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PURPOSE: Long-duration spaceflight crews will rely on teamwork and behavioral skills to 
successfully operate in extreme environments. The development of automated metrics of team 
dynamics may play an important role on the assessment of team performance in a reliable and 
unobtrusive manner. In this study, we explored the feasibility of using a computer vision system 

to capture motion data of multiple crew members during simulated medical events in a spacecraft 
simulator, and generate multiple metrics of team dynamics. 
 
METHODS: OpenPose v1.3.0 is computer vision software capable of detecting and labeling 

multiple individuals. We used this software on videos captured in our spacecraft simulator and 



captured (x,y) coordinates from each team member over time. The videos captured 
environmental conditions representative of those found on the International Space Station 
(ISS).  Team proximity and motion were calculated for each scenario. 

 
RESULTS: The software was able to capture multiple individuals in different environmental 
conditions. A visual analytics dashboard was created, allowing the visualization of captured team 
dynamicity overtime. 

 
CONCLUSION: In this pilot study, we demonstrated the feasibility of using computer vision 
software to measure position and motion of multiple crew members over time in a spacecraft 
simulator. These data can provide objective measures of team dynamicity and allow automated 

analysis of teamwork and behavioral skills. Our future work will investigate the relationship 
between position/motion data and measurements of behavioral skills assessed by human raters.  
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Introduction: 
Several national and private space organizations have announced plans to embark on 

manned long duration deep space missions in the near future, most notably to the Moon and 

Mars. NASA has devised a plan for a 3-year mission to Mars to take place in the 2030s, while 
Spacex envisions sending the first crew to Mars in 2024 with goals to establish a permanent 



colony on arrival (1, 2). Integral to sustaining crew health and mission integrity in these efforts 
will be proper crew response to medical events which may arise in space. Historically, medical 
events have been managed with significant support from physicians at Mission Control Center 

(MCC) on earth. Most documented medical events have occured in low-earth-orbit (LEO), where 
signal delay to perform telemedicine from earth to LEO is just 2 seconds. But deep space 
missions will be challenged by increased signal delay, with signal to and from mars taking up to 
45 minutes. This will necessitate increased crew preparedness to respond to medical events semi-

autonomously or autonomously. 
Knowledge about optimizing medical event management in these settings is limited 

despite its importance in promoting crew health and mission success (3). In a previous study, the 
STRATUS simulation center built a replica of the International Space Station (ISS) medical bay, 

created simulations for four high acuity, low frequency medical events in space, and developed 
methods to measure crew behavioral skills during these simulations (Figure 1). Behavioral skills 
are distinct from technical skills and include leadership, communication, team coordination, and 
awareness. They are known to be predictive of success in medical event management (4).  

 Increasing evidence shows that position and motion data from individuals and teams can 
used to inform certain non-technical and behavioral skills (5, 6). Currently, motion and position 
can be measured with specialized infrared cameras, but these are costly and have difficulty 
measuring multiple overlapping individuals concurrently. Other methods include wearing a 

series of badges, but this obtrusive and not ideal. Recent advances in computer vision technology 
has enabled motion and position tracking using data captured with conventional cameras. In this 
pilot study we describe a novel approach to measure motion and position of individuals engaged 
in medical event management in simulated long-duration deep space missions using a computer 

vision system.  
 

Student Role:  
I did a literature review of motion detection methods, discovered OpenPose, captured 

video in our spacecraft simulator, ran OpenPose software on it, wrote the code to extract target 
data, organized data (A1), input data into visualization tools, performed analysis, wrote results in 
an abstract which has been accepted to the 2019 AsMA Annual Scientific Meeting, and co-
presented preliminary findings as part of a larger project at the 2019 NASA Human Research 

Program Investigators Workshop. I also wrote and won a $10,000 Amazon Web Services (AWS) 
grant for data collection, processing, and storage.  
 

Methods:  
 OpenPose v1.3.0 is open-source, deep learning-enabled computer vision software capable 
of detecting multiple humans and labeling key body points using 2D video input from 
conventional cameras (7). It labels 18 body points for each individual for each frame (Figure 2). 
We used this software on six videos captured in our spacecraft simulator at 30 FPS by a GoPro 

Hero 5 camera, and exported (x,y) coordinates of the neck body point from each team member 
for each frame (Figure 3). The videos captured different lighting and visibility conditions and 
included emergency medical events important in spaceflight: cardiac arrhythmia, tension 
pneumothorax, toxic inhalation and eye injury.  Team proximity was measured by averaging the 

distances between each dyad of participants. To measure motion, distances from a stationary 
reference point (0,0) were used to calculate frame-to-frame change in distance, which was used 
to calculate root mean square (RMS) for each participant over time.  



 

Results:  
Six video clips of approximately 60 seconds each were analyzed. The software was able 

to capture teams of 2, 3 and 4 members of different skin colors in different light and visibility 
conditions (smoke and darkness). Metrics of team proximity, total amount of movement and 
motion variability during team performance were plotted in a visual analytics dashboard, 
allowing the visualization of team dynamicity overtime (Figure 4). In addition, team member 

positions were displayed as a heat map, allowing the analysis of different team roles and their 
relationships with specific spatial locations (Figure 5). 
 

