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There is now a significant body of evidence that links human behavior to human health and well-being. 
In fact, for some behaviors like smoking, the harm to health is so well documented that it has led to 
public health policies, such as banning smoking inside buildings. Similarly, there is also growing evidence 
documenting the health benefits of many behaviors, e.g., regular exercise and healthy eating. However, 
we are only beginning to understand the deep bi-directional connections between human behavior 
and biology, largely powered by the rapidly increasing body of knowledge from the field of behavioral 
epigenetics. Since 2000, an explosion of results are unraveling the two-way pathways of how our molecular 
biology influences our behavior and how our behavior influences our molecular biology. Ph
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That is, perhaps in future, our clinical 
prescription will include medications and 
behaviors, both quantitatively specified. 

This brings us to the core challenge that 
is the focus of this article: bio-behavioral 
sensing. For any individual, behaviors are 
complex, personal, intertwined, vary over 
time and influenced by the context. Our 
behaviors happen during the act of living 
our lives, and are both a manifestation of 
our self and our reactions to the external 
world. Any measurement of behavior(s) 
thus has to be in-situ, continuous (or at least 
periodic) and unobtrusive. The three most 
common instruments in use by behavioral 
scientists and practitioners are (i) self-recall 
of one’s own behavior, i.e. a questionnaire 
(ii) observation by a trained observer, and 
(iii) sensor-based behavioral estimation. 
Of the three categories, the first two by far 
dominate the area of behavioral sciences and 
intervention, largely because of the lack of 
sensor-based technologies that can estimate 
and track complex behaviors. In fact, there 
are very few examples in the third category 
of sensor-based behavioral estimation, with 
by far the most well-known example being 
wearables for monitoring physical activity. 

BIO-BEHAVIORAL SENSING
At Rice Scalable Health Labs, we have 
identified and are laying the foundations 
for the area of bio-behavioral sensing. 
American Heritage Medical Dictionary 
defines bio-behavioral as “of or relating to the 
relationships among behavioral, psychosocial 
and biological processes, as in the progression 
or treatment of diseases” – note the emphasis 
on relationships. Thus, a natural definition for 
bio-behavioral sensing is the “measurement 
of the relationships among behavioral, 
psychosocial and biological processes.” 
However, the measurement of relationships 
often turns out to be very challenging. 
Thus, to make progress, a more workable 
definition is the “simultaneous measurement 
of behavioral, psychosocial and biological 
processes,” with a special emphasis on making 
these measurements unobtrusive, continuous 
and mobile as needed by the application. 

Perhaps the best example of bio-
behavioral sensors are the wrist-wearables, 
like Apple Watch and Fitbit. These devices 
can measure both a bio-marker (e.g., heart 
rate) and a behavior (e.g., type of physical 
activity and some measure of its intensity). 

Epigenetics refers to how genetic 
material is expressed, i.e. activated 
or deactivated, based on context. 
For many of us, the contextual 
expression of the DNA is news, 

as we grew up learning that our basic 
characteristics are shaped by the DNA, fixed 
at birth and completely out of our control. 
However, epigenetics has revealed that 
DNA works like a dimmer switch, where 
the extent of expression by a particular 
gene depends on its epigenetic state, which 
in turn depends on several factors, many 
of which are contextual. That is, a gene 
may not express at all, express a little bit or 
express fully. Gene expressions can, and do 
change during our lifetimes, influenced by 
our behaviors and context. For example, a 
recent retrospective study [1] concluded 
that there is evidence that mind-body 
interventions reduce the expression of genes 
related to chronic inflammation. These 
new preliminary explorations have brought 
us to the cusp of perhaps explaining how 
age-old ideas to live a healthy life could be 
explained by the link between behavior and 
biology. In fact, some communities seem 
to know intrinsically the secret to leading 
long healthy lives, see example, the Okinawa 
Centenarian Study [33], which is a decades-
long study in Okinawa, Japan, to understand 
the secrets of one of the healthiest 
communities in the world. 

Despite deep new insights relating 
behavior to health, we are far from 
understanding the complex relationships 
in the bi-directional pathways between 
behaviors and biology. That lack of 
understanding means that we are still in the 
early stages of evidence-based bio-behavioral 
interventions. In fact, if we could design 
bio-behavioral interventions, there is a good 
chance that we can increase the effectiveness 
of current (bio-)medical interventions. 

