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As deep space missions become more autonomous and self-sufficient, the need to execute tasks 

collaboratively between humans and robots increases.  As such, it also becomes important to monitor 

crew workloads in real time in order to adjust task allocation or advise countermeasures. In this 

work, we demonstrate the utility of monitoring psychophysiological signals–-specifically 

electrocardiogram (ECG)–-as an unobtrusive method for detecting the type of task being performed 

and level of effort expended by the subject.  We conducted testing with 13 participants over periods 

of 8-10 days.  The participants completed the same daily protocol with two different kinds of rest 

activities and two different task types.  The initial rest phase consisted of viewing meditative videos 

while slowly riding a stationary bike, with the next two phases viewing the videos only; the tasks 

consisted of a computer-based math test coupled with either slow biking or fast biking.  Assessments 

of performance were measured during each task, and survey measures were collected between tasks.  

These observational and subjective measures are analyzed to identify and characterize trends shown 

in the psychophysiological signals.  Results show that heart rate variability (HRV) metrics decrease 

with increasing cognitive load within each test session, which coincides with other published findings.  

In this work we investigate the potential for passive monitoring of task performance using the ECG 

signal, which will enable task tracking and rescheduling during real-time operations and provide an 

important capability in the development of collaborative human-robot teams.  

Nomenclature 

ECG = electrocardiogram 

HRV = heart rate variability 

EDA = electrodermal activity 

fNIRS = functional near-infrared spectroscopy 

HCI = human-computer interaction 

HERA = Human Exploration Research Analog 

PCA = principal component analysis 
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POMS = Profile of Mood States 

TLX = Task Load Index 

I. Introduction 

Behavioral health and performance decrements are key concerns for future long-duration exploration missions1.  

While countermeasure developments in these areas are ongoing, they often require extraction of the crew from their 

task flow.  A compelling alternative is to develop unobtrusive countermeasures that are integrated into daily task 

execution and can contribute to appropriate workload allocation and ultimately stress reduction.  

 Autonomous scheduling systems have been developed toward this goal, but they generally lack real-time input on 

the state of the crewmember2.  While using accelerometer data for task identification is a well-vetted process in the 

wearables community3, distinguishing between cognitively and physically taxing tasks has the potential for more 

useful insights into crewmembers’ health and well-being.  The first level of crew state identification is determining 

the type of task they are conducting (e.g., a cognitively or physically demanding task).  The second level is identifying 

the impact of that task on their performance and operational state, and the third level is identifying the impact of that 

task on their future capabilities.  With our first test campaign of 13 participants tested in a remotely deployable “at-

home” test paradigm due to COVID-19 restrictions, we investigated the utility of biosignals for this first level.  In this 

work, we propose the use of the electrocardiogram (ECG) biosignal as a tool for conducting real-time task-type 

detection.  There are three key components required to make these input data practical for real-time monitoring: 1) 

assessment of the feasibility of wearable sensor systems for data collection in operational environments, 2) 

investigation of metrics extracted from the ECG signal for task type detection, and 3) development of a candidate 

approach for task type detection in real time.  The methods of data analysis implemented range from more traditional 

feature engineering to more novel machine learning using the raw ECG signal.  We conclude this paper with 

recommendations for each approach moving forward.    

 The ultimate goal of this approach is to integrate biosignal monitoring as a component of crew operational state 

estimation, which can be incorporated as an input to a myriad of autonomous systems working as part of the broader 

exploration team.  Future mission architectures include the integration of autonomous systems for task scheduling, 

environmental control and life support system management, and continuous health monitoring.  These systems, among 

others, can be augmented by the integration of biosignal monitoring to passively and objectively measure the impact 

of each system (and its management) on the crew’s operational state—enabling the system to adapt to the user’s needs.  

This type of real-time adaptability will reduce workload and stress on the crew, creating a team more resilient to 

challenges without immediate support from Earth.    

II. Background 

 The ECG signal is used broadly, from medical assessments of cardiac health to assessments of affect during human-

computer interactions (HCI)4.  A well-studied approach to ECG processing is to extract features in both the time and 

frequency domain from the signal.  In the time domain, these features are based on the R peak (the most prominent 

peak in the ECG signal).  These heart rate variability (HRV) features are indicative of beat-by-beat variability, as 

opposed to an aggregate mean heart rate metric.  While HRV feature extraction has shown success in detecting changes 

in human state5, few studies have used this as a method for discriminating between different types of tasks in 

combination with changes to the human’s operational state.  Additionally, the extraction of specific features requires 

an extra layer of processing that can be burdensome for a system designed to identify changes in state in real time.  

