePODS. The image on the right shows the 3D printed Wi-Fi module enclosure 

and antenna sitting outside the TruePODS box, connected with a cable. The Wi-Fi module can 

be placed up to eighteen inches away from the TruePODS box if needed. 

 

 

 

 

 

 

 

Figure 3.7 WeMos board in 3D printed enclosure, left. Wi-Fi module cable connected to TruePODS, right. 

Inside the TruePODS box, the cable running to the Wi-Fi module is connected to 3.3V, 

GND, RX and TX (UART) on the TruePODS board. The TruePODS antenna is mounted on the 

left side of the box while the TruePODS board is mounted to the right side of the box. 

Wi-Fi Module Program 
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The WeMos board was programmed in Arduino IDE. There are two crucial functions 

called to configure the board and run the main program: setup() and loop(). In the setup() 

function, a Wi-Fi connection is first established with a user configurable SSID and password. 

Once connected to a Wi-Fi network, a connection is established with a Network Time Protocol 

(NTP) server, with GMT and daylight savings offsets configured. Connecting to an NTP server 

ensures that samples are accurately timestamped. Finally, the TCP server is started for clients on 

the network to connect to. 

The loop() function is the main loop running on the WeMos. The loop listens for a client 

connection to the TCP server that was previously configured. If a client is connected, print a 

timestamp every second, and continuously write data to the TCP server that is read from the 

TruePODS UART connection. 

 

Matlab Real-Time Processing Program 

The real-time Matlab program for sample processing (RealTimePlotCircularV7) was 

modified to create a TCP/IP connection using the IP address of the TCP server configured on the 

WeMos. The Matlab program is running on a computer connected to the same network as the 

WeMos Wi-Fi module. The program reads each new line that is written to the TCP server and 

parses the line as input for real-time processing. Then, the Matlab program can be further 

modified to upload to the processed samples to a data platform. The system overview can be 

seen in Figure 3.8.  

 

 

Figure 3.8 Real-time processing system overview 

After extensive testing, error catching was implemented while reading data from the TCP 

connection. For example, a common error that occurred was ñindex exceeding number of array 

elementsò when reading lines from the TCP server, which usually means a sample was corrupted 

during transmission. A solution is to skip this sample and check the length of the read-in array to 

ensure there are not any other errors in incoming samples. If the Wi-Fi connection is 

strong/uninterrupted, this error does not usually occur. 

Another common error was timestamps attaching to incomplete/corrupted samples. The 

solution to this is to check and see if the corrupted line contains a timestamp (denoted by a 

colon) and fix the string that is read to get the timestamp. During testing, the corrupted sample 

was always attached to the beginning of the timestamp, so this is fixed by checking the length of 
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the string and slicing the string appropriately to retain the timestamp. Similarly, if the Wi-Fi 

connection is strong this error does not regularly occur. After passing checks, the string is 

processed, and samples saved to their respective variables for processing. 

It is important to note that there can be interference with TruePODS and Wi-Fi if the 

TruePODS frequency is programmed too closely to the operating channel of a Wi-Fi signal. 

When this occurs, devices in the immediate vicinity (smartphones, computers, etc.) will 

experience a loss of Wi-Fi connection. The Wi-Fi channel is effectively ñblown outò by 

TruePODS. A solution is to re-program the frequency of TruePODS so it is further from the Wi-

Fi channel used for wireless connectivity, or the Wi-Fi operating channel can be changed. This 

was discovered after data transmission errors occurred with the WeMos board. If the WeMos is 

too close physically or the Wi-Fi channel is too close there will be data transmission errors. This 

problem can also be attributed to the age of the Wi-Fi router. With appropriate channel spacing, 

older-generation Wi-Fi routers consistently exhibited connection issues. When tested with new 

or commercial routers, connection issues were not present with proper channel spacing. All  

issues noted above were remedied through the implementation of real-time processing on a 

Raspberry Pi, which will be discussed in the following section (3.3.3). 

Figures of the Matlab program with Wi-Fi-connected TruePODS running can be seen 

below. The graphs are figures generated from the real-time processed data. The figure on the left 

shows data from no subjects sitting in front of TruePODS. The figure on the right shows data 

captured when a subject moves their hand in front of TruePODS. While moving their hand back 

and forth, the oscillating movement can be seen in the ñreal-time sample CC2538 after DSPò 

graph in real-time. 

Figure 3.9 Matlab real-time processing program output 

3.3.3. Raspberry Pi Real-time Processing 

The previous section detailed wireless data transfer using the WeMos D1 Mini Pro connected 

to TruePODS UART and Wi-Fi. Testing using the WeMos lead to the discovery of issues, 

mainly dropped packets and interference with Wi-Fi using older-generation Wi-Fi routers. This 
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was solved by using a Raspberry Pi Zero 2 W, an updated version of the Raspberry Pi Zero. The 

main advantages of the Raspberry Pi over the WeMos are as follows: 

- Can implement on-board real-time signal processing 

- More memory available for buffer/file storage (up to 1 TB microSD card supported) 

- Better Wi-Fi connectivity 

- Similarly small form factor (65mm x 30mm) 

- Similarly inexpensive (WeMos $10, Raspberry Pi Zero 2 W $15) 

The main advantage of using a Raspberry Pi is the ability to implement real-time signal 

processing without the need for an additional computer, as the Raspberry Pi is a single-board 

computer commonly configured to run with a Linux operating system. Figure 3.10 below shows 

the installation of the Raspberry Pi in a case within the TruePODS box. The UART cable was 

routed through the lid of the TruePODS case and connected to the appropriate GPIO pins on the 

Raspberry Pi, and power is routed through an existing hole in the box. 

 

Figure 3.10 Raspberry Pi TruePODS box installation 

Previously, the WeMos would transmit UART data read from TruePODS via a TCP 

connection to be processed on a computer. The transmission process was vulnerable to 

interference and interruption, resulting in lost packets. The WeMos has 16 MB of flash memory 

available, which limits the ability to buffer or store samples in the event of Wi-Fi signal 

interruption. The Raspberry Pi solves these problems, directly interfacing with TruePODS 

UART output and providing the ability to process the signal in real-time without the need for a 

secondary computer connected to the network. This eliminates the possibility of packets being 

dropped due to Wi-Fi connectivity issues and ample storage space can be allocated (up to 1 TB 

microSD card supported) to store samples in the event of connectivity issues. Furthermore, the 

Raspberry Pi is similarly priced and comes in a similarly small form factor to the WeMos. 

Testing was performed with the TruePODs, WeMos, and computers in various environments 

with a variety of Wi-Fi routers. As previously mentioned, it was determined that older-
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generation Wi-Fi routers interfered when TruePODs was powered on and affected Wi-Fi 

connectivity. Newer routers and commercial-grade routers did not exhibit any interference issues 

with TruePODs, WeMos, and general Wi-Fi connectivity. Using a Raspberry Pi allows saving of 

samples indefinitely until Wi-Fi connectivity is reestablished. 

To support real-time signal processing onboard the Raspberry Pi, the Matlab real-time 

processing code was converted to a Python program . Python is selected as the main language for 

Raspberry Pi, and Python has the benefits of portability, legibility, and open-source and library 

availability. See Appendix D for the converted Python program and converted functions. Initial 

tests show real-time processing functioning well. The code requires further threshold adjustments 

to provide accurate state outputs for different environments. 
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Chapter 4. Applications Explored 

 

4.1. Remote Patient Monitoring Application 

While clinical patient monitoring was not formally evaluated during this study, the 

methods developed can be implemented in patient monitoring applications.  

PPG sensors are commonly used in hospitals in the form of finger-worn pulse oximeters. 

These pulse oximeters can be wired or wireless. The use of wrist-worn PPG sensors in clinical 

settings is not widely adopted but can offer benefits over common finger-worn pulse oximeters. 