Discussion:  
This study demonstrates feasibility of using open-source deep learning-enabled computer 

vision software to measure position and motion of multiple individuals in a spacecraft 
environment. Team dynamicity was captured and is representative of the complex set of 
behaviors carried out by teams engaged in collaborative problem solving. It is reasonable to 

presume that the dynamics of motion and position, distance between team members, position 
relative to interactive objects in the spacecraft, velocity, and pose, can be representative of 
different behavioral skills. Biometric badges measuring facetime and team proximity have 
already been shown to be predictive of personality traits and individual and team performance 

(8). Our future work will focus on validating computer vision as a method of measuring 
behavioral skills. The current gold standard to assess behavioral skills are trained human 
observers, but this method is costly and associated with poor inter-rater reliability. We will input 
data from our computer vision software to a deep learning framework with a goal to achieve 

evaluation of behavioral skills using conventional cameras and computer vision software. Real-
time streaming of this data has the potential to be used to predict and prevent medical adverse 
events by enabling real-time corrective feedback before an error occurs. Additionally, this data 
can be used to assess performance in medical trainees with high validity and reliability, low cost, 

and high scalability. 
 We envision computer vision as being one component of a multi-modal integrative 
system to analyze cognitive load and team dynamics during medical simulations on our 
spacecraft simulator. Unobtrusive wearable technology, including headband EEGs (Muse) and 

heart rate variability chest straps (Polar) are validated in measuring cognitive load on individuals 
engaged in problem-solving. Input of cognitive load data from these sources, as well as computer 
vision data, into a deep-learning framework will provide feedback on individual and team 
performance and status, improving self-awareness and preventing errors in medical management. 

 Limitations of this study include the 2D nature of our computer vision system, which can 
cause transient loss of data in overlapping individuals and artifacts in distance calculations. 
Currently, no multi-individual 3-Dimensional computer vision software is on the market. Several 
groups are developing multi-camera setups which will have these capabilities. Future work will 

employ these systems to improve quality of motion and position data. 
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Tables and Figures: 
Figure 1: Medical Simulation on Our Spacecraft Simulator 

 
 
Figure 2: OpenPose Labeled Body Points 
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Figure 3: Capture of Multiple Individuals in Spacecraft Simulator 

 
 
Figure 4: Visual Analytics Dashboard 



 
 

Figure 5: Positional Heat Map for One Individual 

 
Appendix:  
A1) Code Written in Python to Extract Target Data from OpenPose 



import json 

import glob 

import os 

import csv 

 

#functions 

def addPhonyData(people, fileNum = None): 

    if(fileNum is not None): 

        for person in people: 

            for x in range(0, fileNum + 1 - len(person),1): 

                #Dummy data labeled "N/A" 

                person.append("N/A") 

    else: 

        maxlength = 0 

        for person in people: 

            if(len(person) > maxlength): 

                maxlength = len(person) 

 

        for person in people: 

            for x in range(0, maxlength - len(person),1): 

                person.append("N/A") 

 

def spliceListIntoThirds(personData): 

    data = [[],[],[]] 

    for index, pd in enumerate(personData): 

        data[index % 3].append(pd) 

    return data 

 

#set output files 

jsonfilename = "merged_file.json" 

csvfilename = "merged_file.csv" 

 

#delete old files 

try: 

    os.remove(jsonfilename) 

except OSError: 

    pass 

 

try: 

    os.remove(csvfilename) 

except OSError: 

    pass 

 

#grab data from file 

jsonData = [] 

for f in glob.glob("*.json"): 

    with open(f, "r") as infile: 

        jsonData.append(json.load(infile)) 

 

#dump data into json file 

with open(jsonfilename, "w") as outfile: 

     json.dump(jsonData, outfile) 

 

#gather data for csv file 



people = [] 

for fileNum, data in enumerate(jsonData): 

    for index, person in enumerate(data["people"]): 

        splitUpList = spliceListIntoThirds(person["pose_keypoints_2d"]) 

        if(index * 54 == len(people)): 

            for x in range(18): 

                xcoord = [(("Person_" + str(index) + "_Pose_Keypoints_2D_" 

+ str(x*3)))] 

                ycoord = [(("Person_" + str(index) + "_Pose_Keypoints_2D_" 

+ str(x*3 + 1)))] 

                percentConf = [(("Person_" + str(index) + 

"_Pose_Keypoints_2D_" + str(x*3 + 2)))] 

                people.append(xcoord) 

                people.append(ycoord) 

                people.append(percentConf) 

            addPhonyData(people, fileNum) 

        for i in range(18): 

            people[(index * 54) + i*3] += [splitUpList[0][i]] 

            people[(index * 54) + i*3 + 1] += [splitUpList[1][i]] 

            people[(index * 54) + i*3 + 2] += [splitUpList[2][i]] 

 

addPhonyData(people) 

 

#prepare data for csv file 

correctOrientation = list(zip(*people)) #the * wildcard forces zip to 

treat each sublist in the original list as a separtate argument which 

causes the data to be rotated and flipped 

 

#open and write data to csv file 

with open(csvfilename, 'w', newline='') as myfile: 

    wr = csv.writer(myfile, quoting=csv.QUOTE_ALL) 

    for person in correctOrientation: 

        wr.writerow(person) 
 