For this reason, we look for methods of ECG signal classification that take the raw signal as input.  Neural networks 

have been leveraged for this purpose in cardiac medicine6, so we are attempting to use a similar approach for crew 

state identification, potentially removing the need for feature extraction and reducing overall computational load.   

III. Methods 

 The experimental design is derived from a pilot study that explored changes in operational state when volunteers 

performed cognitively and physically demanding tasks of varying intensities7.  The pilot study was performed in a 

laboratory environment, but access to that laboratory was restricted for this study because of the COVID-19 pandemic.  

To accommodate the lack of laboratory access, a modified protocol was developed so that test operators delivered 
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equipment to a participant’s residence and provided training for self-testing that then occurred over a 14-day period.  

While the at-home setup was less controlled than it would have been in a laboratory, detailed instructions and daily 

check-ins provided a structured process for the participant which gave confidence that data quality would be 

acceptable.  An added benefit of handing over equipment to test participants was mimicking operational environments 

to assess robustness of wearable sensors outside a laboratory setting.  While the test we conducted included the 

collection of many physiological signals, in this paper we focus first on the utility of the ECG signal.  Progress in 

producing data collection systems with a wearable form factor has been popular both for researchers and business 

entrepreneurs.  The ECG signal is known to reflect both physical and cognitive workload, and there is research into 

its utility for monitoring psychological health8,9.   

A. Participants 

Thirteen test participants (age 23.77 ± 4.11 years; six female), conducted between eight and ten days of testing 

each, depending on availability.  The participants were mostly undergraduate or graduate aerospace engineering 

students, and all had backgrounds in STEM. 

During test participant recruitment, but prior to delivering equipment, a video conference was held to review the 

study’s consent form and give a preview of the test setup, sensors, and expectations of testing at home.  After a 

participant consented to testing, operators scheduled the various test activities including equipment delivery and 

return, training, and debriefing.  All test protocols were approved by the Institutional Review Board of the University 

of Colorado Boulder (CU-IRB #20-0003).   

B. Experimental procedure 

On the first day, a test operator delivered equipment to 

the participant’s front door.  The test participants were asked 

to set up the equipment by following the instructions and to 

review all documentation to be prepared for the training 

session the next day.  On the second day, a two-hour training 

session was conducted via video conference.  The test 

operator walked through all the instructional documents 

with the participant before they followed those instructions 

themselves to don the sensors and complete training that 

was a shortened version of the test sessions to come.   A 

suite of commercial-off-the-shelf (COTS) sensor systems 

was selected using a trade study that evaluated the 

affordability, availability of validating published results, 

and accessibility of raw data files7.  This suite included 

three-lead ECG and functional near-infrared spectroscopy 

(fNIRS) from the biosignalsplux system (PLUX wireless 

biosignals, Lisbon, Portugal); photoplethysmography 

(PPG), electrodermal activity (EDA), and skin temperature 

from the E4 wristband (Empatica, Boston, MA, USA); and 

single-lead ECG from the H10 Chest Strap (Polar, Kempele, Finland).  Participants were instructed to wear the sensors 

as shown in Figure 1 following guidance from the manufacturers.  In this paper, we will only discuss the data from 

the three-lead ECG signal collected with the biosignalsplux system but describe the other components of the sensor 

suite for completeness. 

 The test operator observed the participant remotely, monitoring for the completion of all training activities and 

appropriate sensor donning.  The data collected during training sessions were used only to ensure that cloud 

Figure 1. Placement of wearable sensors during at-home 

testing. 
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Figure 2. Daily test session activities. 

syncing was working as expected, giving test operators access to data each day, and were not used for analysis. 

 Participants were asked to perform 10 test sessions at approximately the same time each day under approximately 

the same conditions and to notify operators if they were unable to perform a session.  An additional make-up day was 

allocated in the timeline if needed.  The activities performed during each session are outlined in Figure 2.  The main 

activities were active rests and cognitively and physically demanding tasks of different intensities.  The activities were 

managed by a user interface designed with the open source PsychoPy software package10.  The Empatica E4 wristband 

has a button to mark activity tags in its data files which are used to separate activities. 