For patients who wear smart watches, the methods developed to extract physiological signals for 

the wrist-worn PPG sensor can be applied to monitor vital signs on these more common 

wearable devices. For patients who do not wear smart watches, wearing a smart watch to monitor 

vital signs allows increased dexterity over finger-worn pulse oximeters as there would be no 

device mounted to the patientôs fingertips. 

Doppler radar has been used in clinical settings to monitor patient with conditions like 

Obstructive Sleep Apnea, among numerous other conditions [29]. Doppler radar provides 

accurate non-contact vital signs monitoring that is unobtrusive to the user; the Doppler radar-

based sensor can be mounted on the ceiling above a patient or on a bedside table. Coupled with 

physiological signal measurement using a wrist-worn PPG sensor in a watch-like form-factor, a 

patient now has access to comfortable contact and non-contact options that can be used to 

monitor vital signs. 

The implementation of wireless connectivity for Doppler radar-based sensors can be 

applied to remote patient monitoring applications. This is useful for either at-home monitoring or 

clinical monitoring. In both scenarios, wireless connectivity increases the utility of the connected 

technologies by allowing medical professionals real-time remote access to patient data in a 

secure manner. This comes at a substantial equipment cost decrease compared to typically 

expensive clinical bedside vital signs monitors. 

 

4.2. Smart Building Application 

As previously mentioned, data from TruePODS can be uploaded to a user interface to 

display occupancy statistics over time for a specific building. Data from the TruePODS user 

interface will be shown for Sakamaki Hall. This is currently under development with Adnoviv. 

Figure 4.2 below displays the Comparative view that was developed to display 

occupancy data for the fourth floor of Sakamaki Hall. The Comparative view allows the user to 

compare graphs from all installed sensors in one graph. This view displays events and the times 

that they occur. The default view displays the data from 12 AM to 12 AM, a one-day period. The 

data is combined from over the course of the data (8/1/2020 ï 4/30/2021) and all days of the 

week.  
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Over the course of the study, the average busiest times occur when more events are 

triggered, resulting in a peak in the graph. For Figure 4.2, it can be determined that over the 

course of the study peak occupancy begins at around 7 AM, peaking from 10 ï 11 AM, and starts 

declining around 11 AM to 12/1 PM. Another peak occurs at 2 PM, steadily declining until 7/8 

PM. This may mean that the building was more active in the morning and early afternoon hours. 

Occupants may have left for lunch around 12-1 PM, and a smaller number of occupants returned 

in the afternoon, with occupancy tapering off as occupants gradually left for the evening. 

 

Figure 4.2 Comparative graph view for Sakamaki Hall fourth floor 

 More detailed data that can be useful for determining building use can be obtained using 

the filtering option. Clicking on ñFiltersò displays filters to filter the data shown on the graph, 

seen in Figure 4.3. A range of dates can be selected, like the date range week of 03/21/2021 to 

03/27/2021. By default, the time will be set from 12 AM ï 12 AM, and bin size is set to one 

hour. The bin size is the size of the time markings on the horizontal axis. For example, a bin size 

of 30 minutes will display data in 30-minute intervals over time. The time filter can be used to 

ñzoomò in on data on the graph to obtain a more detailed picture of the data for the week in 

question. Finally, deselecting certain days can further filter the data. For example, to see only 

events that occurred during weekdays, Saturday and Sunday can be deselected. 
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Figure 4.3 Comparative view filtering options 

Sensor events can be used to view all events from a single sensor on a given date. For 

example, seen in Figure 4.4, selecting the date 03/22/2021 and the sensor NEF graphs the events 

from that sensor and displays a table showing the start time, end time, and duration of the event. 

 

Figure 4.4 Comparative view sensor events 

These examples of the Comparative view provide an accessible visualization of building 

occupancy data. Coupled with TruePODS wireless data transfer, a complete wireless building 

occupancy system can be realized. Further development can leverage this system and TruePODS 

to sense physiological signals of occupants to determine occupant wellness. 
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Chapter 5. Methods 
 

5.1. HSP Setup 

All subjects gave consent using the form in Appendix R. The subject is seated in a chair 

with arms resting on the arms of the chair to minimize body movement. After the subject is 

seated comfortably, the HSP is affixed to the wrist just behind the wrist bone, as shown in Figure 

5.1 The HSP is plugged in via USB-C to a computer running Maxim DeviceStudio. 

 

Figure 5.1 HSP wrist setup 

For the tests performed, the PPG EV Kit tool is used to control the PPG sensor and log 

data to disk. Operation mode is changed to Raw, accelerometer data is displayed, and Log 

Management is set to Log to File. Then, within Raw Settings the Sample Rate is set to 400 

samples per second and Sample Averaging is set to 4. With the sampling rate set to 400 samples 

per second and averaging set to 4 samples, the effective sampling rate is 400/4 = 100 samples per 

second, or 100 Hz. Settings can be seen in Figure 5.2. 

 

Figure 5.2 HSP PPG settings 

The app Pro Metronome by EUMLab is installed on a smartphone to assist with 

maintaining a consistent RR. The tempo is set to double the desired RR. For example, a test 

conducted at a RR of 15 breaths per minute (b/m) is set with a tempo of 30 beats per minute at 
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1/1-time signature. An inhale occurs with the first audible tick of the metronome, then an exhale 

with the next tick, and so on. The subject is instructed to practice breathing at the set RR before 

beginning data collection. 

During data collection, the subject sits still and breathes with the set RR to the best of 

their ability. The data collection period can be ended at any time. For this study, data was 

collected for a duration of four to five minutes for different RRs. The PPG signal from the HSP 

is recorded to a CSV file on the connected computer. The CSV file saves data recorded from the 

HSP and sensors, such as a timestamp and ADC counts of green light recorded by the PPG 

sensor. The timestamp is recorded from the time of the computer. The timestamp, ADC counts, 

and accelerometer data are the only data points used for this analysis. 

 

5.2. TruePODS Setup and Post Processing 

Figure 5.3 shows the general setup of TruePODS and the HSP in relation to the subject. 

The TruePODS box is set up roughly three to five feet away and the antenna is aimed at the chest 

of the subject, outlined in red. 

 

Figure 5.3 TruePODS and HSP setup 

The TruePODS UART pins are connected to a serial-to-USB converter, which is 

connected to a laptop running the Python program TruePODSerial (Appendix A). This program 

saves the incoming serial data directly to a text file and inserts a timestamp every second. 

After data collection is complete and TruePODSerial is terminated, individual samples in 

the data file can be timestamped using the Python program TruePODSPostProcessing (Appendix 

B). This post processing program finds each timestamp in the text file, calculates the timing of 

the samples in between each timestamp, and inserts a timestamp for samples so that every 

sample in between timestamps is timestamped. Similarly to the HSP, the timestamp recorded is 

from the time of the computer, so the signals have the same clock source. 

The program associates the timestamp with the sample on the following line. Before 

running the program, the data file must be modified so that the first line of the file is a timestamp 

and the last two lines must be a timestamp and sample, respectively, so that timestamps are 
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appropriately aligned. The data is exported in CSV format for easy importing into Matlab for 

processing. See the Figure 5.4 below for the data file before and after post processing. 

  

Figure 5.4 Before and after post processing TruePODS data 

 

5.3. Processing and Results 

All data was processed using Matlab R2021a Update 3. Addaxis, export_fig, and 

ghostscript were installed as plugins for Matlab to generate and export plots. Multiple subjects in 

different environments are evaluated for RRs of 13 b/m (0.2 Hz), 15 b/m (0.25 Hz), 18 b/m (0.3 

Hz), and one trial at 10 b/m (0.16667 Hz). 