These wearables can record bio-behavioral 
markers unobtrusively, continuously and 
are mobile by design. The sensors do 
not directly measure relationships but 
measurement of both physiological and 
behavioral information simultaneously could 
potentially be used to infer relationships. 
We note that accelerometer-based wearables 
started out as a research device used by 
clinical researchers to characterize the 
type and quantity of physical activity, and 
understand how activity correlated with 
different health metrics (e.g., weight status). 
Today, wearables have transitioned from 
being a research device to a consumer device 
that is widely available and used. 

In the sequel, we outline three research 
directions, highlighting a clinical problem 
and need for engineering innovations. In 
each case, we highlight preliminary progress 
based on our ongoing research in Rice 
Scalable Health Labs. A fundamental design 
maxim in our research is to ensure mobility 
and scalability of proposed solutions. The 
two requirements often then conspire to 
limit us to use hardware that are off-the-
shelf, battery-powered and scalable, and 
augmenting the hardware with algorithmic 
intelligence to achieve the desired goals. 

While the problem descriptions are 
directly driven by healthcare challenges, we 
view our research endeavors to design new 
bio-behavioral sensors as new “microscopes” 
to empower healthcare researchers in asking 
and answering bio-behavioral questions, 
much like the optical microscopes that were 
and continue to be a core instrument in 
science. It is important to remember that 
accurate measurements are fundamental to 
any science, and hence critical to scientific 
progress. Hence our first metric of success is 
the ability to measure human bio-behavioral 
phenomena accurately. Building on this first 
metric is our second success metric, which is 
to enable accurate answers to the healthcare 
scientist’s questions, thereby advancing 
clinical knowledge about human health. 
With new bio-behavioral science discoveries, 
powered by the new bio-behavioral sensors, 
we believe new bio-behavioral clinical 
interventions will naturally follow. 

We expect that as the community makes 
progress, we will see the formation of new 
taxonomies, and a deeper understanding 
of fundamental aspects of bio-behavioral 
sensing.

AT RICE SCALABLE 
HEALTH LABS, WE 
ARE LAYING THE 
FOUNDATIONS FOR 
THE AREA OF BIO-
BEHAVIORAL SENSING
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A WARM-UP EXAMPLE: 
COMPETENCE OF DRUG USE
Medication adherence and competence 
continue to be the big challenges in 
healthcare. Simply put, a large fraction of 
patients [4] do not adhere to prescribed 
medication regimen. Furthermore, many 
of those who do take the medications tend 
to make mistakes, especially for those 
medications that require a complex protocol 
for usage, e.g., inhaler use for chronic 
pulmonary diseases. Medication adherence 
and competence are behaviors that have 
direct impact on the patient’s health, and 
hence we classify them as bio-behavioral 
challenges; in this case, medication-use 
behavior impacts the patient’s biology. 
Ideally, bio-behavioral sensors should be 
able to measure medication adherence and 
competence, and its impact on the relevant 
biomarkers, e.g. insulin use and its impact 
on a patient’s glucose. These measurements 
also hold the potential for personalized 
understanding and adaption of medication 
delivery (see for e.g, [2]). 

A number of technologies have been 
invented to address non-adherence in inhaler 
use and these can be classified mostly as 
reminder systems built into the medication 
delivery platforms, e.g., SmartTouch from 
Adherium, Propeller Health Sensor, Cohero 
Health [5-7]. 

However, unlike adherence, competence 
in medication use has received much less 
attention. We highlight the case of the 

inhaler, which is used by millions to manage 
their chronic lung conditions, such as 
asthma and COPD (Chronic Obstructive 
Pulmonary Disease). Metered Dose Inhalers 
(MDI), are most commonly used by many 
patients, and by utilizing a propellant-
mixed medication, provide the fastest and 
most effective delivery mechanism for many 
patients. However, MDI guidelines [3] require 
nine steps, many of them vaguely defined. 
For example, “take a slow deep inspiration, 
press down on the inhaler one time and keep 
breathing in,” is one of the nine required 
steps. Clearly such vague non-quantitative 
guidelines are hard to follow. Not surprisingly, 
many observation based studies [8-10] have 
noted that 70-90% of patients make errors, 
despite repeated training.

