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Abstract. Eye tracking under naturalistic viewing conditions may provide a 
means to assess operator workload in an unobtrusive manner. Specifically, we 
explore the use of a nearest neighbor index of workload calculated using eye 
fixation patterns obtained from operators navigating an unmanned ground vehi-
cle under different task loads and levels of automation. Results showed that 
fixation patterns map to the operator’s experimental condition suggesting that 
systematic eye movements may characterize each task. Further, different meth-
ods of calculating the workload index are highly correlated, r(46) = .94, p = .01. 
While the eye movement workload index matches operator reports of workload 
based on the NASA TLX, the metric fails on some instances. Interestingly, 
these departure points may relate to the operator’s perceived attentional control 
score. We discuss these results in relation to automation triggers for unmanned 
systems.  

Keywords: Adaptive Automation, Unmanned Ground Systems, Eye Tracking, 
Workload. 

1   Introduction 

Unmanned air and ground vehicles are the inevitable future of the United States Army 
Future Combat Systems [1]. Suggested roles for unmanned ground vehicles (UGVs), 
in particular, are as remote weapons platforms, soldier companions, or substitutes for 
reconnaissance, surveillance, and target acquisition (RSTA). The level of autonomy, 
or capability of the UGV to perform tasks without human assistance, is determined by 
the robot’s primary function [2]. For example, teleoperated ground vehicles are not 
typically equipped with onboard terrain or environment maneuvering capabilities; 
consequently, their level of autonomy is low. The human assumes the role of an  
operator, monitoring the environment and making all task related decisions.  

In contrast, semi-automated vehicles are intelligent enough to assume a navigator 
role with point A to B mobility. Thus, the human team member can perform other 
tasks requiring higher cognitive skills (e.g., problem solving) that the robot is not 
capable of, or less successful at, executing. The logical compromise between human 
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and machine systems such as these is to provide a means to share or trade control over 
tasking through adaptive automation [3] [4].  

Automation within human-machine systems can be thought of as a tool that allows 
the human to turnover designated tasking to a machine agent, thereby improving 
overall work performance [5]. Adaptive automation (AA) refers to a system capability 
that enables flexible task allocations between the human operator and the machine 
agent in the context of the work environment [6]. Within high stress, time-pressured 
operations, the goal of the adaptive system would be to reduce operator workload and 
fatigue by automating select activities. In contrast, during times of underload, the 
system would reengage the operator to improve situational awareness by returning 
tasks. Thus, the human-machine system trades off assignments cooperatively, yet with 
an emphasis on the human operator. This human-centered approach keeps the opera-
tor in the control loop, which minimizes deleterious performance issues such as reori-
enting to tasks slowly and overlooking automation failures [7].    

Developers of AA use several strategies to determine when to invoke changes in 
automation level. These strategies include: 1) operator performance measures, moni-
toring operator performance criterion levels; 2) critical events, signaling system  
failures or environmental changes; 3) system models, comparing human-machine 
performance to an a priori determined pattern of system performance; 4) operator 
state assessments, using psychophysiological measures to determine operator work-
load; and 5) hybrid methods, combining one or more of the above strategies [7] [5] 
[8]. With the exception of hybrid methods, assessing the operator’s state using psy-
chophysiological measures is the only triggering technique that provides real-time 
monitoring of the operator’s state.  

Monitoring the operator’s psychophysiological changes in real-time additionally 
provides an unobtrusive means to evaluate his or her internal status without interrupt-
ing the task. Given that the human operator may be construed as an adaptive system 
that can rapidly shift mental and physical resources or change cognitive strategies to 
meet task demands, identifying detrimental system shifts such as high mental work-
load at onset, or even prior to onset, may be paramount to successful human-robotic 
team efforts [6].  For example, cognitive workload levels are typically higher when a 
human operator teleoperates a UGV or intervenes when an autonomous operation 
fails [9]. Increased task load concomitant with increases in cognitive workload lead to 
reduced situational awareness [7] [10]. These effects increase the potential for catas-
trophic errors that can harm not only the team, but compromise the mission as a 
whole.   

Task load, however, is not the only determinant of degraded human performance 
within human-robotic teams. As Chen and Terrence (2008) showed, operator’s per-
ceived attentional control (PAC) scores were associated with error rates determined 
by different types of unreliable automation. More specifically, persons scoring high 
on attentional control were more affected by false-alarm prone alerts than miss-prone 
alerts. A relationship between two types of aided target recognition (AiTR), tactile or 
visual cueing, and spatial ability scores of the participants was also found. Persons 
with low spatial ability preferred visual cueing, while person’s with high spatial abil-
ity scores preferred tactile cueing. These examples of individual differences imply 
that hybrid automation strategies may provide a more accurate means of varying 
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automation during real-world tasking. Further, these strategies should include real-
time operator state assessments [11] [4].   