Respiration rates are extracted from six datasets comprising of five different individuals 

in varying physical environments. The datasets corresponding to different individuals are 

labelled Subjects A, B, C, D, and E, respectively. With different respiration rates, twenty trials 

total were recorded. Four datasets with three respiration rates each will be used for waveform 

comparison. A fifth  dataset was recorded before timestamping Doppler radar samples was 

implemented. A final dataset was recorded with the PPG sensor operating in Algorithm mode 

and sampling at 25 Hz. Doppler radar data is recorded at a sampling rate of 100 Hz for all trials. 

Appendix C contains the Matlab code, PPGTruePODSProcessing.m, developed to extract 

respiration rate from the recorded data. Names of Doppler radar and PPG data files are first 

entered, and proper start and end cutoff times are established to eliminate noise. 

 

5.3.1. PPG Signal Modulations and Filtering  for Respiration 

Figure 5.5 shows the three modulations present in a PPG signal [30]. Amplitude 

modulation, or AM, frequency modulation, or FM (RSA), and baseline modulation, or BM, exist 

in a PPG signal. When filtering the PPG signal for RR, baseline modulation is extracted. When 

filtering the PPG signal for HRV RSA, frequency modulation is extracted, or labelled as RSA in 
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Figure 5.5. Baseline modulation in the PPG signal is from the change in blood volume measured 

by the PPG sensor [31]. 

 

Figure 5.5 PPG signal modulations [30]  

Doppler radar data is filtered for respiration using the Matlab bandpass filter with the 

passband frequency range set from 0.1 to 0.5 Hz, and a FFT is computed to determine the 

dominant frequencies in the signal. PPG data undergoes filtering and FFT computation is 

performed to extract the low frequency respiration component from the raw PPG signal. 

 

5.3.2. HRV RSA RR Extraction 

To determine respiration rate from HRV RSA, a 10th order IIR Bandpass Butterworth 

filter is designed to filter the PPG heart signal using Matlab Filter Designer, seen in Figure 5.6 

An IIR Butterworth filter is selected due to low implementation cost and flat frequency response 

in the passband. The passband is set from 0.8 to 5 Hz. 

 

Figure 5.6 Matlab Filter Designer 
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The Matlab function filtfilt is used to filter the PPG data using the matrix and scale values 

generated by the Filter Designer. The filtfilt function performs zero-phase filtering by processing 

the input data in both the forward and reverse directions.  

The Matlab findpeaks algorithm is configured with a minimum peak distance and 

minimum peak height to accurately find the peaks in the filtered PPG heart signal. For each trial, 

the signal is manually studied to verify proper peak finding performance. See Figure 5.7 for 

filtered signal with heart peaks accurately selected. 

 

Figure 5.7 Heart peaks in PPG signal selected 

After the peak locations and time at which they occur are saved, the timing between 

neighboring peaks is calculated to extract the peak-to-peak timing variability over time. See 

Appendices E-K for graphs of the peak-to-peak variability over time. After using the Matlab 

bandpass filter from 0.1 to 0.4 Hz, the low frequency component corresponding to RR from 

HRV RSA can be extracted by computing a FFT of the signal. 

 

5.3.3. Accelerometer RR Extraction 

 A FFT of the raw accelerometer data is performed to plot dominant frequencies in the 

signal and identify the low-frequency respiration component. The accelerometer axis that is 

selected is dependent on each trial. For example, the Z axis shows a clear respiration signal, 

however certain trials exhibit clearer respiration signal from the Y axis. This is noted in the 

following tables.  

 

5.3.4. Extracted RR Results 

The extracted RR for individual trials across the datasets is contained in the following 

tables. The graphs associated with these tables can be seen in Appendices E-K. Datasets are 

differentiated by individual subjects (Subjects A, B, C, D, E). Breathing rate is the target RR in 
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b/m. Doppler FFT, PPG FFT, and HRV RSA cells contain RR in b/m and the frequency 

associated with the extracted RR from FFT in parenthesis. Accelerometer cells contain RR in 

b/m, the axis used in parenthesis, and the frequency associated with the extracted RR in 

parenthesis. Where applicable, the cutoff times used are marked in the column labelled Time. In 

most trials, the RR extracted from accelerometer data matches the RR extracted from PPG FFT. 

Across all datasets, the average minimum and maximum difference between Doppler 

radar extracted RR and PPG, HRV RSA, and accelerometer methods RR is calculated to 

determine accuracy of PPG, HRV RSA, and accelerometer methods. The average maximum 

difference is 0.342285 b/m. The average minimum difference between Doppler radar extracted 

RR and PPG, HRV RSA, and accelerometer extracted RR is 0.170964 b/m.  

For Table 1 below, the smallest maximum difference between Doppler RR and PPG, 

HRV RSA, and accelerometer methods of 0.09984 b/m occurs at 13b/m, and the largest 

maximum difference of 0.31854 b/m occurs at 15 b/m. The smallest minimum difference of 

0.04236 b/m occurs at 13 b/m, and the largest minimum difference of 0.13884 b/m at 18 b/m. It 

is notable that the HRV RSA RR is closer to Doppler RR in two of three trials 

Breathing 

rate 

Doppler FFT PPG FFT HRV RSA Accelerometer 

(axis) 

Time 

13  13.047 

(0.217454 Hz) 

13.14684 

(0.219114 Hz) 

13.08936 

(0.218156 Hz) 

13.14684 (Z) 

(0.219114 Hz) 

13:40:07 - 

13:44:43 

15 14.95338 

(0.249223 Hz) 

15.06552 

(0.251092 Hz) 

15.03432 

(0.250572 Hz) 

15.27192 (Z) 

(0.254532 Hz) 

13:54:08 - 

13:59:01 

18 18.0723 

(0.301205 Hz) 

18.21114 

(0.303519 Hz) 

18.38484 

(0.306414 Hz) 

18.21114 (Y) 

(0.303519 Hz) 

14:12:56 - 

14:17:25 

Table 1 Subject A 03/24/2022 

  

For Table 2 below, the smallest maximum difference between Doppler RR and PPG, 

HRV RSA, and accelerometer methods of 0.0996 b/m occurs at 13 b/m, and the largest 

maximum difference of 0.56424 b/m occurs at 18 b/m. The smallest minimum difference of 

0.08784 occurs at 13 b/m, and the largest minimum difference of 0.5289 b/m occurs at 18 b/m. It 

is notable that the HRV RSA RR is closer to Doppler RR in all trials. 

At 18 b/m, studying the raw PPG data and FFT plot did not produce a clear low 

frequency respiration component. The subject noted that she was fidgeting during this period, so 

it may help explain the lack of respiration component in the PPG signal. This fidgeting did not 

affect other methods, as respiration rate was extracted from HRV RSA and accelerometer. 

Therefore, if one method does not produce clear results, another method can be selected to 

extract RR. 
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Breathing 

rate 

Doppler FFT PPG FFT HRV RSA Accelerometer 

(axis) 

Time 

13  13.02906 

(0.217151 Hz) 

13.12866 

(0.218811 Hz) 

13.1169 

(0.218615 Hz) 

13.12866 (Z) 

(0.218811 Hz) 

12:43:19 - 

12:48:00 

15 14.95212 

(0.249202 Hz) 

 15.49128 

(0.258188 Hz) 

14.80116 

(0.246686 Hz) 

15.49128 (Z) 

(0.258188 Hz) 

13:05:00 - 

13:09:45 

18 18.09354 

(0.301559 Hz) 

Not clear 17.5293 

(0.292155 Hz) 

17.56464 (Z) 

(0.292744 Hz) 

13:20:20 - 

13:24:52 

Table 2 Subject B 03/24/2022 

 

For Table 3 below, the smallest maximum difference of 0.33192 b/m occurs at 18 b/m, 

and largest maximum difference of 0.70092 b/m occurs at 15 b/m. The smallest minimum 

difference of 0.11202 occurs at 15 b/m, and the largest maximum difference of 0.55896 b/m 

occurs at 13 b/m. In all trials, the PPG and accelerometer RRs are closer to Doppler RRs. 