 The Slow Bike, Rest 1, and Rest 2 activities included five-minute-long nature videos overlayed with meditative 

breathing audio instructions.  The intent of the Slow Bike task was to establish a baseline physical load that would be 

repeated in the Math + Slow Bike task, effectively isolating cognitive load as the independent variable driving the 

difference in measured operational state.  The intent of the Rest 1 and Rest 2 activities was to return participants as 

close to their baseline operational state as possible after performing tasks.  

 The concurrent cognitively and physically demanding tasks combined two- and three-digit addition and subtraction 

with biking at different cadences.  Collecting biomeasure data during these tasks characterized the operational state 

when performing under low and high physical workloads during cognitively loading tasks.  Arithmetic was selected 

as the cognitive task with the intention to have participants perform a cognitively loading task that would be feasible 

during physical activity and reduced the risk of injury due to lack of attention on the cycling task.  The activation of 

the prefrontal cortex is also key to the assessment of the wearable fNIRS system used in this test campaign, and studies 

show that participants who complete math problems have prefrontal cortex activation that can be measured with an 

fNIRS system, so arithmetic presented itself as a logical first step in identifying task type with biosignals11.  In addition 

to being feasible for the experiment design, arithmetic uses cognitive resources in regions of the brain that are similarly 

activated during more operationally relevant tasks.  However, operationally relevant tasks are difficult to simulate in 

a laboratory and introduce complications that are better suited to be considered in follow-up experiments.  Stationary 

biking was selected as the physical task after learning that some sensors yielded large motion artifacts during the pilot 

study when running was used as a physical stressor7.  Both arithmetic and biking on a stationary bike were relatively 

simple to integrate into an at-home test equipment kit and are similar to tasks that will be used in a complementary 

study in the Human Exploration Research Analog (HERA) at NASA Johnson Space Center. 

 Test sessions lasted approximately 35 minutes but varied by participant and day depending on math performance.  

Participants answered 50 arithmetic questions during each math task and were given feedback whether they answered 

correctly or incorrectly following each response.  A 10-second response window was given after which the program 

moved to the next question, if no answer was selected.  Cognitive performance was measured by accuracy of responses 

and response time.  Physical performance was measured as average bike pedaling cadence within a task and cadence 

maintenance within the defined goal range based on test participant age.  Participants were given a two-minute warmup 

window to establish their goal cadence prior to the Math + Fast Bike task.  The specified cadence for the Math + Slow 

Bike task was easy enough to attain that it did not require a warmup period. 

 In addition to the active rests and tasks, test participants filled out questionnaires three separate times.  The first 

questionnaire period before the first task included only the Profile of Mood States (POMS) questionnaire, the second 

period after the first task included POMS and NASA Task Load Index (TLX) questionnaires, and the third period after 

the second task included POMS, NASA TLX, and Borg Scale questionnaires.  When the test session was finished, 

participants removed the sensors, cleaned all equipment, filled out a journal discussing various topics about the day’s 

session, and synced data to the cloud.  
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C. Data analysis 

 ECG data collected from the biosignalsplux system varied between 500Hz and 1000Hz between participants due 

to the use of two different settings in equipment packages.  Given the inconsistency in data sampling rates, we 

downsampled all ECG data to 300Hz using an interpolation method built into the neurokit2 package in Python12.  

 

Assessment of operational feasibility 

 In assessments of data quality throughout the testing procedure, test operators were primarily focused on data 

syncing, the length of each data set, and general issues with sensor connectivity.  Data examination during testing did 

not focus on signal quality or peak detectability, but this type of assessment should be included for future testing with 

the goal of real-time monitoring.  After downsampling, we inspected the ECG data visually for each participant to 

assess R peak detectability as a measure of signal quality.  This check is essential for identifying the operational 

feasibility of the biosignalsplux system for use in less-controlled environments outside of the laboratory.  Following 

this data quality check, we executed two approaches for further analysis: 1) HRV features extraction and 2) raw ECG 

data processing.   