In the first-of-its-kind studies [11], we 
utilized an MDI with a sensor-equipped cap, 
known as CapMedic, shown in Figure 1  
to measure not only the type of errors but 
also their severity. The sensor-equipped 
MDI could measure (i) number/intensity 
of shaking, (ii) orientation of MDI during 
actuation, (iii) coordination between 
actuation and inhalation, (iv) inhalation 
flow-rate, (v) inhalation duration and (v) 
smoothness of inspiration (i.e., continuous 

and without hesitations). The sensor-based 
measurement of patient inhaler behavior 
in the pilot study revealed that all patients 
made at least one error in their inhaler 
use and 74% made three or more errors. 
Further, 60% of the errors were missed 
through observation-only methods due 
to the lack of quantitative measures and 
human error.  

In a related work [12], we characterized 
the impact of inhaler use errors on the 
overall medication deposition in the lungs. 
By leveraging the human participant 
measurements from [11], we developed a 
testbed, shown in Figure 2, for repeatable 
testing of inhaler drug deposition by 
accurately controlling the type and 
intensity of errors. The MDI techniques 
used in the experiments were developed 
based on the dynamics of the patient’s MDI 
use recorded in the clinic setting [11] and 
emulated in the controlled environment of 
the lab to mimic both the MDI technique 
and the body’s internal pathway where the 
aerosol medication travels (see Figure 3). 
The main errors studied were coordination 
of actuating the MDI, the inspiratory flow 
rates and duration of inspiration. Our 
results were rather striking – the total 

FIGURE 1. CapMedic is a sensor-equipped 
cap for MDI and measures inhaler adherence 
and competence.

FIGURE 2. The figure shows a photograph of the actual setup used in the in vitro lung 
deposition experiments [12]. A PC (personal computer) controls the motorized robotic MDI 
actuator, two flow meters, and the inspiration machine (PWG, i.e., Pulmonary waveform 
generator). All the parts of the system are sealed using silicone connectors to minimize 
air leaks. The MDI is connected to the AIT (Alberta Idealized Throat, see Figure 3), which 
represents the mouth-throat part of the body. The AIT is then connected to the collection 
filter, which acts as the lungs of the body. The different combinations of MDI techniques, 
inspiratory flow rates, duration of inhalations, and time of actuation are produced using 
the combination of the programmable PWG and motorized actuator.
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amount of drug delivered to lungs can vary 
anywhere from a measly 6% to a high of 
about 46%. The results also rank the usage 
errors in terms of their importance. In the 
study, coordination was found to be the most 
critical MDI use step, reducing deposition 
by 23% when incorrect. Coordination refers 
to the timing difference between start of 
inhalation and inhaler actuation, with positive 
coordination desirable, i.e., a patient should 
start inhaling just before actuating the inhaler.  

The MDI is a life-saving drug for 
patients, for example, when an asthma 
patient is having an attack. However, unlike 
a pill, where we know exactly how much 
medication is delivered, the delivered drug 
from an inhaler varies from one use to 
another, making it impossible for patients 
and providers to learn the actual amount  
of the delivered drug.

Our two studies point to a possibility 
for inhalers to measure a patient’s 
MDI use behavior and its impact on 
lung deposition of medication, thereby 
connecting behavior to (biological) 
impact of medication.

Ongoing work by Cognita Labs, a 
Scalable Labs spinoff that developed 
CapMedic (Figure 1), is focused on 
building engagement tools to measure and 
improve patient competence of MDI usage. 
Such intelligent tools not only inform the 
patient about their MDI-use behavior but 
also provide intuition about efficacy of 
medication delivery, previously unavailable 
to both patients and healthcare providers.