Breathing 

rate 

Doppler FFT PPG FFT HRV RSA Accelerometer 

(axis) 

Time 

13  13.63038 

(0.227173 Hz) 

13.07142 

(0.217857 Hz) 

13.0239 

(0.217065 Hz) 

13.07142 

(Y)(0.217857 

Hz) 

13:32:35 - 

13:37:08 

15 14.94888 

(0.249148 Hz) 

15.0609 

(0.251015 Hz) 

15.6498  

(0.26083 Hz)  

15.0609 (Y) 

(0.251015 Hz) 

13:47:40 - 

13:52:13 

18 18.02604 

(0.300434 Hz) 

18.16428 

(0.302738 Hz) 

17.69412 

(0.294902 Hz) 

18.16428 (Y) 

(0.302738 Hz) 

14:02:07 - 

14:07:00 

Table 3 Subject C 03/24/2022 

 

For Table 4 below, the smallest maximum difference of 0.1131 b/m occurs at 15 b/m, and 

the largest maximum difference of 0.372 b/m occurs at 13 b/m. The smallest minimum 

difference of 0.07632 b/m occurs at 15 b/m, and the largest minimum difference of 0.372 b/m 

occurs at 13 b/m. The PPG and accelerometer methods produce RRs closer to Doppler RRs in 

two of three trials. 
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Breathing 

rate 

Doppler FFT PPG FFT HRV RSA Accelerometer 

(axis) 

Time 

13  13.416 

(0.2236 Hz) 

13.044 

(0.2174 Hz) 

13.02312 

(0.217052 Hz) 

13.044 (Z) 

(0.2174 Hz) 

12:34:04 - 

12:38:19 

15 14.8191 

(0.246985 Hz) 

14.9322 

(0.24887 Hz) 

14.89542 

(0.248257 Hz) 

14.9322 (Z) 

(0.24887 Hz) 

12:54:56 - 

12:58:59 

18 17.98716 

(0.299786 Hz) 

18.12354 

(0.302059 Hz) 

18.25572 

(0.304262 Hz) 

18.12354 (Z) 

(0.302059 Hz) 

13:12:18 - 

13:17:45 

Table 4 Subject D 03/24/2022 

 

Table 5, below, contains data from two different subjects taken on the same date. Subject 

E and Subject C are differentiated in their trials by E and C, respectively. The smallest maximum 

difference of 0.13686 b/m occurs at E 18 b/m, and the largest maximum difference of 0.78084 

b/m occurs at E 13 b/m. The smallest minimum difference of 0.00594 b/m occurs at E 15 b/m, 

and the largest minimum difference of 0.50496 b/m occurs at E 13 b/m. 

Trials E 18 and C 18 were noted as producing noisy FFT graphs. While there is a peak at 

the frequency of the corresponding RR, the amplitude of the peak is not necessarily larger than 

the amplitude of other surrounding peaks. These FFT graphs can be seen in Appendix I. 

Breathing 

rate 

Doppler FFT PPG FFT HRV RSA Accelerometer 

(axis) 

Time 

E 13 13.44186 

(0.224031 Hz) 

12.9369 

(0.215615 Hz) 

12.66102 

(0.211017 Hz) 

12.9369 (Z) 

(0.215615 Hz) 

14:42:10 - 

14:45:31 

E 15 14.75328 

(0.245888 Hz) 

15.3222 

(0.25537 Hz) 

14.75922 

(0.245987 Hz) 

15.3222 (Z) 

(0.25537 Hz) 

14:34:38 - 

14:38:19 

E 18 18.0318 

(0.30053 Hz) 

18.16866 

(0.302811 Hz) 

Noisy, 

18.14508 

(0.302418 Hz) 

18.16866 (Z) 

(0.302811 Hz) 

14:25:57 - 

14:29:40 

C 18 18.0318 

(0.30053 Hz) 

18.14058 

(0.302343 Hz) 

Noisy, 

18.56964 

(0.309494 Hz) 

18.14058 (Z) 

(0.302343 Hz) 

12:46:22 - 

12:50:22 

Table 5 Additional Data (Subject E, Subject C), samples from 5200-23500, 03/03/2022 

 

For Table 6 below with PPG sensor sampling at 25 Hz in Algorithm mode, the smallest 

maximum difference of 0.06156 b/m occurs at 10 b/m, and the largest maximum difference of 

0.1878 b/m occurs at 15 b/m. The smallest minimum difference of 0.01872 b/m occurs at 13 b/m, 

and the largest minimum difference of 0.11502 b/m occurs at 18 b/m. 
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Accelerometer data for the trial at 15 b/m is noted as not useful. The accelerometer data 

for this trial did not produce any signal related to respiration, and the FFT graph can be seen in 

Appendix Q. It is possible that this data was corrupted, a calibration error occurred, or an error 

with the recording software occurred. This was the only accelerometer data that exhibited this 

issue. 

Breathing 

rate 

Doppler FFT PPG FFT HRV RSA Accelerometer 

(axis) 

10 9.99954 

(0.166659) 

10.05588 

(0.167598) 

10.0611 

(0.167685) 

10.05588 (Y) 

(0.167598) 

13  12.10476 

(0.201746) 

12.1434 

(0.20239) 

12.12348 

(0.202058) 

12.22242 (Z) 

(0.203707 Hz) 

15  14.99934 

(0.249989) 

15.18714 

(0.253119) 

14.92686 

(0.248781) 

Data not useful 

18  17.89398 

(0.298233) 

18.06882 

(0.301147) 

17.77896 

(0.296316) 

18.02442 (Y)  

(0.300407 Hz) 

Table 6 Subject A 25 Hz PPG, samples from 5200-28000, 01/14/2022 
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Chapter 6. Waveform Comparison 
 

A waveform comparison of the filtered Doppler, filtered PPG, and filtered peak-to-peak 

timing signals is performed to analyze how physical phenomena can affect the timing of these 

signals relative to each other. Four datasets are used for this comparison because Doppler radar 

was recorded with timestamps for these datasets. The timestamp for Doppler radar and PPG data 

comes from the computer that is recording the data. These signals can be aligned in time domain 

because the timestamps are from the same clock source. The Matlab addaxis library is used to 

plot these three signals together. Zoomed in graphs are used to discuss the findings from 

studying the waveforms. 

 

6.1. Subject A Waveform Comparison 

See Figure 6.1 for the waveform comparisons. For 13 b/m, the peak-to-peak timing signal 

is slightly out of phase from the filtered Doppler signal. These signals are not completely out of 

phase and usually closer to in phase than not. The filtered PPG signal and peak-peak timing 

signal shows strong RSA, with close to 180° phase difference. The filtered PPG and filtered 

Doppler signals show exactly 180° phase difference. 

For 15 b/m, the peak-to-peak timing signal is similarly slightly out of phase from the 

filtered Doppler signal. The peak-peak timing signal phase is closer to the filtered PPG signal 

across the trial. The filtered PPG and peak-to-peak timing signal RSA correlation is present but 

not as strong as 13 b/m. The filtered PPG signal is again 180° out of phase compared to the 

filtered Doppler signal. 