 

Heart rate variability feature extraction 

 The HRV feature approach is the more traditional method of biosignal processing.  In this approach, we extracted 

14 different HRV features from the “clean” ECG data and inspected the features between tasks visually (with follow-

up logistic regression model classification) and through a principal component analysis (PCA).  This analysis is 

restricted to time-domain HRV features, given the relatively short sample duration, causing a risk of unreliable 

frequency-domain features.  The R-R interval procedure removes outliers, only calculating HRV features from normal 

intervals, thus the “NN” labeling for each feature.  The extracted features are as follows: root mean square of 

successive differences (RMSSD), mean R-R interval (MeanNN), standard deviation of R-R intervals (SDNN), 

standard deviation of successive differences in R-R interval (SDSD), coefficient of variation of R-R intervals (CVNN), 

coefficient of variation of successive differences (CVSD), median R-R interval (MedianNN), median absolute 

deviation of the R-R interval (MadNN), MadNN/MedianNN (MCVNN), interquartile range of R-R intervals 

(IQRNN), proportion of R-R intervals greater than 50ms (pNN50), proportion of R-R intervals greater than 20ms 

(pNN20), and one nonlinear feature: triangular interpolation of the R-R interval histogram (TINN), which is the width 

of the RR interval histogram.  The overview of HRV features and their relevant time scales in Shaffer and Ginsberg, 

2017 guided the selection of each HRV feature extracted here.  HRV features were extracted using the built-in time 

domain HRV feature extraction function in the open-source Neurokit2 software package13. 

 

PCA approach for data exploration 

 In addition to summary statistics plots, PCA was used as one approach for observing trends and clustering of the 

data between the different tasks.  PCA reduces the dimensionality of the input features and often outputs two to three 

principal components on which to represent the data.  The number of principal components selected depends on the 

amount of variance within the data set that each component can capture.   

 To initialize the PCA, the 14 HRV features were extracted for each subject with “clean” ECG data for each day 

for each task.  Standardization of the data was conducted by subtracting the mean and dividing by the standard 

deviation for each value of each variable.  The PCA was performed using the open-source Scikit SkLearn PCA 

package in Python14, which uses the LAPACK implementation of the full singular value decomposition (SVD) or a 

randomized truncated SVD by the method of Halko et al. 2009, depending on the shape of the input data and the 

number of components to extract15.  Differences between task types were identified through visual inspection.  

 

Neural network approach with raw ECG data 

 In the raw signal approach, we split the ECG data deemed “clean” by the aforementioned assessment into 10-

second subsets from a data set truncated to the length of the shortest task duration (1 minute), resulting in 6 subsets 

per task per participant per day.  Given the intention of this work to support real-time monitoring of cognitive load 

and performance, we experimented with the implementation of a neural network model to identify task type from 

these raw signals.  The input values to the neural network are the 3000 data points per sample, and they are mapped 

to two different activity types: “task” or “active rest”.  The neural network approach was implemented using the open-

source Keras package of the Tensorflow environment designed for machine learning methods in Python16.  The model 

was trained on 80% of the data set and tested on the remaining 20%.  The training set was selected randomly without 

repetition from the entire data set.  The neural net model consisted of two layers with no hidden layers.   
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IV. Results 

Operational feasibility 

 Figure 3 shows a segment of the ECG signal from a participant with “clean” data (clearly visible peaks), a 

participant with “distorted” data (inverted peaks), and a participant with “noisy” data (no distinguishable peaks).  

Through this analysis, we found that seven of the thirteen participants had clean ECG signals during most tasks 

(participants 1130, 1785, 2326, 3387, 6507, 371, and 771), while the remaining six participants had noisy data with 

indistinguishable R peaks (participants 7580, 9925, 1718, 2114, 3788, and 897).  The trends in data each day and 

during each task type provide some idea of the problems with data collection that created unusable samples, although 

we cannot be certain as to the cause of these issues.  The participants with unusable data most commonly had distorted 

or noisy data throughout a single day of testing, but rarely both.  Given that the sensors were donned only once per 

day, this indicates that the issues of distortion may have arisen from misplacement of the ECG electrodes, problems 

with the sensor interface, or some negative interaction with another sensor in the full suite.  Noisy data was most 

frequently observed during tasks with some physical loading, indicating that the ECG sensor system may have been 

susceptible to motion.  Our next phase of testing in the laboratory will provide the opportunity to gain insight into the 

key causes of signal corruption and methods of mitigation for future testing in operational environments.       