SMARTPHONE AS A “WEARABLE” 
FOR MENTAL HEALTH
The World Health Organization (WHO) 
estimates that the global healthcare burden 
of neuropsychiatric disorders is higher than 
all other categories of health disorders. 
Depression, especially Major Depressive 
Disorder (MDD), is one of the leading 
neuropsychiatric disorders that is projected to 
become the leading cause of disability by 2030 
[13]. MDD is a highly treatable disorder and 
thus a good target for improving outcomes 
with improvements in the diagnostic and 
therapeutic advances. However, there are 
unique challenges with regards to diagnosis, 
treatment and follow-up in mental health. 
Mental health is one of the few sub-disciplines 

in healthcare that completely relies on 
patient supplied information, obtained 
from standardized interviews. In contrast, 
almost every other medical condition (e.g., a 
cardiac problem) is confirmed by performing 
diagnostic tests, often triggered by patient-
reported symptoms. 

Our goal is to develop a wearable that 
can act as a source of quantitative sensor-
based measurements for mental health. As 
one dives deeper into this question, one 
recognizes the significant challenge of this 
goal. For example, one of the questions 
asked in depression evaluation is to self-
evaluate “interest or pleasure in doing 
things.” The question makes perfect sense 
to a human but can we build a sensor for it? 
We will discuss this question in more depth 
below, but one thing is clear: 
 

When a bio-behavioral sensor can 
replace asking a question, it opens 
up new possibilities in the design of 
clinical interventions.  

One has to adopt a radically different 
approach to answer qualitative questions, 
such as the ones above using quantitative 
sensor-based measurements. The key is to 
recognize that conditions, such as depression, 
often manifests itself with external symptoms 
of reduced communication and mobility of 

the person. This leads us to wonder whether 
we can decipher their mental health status 
from a sensor that measures mobility and 
communication patterns. This idea has led 
to recent research [18-22] that has used 
smartphones as a proxy for understanding 
mental health status, since we now literally 
“wear” our smartphones – using them for 
communication in many different ways and 
carrying them as we move throughout the day.  
Our recent studies are the first ones that study 
clinically diagnosed populations, suffering 
from depression, some also suffering from 
anxiety [23]. Additionally, in one of our 
studies, we gather additional daily inputs 
from the parents of the teenage patients, 
providing us with a dimension of data that 
has never been collected before [24].  

Below, we highlight key findings from 
two of our ongoing project studies, titled 
SOLVD and SOLVD-Teen, where SOLVD 
stands for Smartphone and OnLine-usage-
based eValuation for Depression.

Our first study, called SOLVD, [23] 
focused on adults, and had 22 depression 
patients (18 females and 4 males) with an 
average age of 51. All patients provided 
three forms of data, as depicted in Figures 
4 and 5: (i) a regular psychometric exam 
in the clinic, using three standard mental 
health instruments – PHQ-9 (Patient 
Health Questionnaire [14,15]), HamiltonD 
(Hamilton Rating Scale for Depression [16]) 
and HamiltonA (Hamilton Anxiety Rating 
Scale [17]), (ii) self-reported daily mood 
using Rice-developed Mood app, and (iii) 
smartphone usage automatically logged by 
a Rice-developed background Logger app 
installed on their personal smartphones. 

The population had significant ongoing 
depressive symptoms with mild to moderate 
concomitant anxiety symptoms. The average 
PHQ-9 score was 14.1 (max possible of 
27), average HamiltonD score 13.4 (in the 
moderate range) and average HamiltonA 
score is 16.6 (mild to moderate anxiety, total 
score up to 56). The co-existence of anxiety 
and depression symptoms is not surprising, 
as it is common clinically. However, the 
fact that our sample population has anxiety 
scores that border on the moderate/severe 
range suggests that controlling for anxiety 
is essential when conducting clinical 
work on depression, as patients may not 
be able to differentiate the two kinds of 
symptoms easily. Though the study is still 
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FIGURE 3. An anatomically correct, adult-size 
mouth-throat cast called Alberta Idealized 
Throat or AIT (manufactured by Copley 
Scientific Ltd., United Kingdom). The throat 
emulates the mouth and throat pathway 
traveled by the aerosol medication, in a lab 
setting, and the deposition of medication in 
the AIT has been validated through extensive 
in-vivo studies.

MouthThroat
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in preliminary stages, the pilot has already 
yielded important insights, first-of-its-kind 
for clinically depressed populations. 