For 18 b/m, the peak-to-peak timing signal is similarly slightly out of phase from the 

Doppler signal to the 15 b/m trial. The difference is that the peak-to-peak and filtered PPG signal 

phase is almost aligned, demonstrating a very weak, if nonexistent, RSA correlation. The peak-

to-peak and filtered PPG signal are almost 180° out of phase relative to the filtered Doppler 

signal. 
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Figure 6.1 Waveform Comparison for Subject A 13, 15, 18 b/m 

 

6.2. Subject B Waveform Comparison 

See Figure 6.2 for the waveform comparisons. For 13 b/m the peak-to-peak timing signal 

is aligned with the filtered Doppler radar signal. The filtered PPG and peak-to-peak timing signal 

phase alignment shows weak RSA, as sometimes the out of phase RSA correlation is good but at 

other points the signals are aligned. The filtered PPG and Doppler signal show similar 

characteristics to the filtered PPG and peak-to-peak timing signals because Doppler and peak 

timing are aligned. 

 Results are similar for both 15 and 18 b/m trials. The peak-to-peak timing signal is 

aligned with the Doppler signal. Like 13 b/m, the filtered PPG signal and peak-to-peak timing 

signal shows weak RSA correlation, as the signals drift between out of phase and phase 

alignment. The filtered PPG and filtered Doppler signals exhibit similar drift in phase alignment. 

   

Figure 6.2 Waveform Comparison for Subject B 13, 15, 18 b/m 

 

6.3. Subject C Waveform Comparison 

See Figure 6.3 for the waveform comparisons. For 13 b/m, the peak-to-peak signal and 

filtered PPG shows good RSA correlation. The peak-to-peak signal and filtered Doppler signal 

are nearly in alignment, with only a slight phase offset lengthening or shortening over the 

duration of the trial. The filtered PPG and filtered Doppler signals exhibit 180° phase alignment. 

For 15 b/m, the peak-to-peak signal and Doppler signal is similar to 13 b/m, slightly out 

of phase with occasional alignment occurring. The filtered PPG signal and peak-to-peak signal 

phase alignment displays weak RSA as there is not a consistent correlation throughout the trial. 

The filtered PPG and Doppler signals remain 180° out of phase. 

For 18 b/m, the peak-to-peak signal and Doppler signal phase alignment is similar to 13 

b/m with a slight phase offset. This trial shows a stronger RSA correlation with peak-peak and 

filtered PPG signals than previous trials. Finally, the filtered PPG and Doppler signals remain 

180° out of phase. 



31 

 

   

Figure 6.3 Waveform Comparison for Subject C 13, 15, 18 b/m 

 

6.4. Subject D Waveform Comparison 

 See Figure 6.4 for the waveform comparisons. For 13 b/m, the graphs required more 

careful study as the phase characteristics are not as apparent as previous trials. The peak-to-peak 

timing signal is in alignment with the Doppler radar signal to an extent. Weak RSA exists 

between the filtered PPG signal and peak-to-peak timing signal. The filtered Doppler radar signal 

alignment is generally 180° out of phase compared to the peak-to-peak signal. 

 For 15 b/m, the clearest correlation is the phase alignment between the filtered PPG and 

Doppler signal, with the signals remaining 180° out of phase. The peak-to-peak timing is offset 

between the filtered PPG and Doppler signals, with no clear bias of phase alignment towards 

either signal. Weak RSA correlation exists between the filtered PPG and peak-to-peak timing 

signals. 

For 18 b/m, the characteristics exhibited are similar to 13 and 15 b/m trials. The peak-to-

peak signal and Doppler radar signal shows closer phase alignment than previous trials. The 

filtered PPG and Doppler radar signals have the strongest 180° out of phase relationship of these 

trials. 

   

Figure 6.4 Waveform Comparison for Subject D 13, 15, 18 b/m 
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6.5. Waveform Comparison Summary 

Each subject exhibited similar characteristics in the waveforms across all trials. However, 

though certain characteristics are shared across subjects, no two subjectsô waveforms looked 

exactly similar, and more similarity exists within individual subjects rather than across subjects. 

The strongest relationship exists between the filtered PPG signal and filtered Doppler 

radar signal over all trials. The filtered PPG signal is generally 180° out of phase with the filtered 

Doppler signal. The subject inhales, resulting in an increase in amplitude in the Doppler radar 

signal and a decrease in amplitude in the filtered PPG signal. This agrees with previous studies, 

demonstrating blood volume change is consistently affected by respiration [31], and inspiration 

causing lower skin blood flow [32, 33]. As previously mentioned in Chapter 5.3.4, in most trials 

the RR extracted from accelerometer motion data matches the RR from blood volume change 

extracted from the filtered PPG signal. 

Hypotheses were formed that may help explain the phase relationship between the 

filtered PPG signal and filtered Doppler signal. First, not all subjects breathe exclusively from 

their chest. During normal respiratory activity, the abdomen movement is in phase with the chest 

movement. Abdominal movement can become out of phase with chest movement from a few 

degrees to 180° in apnea patients. This is called paradoxical breathing, which may help explain 

differences in phase alignment between different subjects [34]. 

Additionally, subjects may exhibit stronger RSA correlations than others. Strong RSA 

correlation is present when the filtered PPG signal is 180° out of phase with the peak-to-peak 

timing signal. The closer to in-phase the signals become indicates weak RSA correlation. It has 

been shown that decreased inhalation volume and increased respiration frequency can attenuate 

RSA while in a resting state [35(8, 14-16)]. This can explain RSA correlation weakening for a 

subject as the target breathing rate is increased for subsequent trials; a subject takes shallower 

breaths to keep pace with the increase in target breathing rate, as can be seen with Subject A. The 

strength of RSA is an important health metric to consider because age, cardiac health, or even 

effective regulation of stress and emotions can affect HRV and the strength of RSA [36-38]. 
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Chapter 7. Conclusion 
 

7.1. Summary 

Three tools are used to monitor physiological signals and extract respiration rate from 

subjects: a wrist-worn PPG sensor in the form of the HSP, TruePODS Doppler radar sensor, and 

wireless connectivity. Additionally, accelerometer data is used to extract respiration rate. Two 

applications are then discussed for the tools used: remote patient monitoring, and smart building 

applications. A wrist-worn PPG sensor and wireless communication with Doppler radar can 

enable comfortable, accurate, and inexpensive remote patient monitoring. Wireless 

communication paired with Doppler radar can also enable a complete wireless building 

occupancy detection system, with the possibility of utilizing TruePODS to sense occupant 

physiological signals to determine occupant wellness. 

Next, the setup and processing methods for the HSP and Doppler radar data is discussed. 

RRs are extracted from six datasets comprising of five different individuals in varying physical 

environments, with RRs of 13 b/m (0.2 Hz), 15 b/m (0.25 Hz), 18 b/m (0.3 Hz), and one trial at 

10 b/m (0.16667 Hz). High agreeability is shown from the wrist-based extracted RR rate 

compared to Doppler radar, with the average maximum and minimum difference between 

Doppler radar extracted RR and PPG, HRV RSA, and accelerometer extracted RR being 

0.342285 b/m and 0.170964 b/m, respectively. A waveform comparison is performed on four 

datasets and the phase alignment of the signals is analyzed. Hypothesis are formulated which 

may explain the varying phase alignment of the signals: paradoxical breathing, and inhalation 

volume and increased respiration frequency attenuating RSA while in a resting state. 