 

 

 
Figure 3. A few seconds of ECG data from participants with different levels of signal quality from left to right: 

1) participant 1130 with "clean" data, 2) participant 897 with “distorted” data, and 3) participant 7580 with 

"noisy" data 

 

 

Feature extraction 

 The violin plots shown in Figure 4 show each HRV metric split by tasks.  The central horizontal line on each 

“violin” represents the mean value, the highest and lowest horizontal lines represent the extrema of the data set, and 

the shaded regions represent the distribution of values for each metric.  Existing literature indicates that increasing 

cognitive load and increasing physical load decreases HRV metrics (counter to the increase in mean heart rate), so the 

trend we seek in these plots is a lower mean and overall distribution for the two physically and cognitively loading 

tasks.  We do see this trend in some of the HRV metrics: in the MeanNN metric we see a decrease between Slow Bike 

and Math + Slow Bike, an additional decrease in Math + Fast Bike, and then a recovery in Rest 2; a similar but less 

pronounced trend appears in the SDNN and MedianNN metrics; the pNN50 and pNN20 metrics show the most 

pronounced decreases during the two tasks.    
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 Given the trends discovered through visual inspection in the MeanNN, SDNN, MedianNN, pNN50, and pNN20 

metrics, we performed a statistical analysis to ascertain the significance of these changes.  We performed a logistic 

regression to assess which task states are most easily distinguished from each other using the extracted HRV metrics.  

The logistic regression was implemented in Python using the open-source scikit-learn machine learning toolbox and 

RMSSD

 

MeanNN* 

 

SDNN 

 

SDSD 

 

CVNN 

 

CVSD 

 

MedianNN* 

 

MadNN* 

 

MCVNN* 

 

IQRNN* 

 

pNN50* 

 

pNN20* 

 

TINN 

 

 

Figure 4. These violin plots show each HRV metric during the five 
different tasks.  The outermost horizontal lines are the minimum and 
maximum values for each metric, the central horizontal line is the mean, 
and the shaded area shows the distribution.  The titles with an asterisk 
indicate visually distinguishable differences between tasks.  The x-axis 
labels represent each task: Slow Bike (SB), Math + Slow Bike (M+SB), Rest 
1 (R1), Math + Fast Bike (M+FB), and Rest 2 (R2). 
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its built-in LogisticRegression function with a solver based on the Newton method of function minimization.  We ran 

the logistic regression on both the full set of HRV metrics and on a subset that only included the pNN20 and pNN50 

features that showed differences between tasks through visual inspection.  Figure 5 shows the confusion matrices for 

both models.   

 

 

 

 
Figure 5.  The confusion matrix shows the efficacy of each model in predicting task type based on raw ECG 

data.  Each row and column corresponds to a task type (Slow Bike (SB), Math + Slow Bike (M+SB), Rest 1 (R1), 
Math + Fast Bike (M+FB), and Rest 2 (R2)), and the x-axis shows the predicted label while the y-axis shows the 

actual label.  The darker the square at the intersection of these values, the stronger the predictive power of the 

model.  Left: Confusion matrix comparing predicted labels with actual labels for logistic regression with all 

HRV features included, showing high ability to classify the five different tasks, with some difficulty in 

distinguishing AR+SB and M+SB. Right: Confusion matrix for logistic regression using only the pNN20 and 

pNN50 metrics, with weaker predictive power for most tasks except M+FB. 

 

 

Results of PCA approach  

 A two component PCA shows mixed results regarding the ability to visually distinguish between the five tasks as 

seen in Figure 6.  Three main clusters are apparent which separate into: cluster 1 of the Slow Bike task, cluster 2 as 

the Rest 1, and cluster 3 with the two math and bike tasks and Rest 2.  Since HRV features are often correlated, a table 

of factor loadings on the right of the plot helps to identify which features load onto specific principal components.  
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Figure 6.  Visualization of HRV data mapped onto two principal components with feature loadings shown on 

the right. 

 

Raw data neural network model 

 The neural network model has 3000 input nodes, each representing an individual data point in a 10-second sample 

at 300 Hz sampling frequency.  The 3000 input nodes map to 2 output nodes, representing task vs. no task.  We 

simplified to this binary classification due to the limitations of only having 7 participants with usable data for this 

model.   

 The model included a Keras in-built stochastic gradient descent method optimization (known as “Adam”) that is 

based on adaptive estimation of first-order and second-order moments.  This optimizer was selected for its 

effectiveness in models with many parameters17.  The activation function in a neural net is responsible for the mapping 

from input node to output node; the function implemented for this model is also an in-built Keras rectified linear 

activation function, that is commonly used in this problem type.   

 The model was trained using 1560 samples sampled randomly from all participants and 10 epochs, during which 

it achieved a classification accuracy of 60% with a loss of 3.41.  The model was subsequently tested on the remaining 

390 samples and again achieved an accuracy of 60% with a loss of 0.68.   