•  All patients were comfortable with 
technology use and did not perceive it 
as intrusive or constituting a breach of 
privacy. The issue of privacy has often 
been considered to be a major barrier to 
behavior monitoring via background and 
continuous monitoring of smartphone 
usage. The biggest factor in patients’ 
acceptance was the knowledge that only 
their doctors will view the data.  

•  Our subject population has an average age 
of 51, and belongs to a demographic with 
lower use of smartphones compared to 
the US average and typically a somewhat 
limited social network. Yet, feedback 
from subjects was positive, and suggests 
a beneficial role of technology in the 
general adult population.  

•  There was a strong correlation between 
self-reported level of Mood and clinical 
assessments conducted by a trained 
clinician, using standardized instruments 
PHQ-9, HamiltonA and HamiltonD. 
This result was the first such report in 
the literature linking self-reported mood, 
and clinician administered anxiety and 
depression assessments. 

•  There was also a correlation between 
overall activity level, captured via GPS 
locations throughout the day, and the self-
reported Mood. While similar correlations 
have been reported in earlier papers [8, 9, 
10], we highlight that our results are the 
first for clinically depressed populations 
that also have strong symptoms of anxiety. 

In our second study SOLVD-Teen [24], 
we expanded on the data protocol (see 
Figure 5) and performed a first-of-its-kind 
clinical study for teenagers with depression. 

The key differences from our first SOLVD 
study are threefold. First, there is now a 
“human sensor,” the teen’s parent, who 
provides input on the perceived mental 
status of their teenager. Often parents are in 
a good position to evaluate their children’s 
health status, especially those who are their 
primary caregiver. This is the first study 
where such data has been collected. Second, 
we also record data about parent’s well-being 
and their smartphone usage with the same 
Logger app. In fact, 5 out of 11 parents in 
our study were suffering from depression 
themselves; 3 out of 5 diagnosed as mild 
to moderate depression, and another two 
diagnosed with moderately-severe to severe 
depression. Finally, both the self-input data 
and the measured smartphone data are more 
temporally fine-grained than in the first study.

Our SOLVD-Teen data analysis shows:

•  The parent’s evaluation of teen’s 
mood status is moderately correlated 
(correlation coefficient of 0.382 with  
p < 0.01) with the teen’s self-evaluation. 
At the same time, parents’ self-evaluated 
mood status and their own smartphone 
usage is not correlated with teen’s data. 
This is crucial – even the parents who 
are depressed show the ability to evaluate 
others accurately. 

•  We utilize linear and support-vector 
regressors to use patient-input and sensor 
data in different subsets to compute the 
accuracy in predicting PHQ-9 scores. In 
this case, we use following aggregated 
sensor data: (i) the number of steps taken 
during day time and night time, (ii) the 
total distance travelled per day, measured 
from GPS data, (iii) the number of phone 
calls & text messages with the top 10 most 
frequent contacts, and (iv) the average 
call duration/text message length.

• We highlight three subsets of results, in 
predicting PHQ-9 

–  Sensor data: Using only the sensor 
data from Teen’s MobileLogger 
app, the root mean square error in 
estimating PHQ-9 is 2.77; recall  
PHQ-9 can vary from 0 to 27. 

–  Teen self-inputs, Parent self-inputs 
and sensor data: Using support vector 
regressor (which performs better than 
linear regressor in this case), the root 
mean squared error drops to  2.65 
when using all three forms of data.  

FIGURE 4. Data collection types over time for both SOLVD and SOLVD-Teen studies.

FIGURE 5. The type of data collection for both SOLVD and SOLVD-Teen studies. SOLVD-Teen has 
two more data elements – Parent input and Parent logger app data.  

[ARM'S LENGTH]
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It is clear that adding the teens’ and 
parents’ input actually improves the prediction 
accuracy. But perhaps the promising result 
is that pure sensor data is reasonably 
accurate in estimating the depressive state 
of the teenagers. As we mentioned earlier 
in the section, a useful bio-behavioral 
sensor should be able to replace asking 
a question with automatically measured 
information. While the current pilot results 
are very promising, much remains to be 
done: evaluation in larger and more diverse 
populations (i.e., more data), improvement 
of analysis for this highly multi-modal data 
(i.e., better data analysis) and addition of 
physiological measures (i.e., more forms of 
data). The last point sets up the stage for the 
next section.  