 

7.2. Future Work 

Future work can include estimating blood pressure using Doppler radar and a wrist-worn 

PPG sensor. Using the timing in the heart peaks from each signal, the differences in timing can 

be extracted to calculate the blood velocity as it is pumped down the arm. An algorithm can be 

developed to calculate the blood pressure in real-time and the calculation can be compared to 

measurements taken using a continuous blood pressure monitor. Additional work can be 

performed with smart watch sensors and Doppler radar, such as user authentication or building 

occupant wellness monitoring. 
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Appendices 
 

Appendix A TruePODSerial.py 

 

import  serial  

from  datetime import  datetime  

 

def  main ():  

    try :  

        # For Windows port use COMX (COM6, COM4, etc.)  

        # Unix systems use /dev/ttyUSBX, etc.  

        ser = serial . Serial ( port = 'COM6' ,  baudrate = 115200 )  

 

        fileName = datetime . now(). strftime ( '%d - %b- %Y- %H- %M- %S')  + '.txt'  

 

        # Open file for writing in binary format  

        with  open ( fileName ,  'wb' )  as  file :  

            lastTime = datetime . now()  

             

            # Loop to continuously read from serial device until interrupted  

            while  True :  

                sample = ser . readline ()  

                print ( sample )  

                file . write ( sample )  

 

                # Format date: Day - Month - Year H:M:S.ms  

                if  ( datetime . now()  -  lastTime ). seconds == 1:  

                    lastTime = datetime . now()  

                    print ( lastTime . strftime ( '%d - %b- %Y %H:%M:%S.%f'))  

                    file . write ( bytes (( lastTime . strftime ( '%d - %b- %Y 

%H:%M:%S.%f' )  + ' \ n' ),  'utf - 8' ))  

    except  KeyboardInterrupt :  # Ctrl + C to exit program  

        print ( 'Program ended by user' )  

 

 

if  __name__ == "__main__" :  

    main ()  
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Appendix B TruePODSPostProcessing.py 

 

import  csv  

from  datetime import  datetime ,  timedelta  

 

# Change file names here, dataFile input, csvFileName output  

dataFile = ' D- 18breaths - 24- Mar- 2022 - 13- 11- 49.txt'  

csvFileName = ' D- 18breaths - 24- Mar- 2022 - 13- 11- 49.csv'  

 

# Variables for storing samples  

sampleLine = []  

sampleLineAll = []  

 

# Open data file and get timestamps  

# Add sample to the timestamp that comes before it  

# Add other samples to own line, timestamps calculated later  

wi th  open ( dataFile ,  'r' )  as  file :  

    for  line in  file :  

        if  len ( line )  > 15:  # Lines containing timestamp  

            line = datetime . strptime ( line . strip ( ' \ n' ),  '%d - %b- %Y 

%H:%M:%S.%f' )  

            sampleLine . append ( line )  

        else :  # Sample lines  

            sample = line . split ()[ 0]  # First elem of sample is ADC output  

            if ( len ( sampleLine )  == 1):  

                sampleLine . append ( sample )  

                sampleLineAll . append ( sampleLine [:])  

                sampleLine . clear ()  

            else :  

                sampleLine . append ( sample )  

                sampleLineAll . append ( sampleLine [:])  

                sampleLine . clear ()  

 

# Get indices of samples that have time attached  

timeIndices = []  

for  elem in  sampleLineAll :  

    if ( len ( elem )  > 1):  

        timeIndices . append ( sampleLineAll . index ( elem ))  

 

print ( 'Indices gathered' )  

 

# Now knowing indices of times, get time and next time  

# Subtract time from next time to find time difference  

# Subtract indices to find num of items between  

# Divide time difference by index difference to get timing of each sample  

for  index ,  indexNum in  enumerate ( timeIndices ):  

    if ( index !=  ( len ( timeIndices )  -  1)):  # At end of timeIndices list  

        # indexNum is timeIndices[index]  

        nextIndex = timeIndices [ index + 1]  

 

        time = sampleLineAll [ indexNum ][ 0]  # Get the time  

        timeNext = sampleLineAll [ nextIndex ][ 0]  # Get the next time  
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        # Get difference between indices to find num of samples in between  

        # Subtract times to get time difference  

        # Divide time difference by index difference for increment of 

time/sample  

        indexDiff = nextIndex -  indexNum  

        timeDiffFloat = ( timeNext -  time ). total_seconds ()  # Convert timedelta  

to float for precision  

        timeFloat = time . timestamp ()  

        sampleTimeDiffFloat = timeDiffFloat /  indexDiff  

 

        # Between time and next time, add sampleTimeDiff to time  

        # Indices 1 - 99, skip first entry because it already has time  

        # Fill in indices between times  

        for  indexElem in  range ( indexNum ,  nextIndex ):  

            if ( indexElem + 1 < nextIndex ):  

                timeFloat += sampleTimeDiffFloat  

                sampleLineAll [ indexElem + 1]. insert ( 0,  

datetime . fromtimestamp ( timeFloat ))  

 

print ( 'All samples timestamped'  )  

 

# Write out to new file  

with  open ( csvFileName ,  'w' ,  newline ='' )  as  csvOut :  

    writer = csv . writer ( csvOut )  

    writer . writerow ([ 'Time' ,  'Sample' ])  

    writer . writerows ( sampleLineAll )  

 

print ( 'CSV written out as %s, program completed.'  % csvFileName )  
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Appendix C PPGTruePODSProcessing.m 

 

clc;  

close all ;  

  

% Files to read  

file = ' A- 13breaths - 24- Mar- 2022 - 13- 39- 30.csv' ;  

ppgFile = ' A- 13breaths - PPG_2022- 03- 24_13 - 38- 04' ;  

  

% Sampling frequency for Doppler and PPG  

fs = 100;  

  

%% Adjust cutoff times  

startTime = datetime( '2022 - 03- 24 13:40:07' );  

endTime = datetime( '2022 - 03- 24 13:44:43' );  

  

%% Import Doppler data  

opts = detectImportOptions(file);  

opts.VariableNamesLine = 1;  

T = readtable(file, opts);  

% Import PPG data  

ppgOpts = detectImportOptions(ppgFile);  

ppgOpts.DataLines = 5;  

ppgOpts.VariableNamesLine = 4;  

ppgTable = readtable(ppgFile, ppgOpts);  

  

%{ 

%% Plot unprocess ed data first to find cutoff times  

% Cut off beginning at 13:12:18  

% Cut off end at 13:17:45  

tempX = T.Time;  

tempY = T.Sample;  

figure;  

plot(tempX, tempY);  

  

tempPpgX = ppgTable.Time;  

tempPpgY = ppgTable.GreenCount;  

figure;  

plot(tempPpgX, tempPpgY);  

%} 

  

%% Select sample with cutoff times  

selected = T(isbetween(T.Time, startTime, endTime), :);  

x = selected.Time;  

y = selected.Sample;  

  

selectedPpg = ppgTable(isbetween(ppgTable.Time, startTime, endTime), :);  

ppgX = selectedPpg.Time;  

ppgY = selectedPpg.GreenC ount;  

ppgAccel = selectedPpg.ZAxisAcceleration_g_;  

  

%% Filter and FFT for Doppler data for respiration  

filteredDoppler = bandpass(y,[0.1 0.5],fs);  

figure;  

plot(x, filteredDoppler);  
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%ylim([ - 100 120])  

xlabel( 'Time' )  

ylabel( 'Relative Amplitude' )  

title( 'Filte red Doppler Signal (fpass = [0.1 0.5] Hz)' );  

  

% FFT of filtered data  

%Window length  

%Retain Magnitude  

%Discard Half of Points  

%Prepare freq data for plot  

nSampsDoppler = length(filteredDoppler);  

fftFilteredDoppler = abs(fft(filteredDoppler));  

fftFilteredDoppler = fftFilteredDoppler(1:nSampsDoppler/2);  

freqFilteredDoppler = fs*(0:nSampsDoppler/2 - 1)/nSampsDoppler;  

  

% Plotting for respiration rate  

figure;  

plot(freqFilteredDoppler, fftFilteredDoppler, 'r' , 'LineWidth' ,1)  

xlim([0.1 2])  

xlabel( 'Freque ncy (Hz)' , 'FontSize' , 10)  

ylabel( 'Magnitude' , 'FontSize' , 10)  

title(append( 'FFT Filtered ' , file), 'Interpreter' , 'none' );  

  