V. Discussion 

 The at-home test paradigm produced usable data from seven of the thirteen participants.  This paradigm mirrors 

well the long-duration spaceflight scenario that will require self-donned sensor systems for the collection of health 

and, perhaps performance, data.  With the current level of success, however, using this ECG data as an input to any 

kind of real-time autonomous (or even automated) system would likely introduce more risk than it would mitigate.  

One key lesson learned here is that there is still much work to be done in adapting commercial-off-the-shelf wearable 

systems for use in operational environments, with considerable potential for improvement in the design of paradigm-

specific wearable sensor systems.   

 HRV feature extraction appears to be a promising approach for task detection, given our results.  Our results align 

with the literature that shows decreases in HRV metrics during separate cognitively loading tasks and physically 

loading tasks18.  Potential experimental protocol and data analysis improvements to be explored include: 1) an increase 

in sample durations (> 5 minutes) to enable the extraction frequency-domain HRV features in addition to time-domain 

features, and 2) the addition of multi-modal physiological signals (e.g., EDA, fNIRS), which is an area we have begun 

to assess with additional data streams from this first test campaign that shows promise.   

 The need for more data is clear from our neural network approach to task identification.  Given the inter-individual 

variability existing between participants, collecting biosignals from a wider range of individuals during shorter-

duration tests could improve our understanding of the use of raw signals for task identification, and this is an approach 
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we are taking in an upcoming test campaign.  Additionally, there are many potential approaches to data preparation 

prior to inclusion in a neural network model that greatly impact the results, but there is no standardized approach for 

this type of work.  Further investigation is required and will contribute to the development of this standardization.   

 

Limitations  

 There are a few noteworthy limitations to the experimental protocol that affect interpretation and generalization of 

results.  Performing cognitive and physical tasks concurrently makes it impossible to isolate the individual impact that 

either load had on operational state.  Additionally, residual effects of each active rest and/or task may have influenced 

the signatures of subsequent active rests and/or tasks.  Even though crewmembers would be nominally expected to 

use cognitive and physical resources concurrently and sequentially, particularly during surface extravehicular 

activities, it would be beneficial to investigate the effects that cognitive and physical tasks of varying intensities have 

on operational state in singular, concurrent, and cumulative manners to establish foundational trends.  Additionally, 

the lack of a “fast bike” task with no math activity is a recognized shortcoming of this study and will be an important 

addition in future protocols to assess the change in biosignals caused by high intensity physical activities.  These 

factors are currently under consideration in the design of a follow-up experiment. 

 A second limitation is related to task sequencing creating potential unintended effects from repeated measures.  

The order of tasks was not counterbalanced across participants but will be in the future.  Additionally, there were 

possible training and learning effects at play since participants repeated tests upwards of ten times. As days progressed, 

participants likely felt less burdened and stressed by the setup and testing process but may have become bored and 

less engaged with the tasks.  On average, performance on tasks improved after the first few days.  Although participants 

self-reported mood and effort information in questionnaires and daily journals, these metrics are subjective and not 

completely reliable.  A next step in data analysis will be to use state identification techniques in data streams separated 

by day.  Decisions to not counterbalance tasks and to have repeated measures across days were partially driven by test 

participant recruitment and procedural limitations presented by the initial phase of the COVID-19 pandemic.  Now 

that testing has returned to the laboratory environment, these decisions will be reevaluated. 

 A final limitation is level of rigor in task design and selection.  All test participants had a self-reported high level 

of proficiency in performing mental math.  Post-task questionnaires asked for perception of cognitive effort to 

complete tasks and coupled with the results from data streams of other biomeasures, there are some indications that 

the two- and three-digit arithmetic may not have been a sufficient stressor to be categorized as a highly cognitively 

demanding activity.  Alternatives are being investigated in ongoing pilot studies.  While math and stationary bike 

pedaling are limited in their human spaceflight operational relevancy, they were readily controllable and easy to 

implement in these preliminary experimental protocols and were especially helpful when designing tests to be 

performed at home.  The planned progression of the experiment environment is from at-home to in-laboratory to in a 

space habitat mockup to in a space habit analog mission in HERA.  As the environment changes, the monitored tasks 

will become more and more operationally relevant. 

VI. Conclusion 

We have presented the preliminary results of our initial stage from at-home testing to determine first-level crew 

state estimation via task identification.  During this process, we had the opportunity to work through some of the 

challenges that will arise with assessing subsequent levels of performance and ultimately future capability 

characterization.  There is much work left to be done, but the wearable technologies and data analysis approaches 

available today are promising for the development of integrated, autonomous, crew operational state monitoring in 

the future.   
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