NEXT FRONTIER:  
PEERING BELOW THE SURFACE
In recent interesting studies [25, 26], chess 
players’ heart-rate was measured while 
they played competitive chess games. It was 
discovered that their heart rate increased 
by 75-80 beats/min (nearly doubling the 
base heart rate in some cases) as the game 
proceeded, and the increase was correlated 
with available time for the moves and the 
imbalance in board; that is mental stress 
caused significant physiological change. This 

fact, that our cognitive status impacts our 
physiology, is well understood (an excellent 
book-length exposition can be found in 
[27]). In fact, the study in [26] concluded 
that heart rate may be one of the markers 
for cognitive engagement. This opens a 
tantalizing opportunity for bio-behavioral 
sensing. If we can measure physiology, 
e.g., blood flow–related quantities like 
heart-rate, heart-rate variability and even 
spatial distribution of blood perfusion, we 
could potentially learn causal pathways 
between the activity and its impact on 
us. For example, heart-rate variability is 
related to stress and if it could be part of 
the SOLVD apps (see “Smartphone as a 
‘Wearable’ for Mental Health”), then mental 
health patients could benefit from their 
smartphone apps also monitoring their 
physiological stress level markers. 

Continuous and non-intrusive 
measurement of physiological bio-markers, 
like heart-rate, has been much easier in 
recent years. However, all current methods 
are contact-based, i.e., the measurement 
device has to be in touch with the individual 
(as in smart watches and pulseOx devices, 
for example). In our recent work [28,29], 
we presented a non-contact method to 
obtain blood-flow related parameters with 
clinical-grade accuracy using common 

cameras. While camera-based methods 
are not new, the big challenge in their use 
is threefold. First, small color changes are 
harder to extract for people with darker 
skin tones. Second, low lighting conditions 
can cause low signal-to-noise (SNR) ratios, 
which moves the signal of interest closer to 
the noise floor. Lastly, natural movements 
of subjects in front of the camera can cause 
significant noise, which corrupts the signal 
of interest.

In our recent research [28], we have 
addressed these three challenges and have 
proposed a new method in which we 
divide and conquer the problem with a 
new method called distancePPG, which 
measures the photoplethysmogram (PPG) 
waveform from a distance. The PPG 
waveform is caused by the blood volume 
changes in the body’s vasculature due to 
pumping of the heart. Heart-rate is one of 
the metrics that can be derived from the 
PPG waveform; other examples include 
respiratory rate and heart-rate variability. 
We estimate the PPG waveform from 
videos of exposed skin surface, e.g., face 
videos from a front-facing camera on a 
smartphone or laptop. 

DistancePPG algorithm components are 
depicted in Figure 6. The algorithm tackles 
motion by tracking different parts of the 
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FIGURE 6. Steps involved in the “distancePPG” algorithm for estimating camera-based photoplethysmogram (PPG) signals.  
MRC: Maximum ratio combining. KLT: Kanade-Lucas-Tomasi feature. ROI: Region of interest.

Step 1: Input: Green channel 
video of a person, landmark 

points around eyes, nose, 
mouth in face detected.

Step 2: Face divided  
into seven regions, each 
region tracked using KLT, 
motion modeled using 

rigid affine fit.

Step 3: Each tracked 
region is divided into 

20x20 pixel block, avg. 
pixel intensity yi(t) 

computed from each ROI.

Step 4: Goodness metric 
Gi computed for each ROI, 

overall camera  
PPG estimated using 

weighted average. 
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face independently. We then compute a 
novel “goodness metric” for each tracked 
part and subsequently combine the signals 
in an adaptive way that is based on this 
goodness metric. The details of each step are 
provided in [26].