%% Filter and FFT for raw PPG data for respiration  

filteredPpg = bandpass(ppgY,[0.1 0.5],fs);  

figure;  

plot(ppgX, filteredPpg);  

xlabe l( 'Time' )  

ylabel( 'Relative Amplitude' )  

title( 'Filtered PPG Signal (fpass = [0.1 0.5] Hz)' );  

  

% FFT for filtered data  

nSampsFilteredPpg = length(filteredPpg);  

fftFilteredPpg = abs(fft(filteredPpg));  

fftFilteredPpg = fftFilteredPpg (1:nSampsFilteredPpg/2);  

freqFilteredPpg = fs*(0:nSampsFilteredPpg/2 - 1)/nSampsFilteredPpg;  

  

% Plotting FFT for respiration rate  

figure;  

plot(freqFilteredPpg, fftFilteredPpg, 'r' , 'LineWidth' ,1)  

xlim([0.1 2])  

xlabel( 'Frequency (Hz)' , 'FontSize' , 10)  

ylabel( 'Magnitude' , 'FontSize' , 10)  

title(append( 'FFT Filtered ' , ppgFile), 'Interpreter' , 'none' );  

  

%% Filter PPG signal, find peaks, get timestamp of peaks  

filteredSampsSelected = filtfilt(SOS, G, ppgY);  

[pks,locs] = findpeaks(filteredSampsSelected, 'MinP eakDistance' , 40, 

'MinPeakHeight' , 0);  

%x_peaks = duration(locs); % For seconds labels  

x_peaks = ppgX(locs); % For timestamp labels  

  

% Plot to verify selected peaks  

figure;  

plot(ppgX, filteredSampsSelected);  

findpeaks( filteredSampsSelected, 'MinPeakDistance' , 40, 'MinPeakHeight' , 0);  

xlabel( 'Sample Number' );  
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ylabel( 'Relative Amplitude' );  

title( 'Peak Finding' );  

  

% Calculate distances between neighboring peaks  

diffPeaks = diff(x_peaks);  

diffPeaks.Format = 's' ;  

diffPeaks = seconds(diffPeaks); % Convert duration object to double  

  

%% Plot peak to peak timing over time  

figure;  

x_peaks(end) = [];  

plot(x_peaks, diffPeaks);  

xlabel( 'Time' );  

ylabel( 'Peak - to - Peak Timing (sec)' );  

title( 'Peak - to - Peak Variability Over Time' );  

  

%% FFT RSA 

% Find total time start - finish of samples, then calculate sampling freq  

totalTime = x_peaks(end) -  x_peaks(1);  

totalTimeSec = seconds(totalTime);  

fs2 = length(diffPeaks) / totalTimeSec;  

filteredRsa = bandpass(diffPeaks ,[0.1 0.4],fs2); % Filter for 9 - 21 b/m  

  

% FFT for peaks  

nSampsDiffPeaks = length(diffPeaks);  

fftPeaks = abs(fft(diffPeaks));  

fftPeaks = fftPeaks(1:nSampsDiffPeaks/2);  

freqPeaks = fs2*(0:nSampsDiffPeaks/2 - 1)/nSampsDiffPeaks;  

  

% Plotting for respiration ra te  

figure;  

plot(freqPeaks, fftPeaks, 'r' , 'LineWidth' ,1)  

xlim([0.1 0.5])  

xlabel( 'Frequency (Hz)' , 'FontSize' , 10)  

ylabel( 'Magnitude' , 'FontSize' , 10)  

title( 'FFT of HRV' );  

  

%% Waveform comparison plots  

% Filtered Doppler vs peak - to - peak variability  

% Tighter passband frequency range to clean signals for comparison  

newFilteredPpg = bandpass(ppgY,[0.15 0.4],fs); % 9- 24 b/m  

newFilteredDoppler = bandpass(y,[0.15 0.4],fs);  

  

figure;  

plot(x, newFilteredDoppler, 'Color' , '#FFDB58' , ' LineWidth' , 1.2); % Yellow  

ylabel( 'Relative Amplitude' );  

addaxis(ppgX, newFilteredPpg, 'r' , 'LineWidth' , 1.2); % Red 

addaxis(x_peaks, filteredRsa, 'b' , 'LineWidth' , 1.2); % Blue  

xlabel( 'Time' );  

legend( 'Filtered Doppler' , 'Filtered PPG' , 'Peak - to - Peak Timin g' );  

title(append( 'Waveform Comparison ' , file), 'Interpreter' , 'none' );  

  

%% FFT accelerometer data to extract respiration  

%filteredAccel = bandpass(yAxisAccel,[0.1 0.5],fs);  

nSampsAccel = length(ppgAccel);  

fftAccel = abs(fft(ppgAccel));  

fftAccel = fftAccel (1:nSampsAccel/2);  
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freqAccel = fs*(0:nSampsAccel/2 - 1)/nSampsAccel;  

figure;  

plot(freqAccel, fftAccel, 'r' , 'LineWidth' ,1);  

xlim([0.1 2])  

xlabel( 'Frequency (Hz)' , 'FontSize' , 10)  

ylabel( 'Magnitude' , 'FontSize' , 10)  

title(append( 'FFT Z Axis Accelerometer ' , ppgFile), 'Interpreter' , 'none' );  

  

%{ 

%% Export figs to PDF  

fn = ' A13Figs';  

fighandles = findall(groot, 'Type', 'figure');  

  

for i = 1:numel(fighandles)  

    export_fig(fn, ' - pdf', fighandles(i), ' - append');  

end  

%} 
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Appendix D RealTimePlotCircularV7_PythonV1.py 
import  serial  

from  datetime import  datetime  

import  numpy as  np 

import  shutil  

from  ftplib import  FTP 

#from scipy import signal  

 

ser = serial . Serial ( port = '/dev/serial0' ,  baudrate = 115200 )  

 

# Persistent variables for functions  

acc = None 

hist_x = None 

hist_y = None 

mn = None 

mx = None 

mxpos = None 

lookformax = None 

startRI = None 

reStartRI = None 

stopRestart = None 

maxFounded = None 

total = None # Replaced sum  

nElRI = None 

 

 

def  main ():  

    # Set upload interval in min, track uploads per day and reset every day  

    uploadInterval = 1 

    uploadNum = 0 

 

    # Variables  

    sampleADC = 0 

    sampleDSP = 0 

    sampleDSPMat = 0 

    sampleStartRI = 0 

 

    time = ''  

    serialIn = ''  

    uploadNum = 1 

    sen = 0 

    j = 1 

    riS = 0 

    riLen = 2000  

 

    N = 13500  # N is the number of samples  

    winLength = 1000  

    circADC = np. full ([ 1,  winLength ],  np. nan )  # Or not as numpy array [None] 

* winLength  

    circDSP = np. full ([ 1,  winLength ],  np. nan )  

    circDSPMat = np. full ([ 1,  winLength ],  np. nan )  

    ri = np. full ([ 1,  winLength ],  np. nan )  

    riArr = np. full ([ 1,  riLen ],  1)  # Or not as numpy array [1] * riLen  

    #x = np.arange(winLength).reshape(1, winLength) # Fill with sequential 

values  
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    # Define arrays for saving  

    #sampleADCAr = np.full([1, N], np.nan) # Or not as numpy array [None] * N  

    #sampleDSPAr = np.full([1, N], np.nan)  

    #riSAr = np.full([1, N], np.nan)  

    #stateRIAr = np.full([1, N], np.nan)  

 

    r iPeak = 0 

    thresholdPD = 50 

    state = 0 

 

    thresholdRILow = 800  # Can reset these  

    thresholdRIHigh = 1200  

    stateRI = 0 

    firstState = True  

    prevStateRI = 0 

 