One major insight that has resulted 
from our work is that the different regions 
of interest (ROIs) of a face have different 
PPG signal strengths. The spatial differences 
in the signal strength are caused by 
spatial variations in the depth and density 
of arterioles beneath the skin surface, 
combined with spatial variations in the 
intensity of light that is incident on different 
regions of the face. We use the goodness 
metric to quantify the PPG signal strength 
from each ROI. We define this metric, as 
the ratio of the power of the PPG signal 
around the pulse rate (in the frequency 
domain), to the power of the PPG signal in 
the rest of the frequency band (0.5–5Hz). 
The definition of our goodness metric is 
illustrated schematically in Figure 7(a). 
Since the PPG signal strengths that are 
obtained from different ROIs can also 
change over time (because of changes 
to lighting conditions or movements of 
individuals in front of the camera), we 
re-compute our estimate of the goodness 

metric every 10 seconds. We also treat 
PPG signals from different ROIs like 
signals received from wireless antenna 
arrays. We then use a maximum ratio 
combining (MRC) algorithm to provide an 
overall PPG estimate that maximizes the 
SNR. Sample PPG signals (obtained from 
different regions of a face, with associated 
weightings), as well as our final estimate 
of the camera-based PPG signal using the 
weighted-averaging algorithm, is shown in 
Figure 7 (c).

For different skin tones (pale white 
to brown), our distancePPG algorithm 
improves the SNR of the estimated PPG 
signal by an average of 4.1dB compared 
with previous methods. As such, this 
improvement to the SNR of the camera-
based PPG signal significantly reduces the 
errors in heart rate estimates. Some of our 
key distancePPG algorithm results, from 
different situational tests, are illustrated in 
Figure 8. 

CONCLUDING REMARKS
Bio-behavioral sensing is a new engineering 
area, inspired by the advances in biological 
sciences that have sparked new scientific 
questions like How does human behavior 
impact our health and vice versa? Much 
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FIGURE 8. Left: Bland-Altman plot showing a comparison of HR results that are derived using 
the distancePPG algorithm and ground-truth pulse-oximeter measurements for 12 subjects with 
diverse skin tones (four subjects had fair skin, four had olive skin, and four had brown skin). All 
recordings were made while the subjects were at rest. The mean bias (average difference between 
the pulse-oximeter-derived and camera-based HR results) is -0.02 beats per minute (bpm), with 
a 95% limit of agreement between -0.75 and 0.72bpm for the 12 subjects. Right: The results 
are given for three separate motion scenarios (reading text, watching video, and talking) for 
five subjects with diverse skin tones. The mean bias achieved using the distancePPG method is 
0.48bpm, with a 95% limit of agreement between -5.73 to 6.70bpm.

FIGURE 7. Illustrations of various aspects of 
the distancePPG algorithm. (a) The goodness 
metric (Gi) is defined by the area under the 
power spectrum density of the PPG signal, 
Ŷi(f ). PR: Pulse rate. b: Small frequency band 
(e.g., 0.1Hz) around the pulse rate. B1,B2: 
Frequency bandwidth of the PPG signal. 
(b) An image of a face with the goodness 
metric overlaid. Red and blue regions have 
high and low values of the goodness metric, 
respectively. (c) The PPG signal extracted 
from the four regions – labeled 1 - 4 in (b) 
–of the face. The weighted average camera 
PPG estimate, #p(t), is also shown, which is 
very similar in shape to the pulse-oximeter 
(pulse-ox) PPG signal.

(c)

(b)

(a)
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example, recent work [30-32] using wireless 
signals for sensing of both human motion 
and vital signs could contribute to the 
development of scalable methods that can 
leverage the wireless infrastructure. n

Ashutosh Sabharwal is a professor in the 
Department of Electrical and Computer 
Engineering at Rice University, and founded 
Scalable Health Labs (http://sh.rice.edu). He 
works in two research areas; first, as part of 
Scalable Health Labs, he is establishing the 
area of bio-behavioral sensing, and second, 
in wireless networks. He is the founder of 
the WARP project (http://warp.rice.edu), 
which enables high-performance clean-slate 
prototyping of wireless networks, and is now  
in use in 125+ organizations. 

Ashok Veeraraghavan is an associate 
professor in the Department of Electrical and 
Computer Engineering at Rice University, 
where he directs the Computational Imaging 
and Vision Lab and is a member of the 
Scalable Health Laboratory. His interests are 
in computational imaging, computer vision, 
robotics and their applications to personalized 
and mobile healthcare. At the Scalable Health 
Laboratory, the main approach is to integrate 
advances in embedded systems, machine 
learning and sensor technologies to further 
affordable and accessible healthcare.