    # FIR filter init  

    fc = 10 # Corner frequency  

    fs = 100  # Sampling rate  

    fc_n = ( fc *  2)  /  fs # Normalized frequency  

    fl = 100  # Filter order  

    #B = signal.firwin(fl, fc_n, window='hamming', pass_zero='lowpass') # 

Filter with an order of fl and corner ferquency fc, 100 and 0.2  

    #BFi = B * 16384  

    #BF = [int(x) for x in BFi]  

 

    # Can use filter from SciPy or following generated from matlab fir1  

    BF = np. array ([ 0,  - 5,  - 9,  - 9,  - 6,  0,  8,  14,  16,  11,  0,  - 15,  - 27,  - 30,   

    - 21,  0,  27,  48,  53,  37,  0,  - 45,  - 81,  - 89,  - 60,  0,  73,  129 ,   

    141 ,  96,  0,  - 115 ,  - 203 ,  - 223 ,  - 151 ,  0,  183 ,  327 ,  362 ,  250 ,   

    0,  - 317 ,  - 586 ,  - 679 ,  - 495 ,  0,  756 ,  1642 ,  2475 ,  3067 ,  3282 ,   

    3067 ,  2475 ,  1642 ,  756 ,  0,  - 495 ,  - 679 ,  - 586 ,  - 317 ,  0,  250 ,   

    362 ,  327 ,  183 ,  0,  - 151 ,  - 223 ,  - 203 ,  - 115 ,  0,  96,  141 ,  129 ,   

    73,  0,  - 60,  - 89,  - 81,  - 45,  0,  37,  53,  48,  27,  0,  - 21,  - 30,   

    - 27,  - 15,  0,  11,  16,  14,  8,  0,  - 6,  - 9,  - 9,  - 5,  0])  

 

    hisL = 101  

    his = np. full ([ hisL ,  1],  0)  

 

    #fid = open('test.txt','a+')  

    #fid.write('DateTime, Radar_Output, Ambient_Light \ n' % ())  

 

    # BEFORE WHILE LOOP 

    fileOut = open ( 'test.txt' ,  'w' )  

    fileOut . write ( 'DateTime, Radar_Output, Ambient_Light \ n' )  # Write header  

    lastUploadTime = datetime . now()  

 

    # Uncomment to record the ADC output from TruePODs 

    #adcOut = open('adcOut.txt', 'w')  

 

    # Test while true, j < N  

    while ( True ):  

        try :  

            serialIn = ser . readline ()  

            serialIn = serialIn . decode ( 'utf - 8' ). strip ()  

 

            # Split input and convert to int  
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            inSplit = serialIn . split ()  

            sampleADC = int ( inSplit [ 0])  

            sampleDSP = int ( inSplit [ 1])  

            sampleStartRI = int ( inSplit [ 2])  

            #adcOut.write(sampleADC)  

             

            # Format time as Day - Month - Year Hours:Min:Sec  

            time = datetime . now(). strftime ( '%d - %b- %Y %H:%M:%S')  

        except  Exception  as  e:  

            print ( e)  

        finally :  

            pass  

 

        # DC Removing, DSP FIR filtering  

        #if (j < 150):        

            # pole = 0.9  

        #    sampleDSPMat = dcremFixIISingle(sampleADC, 3277)         

        #else:  

            # pole = 0.999  

        #    sampleDSPMat = dcremFixIISingle(sampleADC, 33)  

         

        # pole = 0.999  

        sampleDSPMat = dcremFixIISingle ( sampleADC,  33)  

 

        # FIR filtering  

        his [ - 1][ 0]  = sampleDSPMat  

        sampleDSPMat = mCfirConvSingleFix ( BF,  his )  

 

        # his moving  

        for  K in  range  ( hisL -  1):            

            his [ K][ 0]  = his [ K + 1][ 0]  

 

        # circular buffers  

        #x = np.append(x[0][1:], ((winLength -  1) + j)).reshape(1, winLength)  

 

        circADC = np. append ( circADC [ 0][ 1:],  sampleADC). reshape ( 1,  winLength )  

        circDSP = np. append ( circDSP [ 0][ 1:],  sampleDSP). reshape ( 1,  winLength )  

        circDSPMat =  np. append ( circDSPMat [ 0][ 1:],  sampleDSPMat ). reshape ( 1,  

winLength )  

 

        # RI  

        riS = riS + abs ( sampleDSP)  

 

        if ( sampleStartRI == 1):         

            ri = np. insert ( np. multiply ( riArr ,  riS ),  0,  ri [ 0][ - 1],  axis = 1)  

             

            if ( riS > thresholdRIHigh ):  

                stateRI = 1 

            elif ( riS < thresholdRILow ):  

                stateRI = 0 

 

            #print('Time %s riS = %d stateRI = %d \ n' % (time,riS,stateRI))  

 

            # Write state on first iteration to ensure there is a beginning  

            # May result in a duplicate first event  

            if ( firstState ):  

                print ( 'First state!' )  
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                #fileOut.write(time + ', ' + stateRI + ', 0 \ n' )  

                fileOut . write ( '%s, %d, 0 \ n'  % ( time , stateRI ))  

                firstState = False  

 

            # Only write update if state has changed  

            if ( stateRI !=  prevStateRI ):  

                fileOut . write ( '%s, %d, 0 \ n'  % ( time , stateRI ))  

                print ( stateRI )  

                print ( 'Time %s riS = %d stateRI = %d \ n'  % 

( time , riS , stateRI ))  

 

            prevStateRI = stateRI  

 

            # To upload to FTP server  

            if  (( datetime . now()  -  lastUploadTime ). total_seconds ()  /  60 > 

uploadInterval ):  

 

                # Reset upload number on new day  

                if  ( datetime . now(). weekday ()  !=  lastUploadTime . weekday ()):  

                    uploadNum = 0 

 

                fileOut . close ()  

 

                lastUploadTime = datetime . now()  

                uploadTime = datetime . now(). strftime ( '%y%m%d')  

                fileUpload = 'FTP - TEST_NEF_%s_%d.txt'  % ( uploadTime ,  

uploadNum )  

                uploadNum += 1 

 

                # Copy temp file to new file for upload  

                shutil . copyfile ( 'test.txt' ,  fileUpload )  

 

                # After copy, open new instance to overwrite existing data  

                fileOut = open ( 'test.txt' ,  'w' )  

                fileOut . write ( 'DateTime, Radar_Output, Ambient_Light \ n' )  # 

Write header  

 

                # Login only when uploading file  

                ftp = FTP( ' ********** ' )  

                ftp . login ( user =' ********* ' , passwd =' ********* ' )  

 

                with  open ( fileUpload ,  'rb' )  as  file :  # Upload to FTP server  

                    ftp . storbinary ( f 'STOR {fileUpload}' ,  file )  

 

                print ( 'File uploaded to data platform successfully' )  

                ftp . quit ()  

 

            riS = 0 

 

        #j = j + 1  

 

 

def  dcremFixIISingle ( x,  A):  

    global  acc  

    global  hist_x  

    global  hist_y  
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    if ( acc is  None):  

        acc = 0 

        hist_x = 0 

        hist_y = 0 

 

    acc = acc -  hist_x  

    hist_x = x << 15 # Left shift x by 15 bits  

    acc = acc + hist_x  

    acc = acc -  ( A *  hist_y )  

    hist_y = acc >> 15 # Right shift acc by 15 bits  

 

    return  hist_y  

 

 

def  mCfirConvSingleFix ( coef ,  hist ):  

    Nc = len ( coef )  

    summed = 0 # Replaced sum  

    pom = 0 

    #in = 0  

 

    for  k in  range ( Nc):  

        pom = hist [ Nc -  ( k + 1)][ 0]  *  coef [ k]  

        summed = summed + pom 

 

    summed = summed >> 14 

 

    return  summed 

 

 

if  __name__ == "__main__" :  

    main ()  
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