The focus of the current research is to determine automation timing through objec-
tive psychophysiological measures. In this paper, we present preliminary data on 
assessing operator workload using eye gaze patterns and operator characteristics such 
as attentional control. These results extend previously reported work [12].  

Chen et al. (2008) simulated a generic mounted crew station and examined the 
workload and performance of a UGV operator. The operator completed one of four 
types of tasking: 1) navigating the robot only, 2) navigating the robot plus a visual 
monitoring task, 3) navigating the robot plus an auditory monitoring task, and 4) 
navigating the robot plus both the auditory and visual tasks. These tasks were per-
formed with differing levels of robot autonomy (teleoperated versus semi-
autonomous) and levels of aiding for target recognition (AiTR versus no AiTR). 
While the psychophysiological measure of heart rate variability failed to predict 
changes in workload with changing task load, other findings support Chen and Ter-
rence (2008).  For example, participants with low PAC scores performed worse when 
teleoperating the robot than did those with higher PAC scores.  

Participants’ eye tracking data collected during the Chen et al. (2008) experiment 
was analyzed for this study. It was hypothesized that gaze patterns as assessed by 
fixations within areas of interest (AOI) could predict the type of tasking condition 
experienced by the operator [13]. Further, these visual patterns may predict the mental 
workload level of the operator [14]. Discussed here is the assessment of the utility of 
the eye fixation-based workload metric in future studies of adaptive automation.   

2   Method 

2.1   Participants  

A total of 64 students from the University of Central Florida and the U. S. Military 
Academy participated in the original study. Eye tracking data from nine participants 
(Female = 3 and Male = 6) were further analyzed for this current study based on par-
ticipant’s high task performance scores and the existence of a complete eye tracking 
dataset. Participants ages ranged from 18 to 25 (M = 20.44, SD = 2.60).  

2.2   Apparatus 

2.2.1   Simulation 
The Mixed Initiative eXperimental (MIX) testbed is a distributed simulation envi-
ronment designed to empirically evaluate human-robot interactions and the affects of 
automation on operator performance.  Details of the design and capabilities of the 
MIX testbed are provided in Barber, Davis, Nicholson, Finkelstein, and Chen [15]. 
We outline the robotic vehicle control capabilities, along with the operator control 
interface.  
 
Robotic Vehicle Control.  The MIX testbed can generate simulated unmanned ground 
or air vehicles through its Unmanned Vehicle Simulator (UVSIM). A UGV was used 
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in this experiment. The UGV system supports manual control and two types of auto-
mation: waypoint navigation (i.e., semi-autonomous) and AiTR.  In teleoperation 
mode, the operator must manually navigate the UGV along the mission route through 
the use of a standard joystick. Waypoint navigation allows the UGV to follow a pre-
planned route without operator input. There are four checkpoints encountered along 
the mission route where the operator must pause and perform a RSTA (Reconnais-
sance, Surveillance, and Target Acquisition) task. In this experiment, participants 
scanned for friendly versus foe targets either with AiTR support or without. When 
enabled, AiTR pans the vehicle’s camera (up to 360 degrees), scans for targets within 
the environment, and generates a list of all targets (friendly and foe) within the scene. 
Without this automation, the operator must perform the target acquisition procedure 
him or herself through the interface controls. Operators performed each of the four 
control conditions, teleoperation with and without AiTR and semi-autonomous with 
andwithout AiTR, under varying task load.  
 
Operator Control Unit. The Operator Control Unit (OCU) provides the graphical 
user interface with which to interact with the UGV. For example, Figure 1 shows the 
button controls along with the main viewing screen (center) and a “bird’s eye” view 
of the UGV location on the upper left. The navigation bar allows the operator to 
zoom in/out as well as move across the maps. In addition, auditory and visual moni-
toring tasks are available to increase the operator’s task load and simulate real-world 
conditions. 

 

Fig. 1. OCU areas used for AOI for the fixation analysis 

The visual monitoring display is also shown in Figure 1. This task required the op-
erator to monitor the four gauges and assess whether they entered critical high or low 
levels. When these critical levels were detected, the operator pressed a “reset’ button 
on the OCU display to return them to normal. The auditory task required the operator 
to monitor a series of auditory cues (i.e., call signs) periodically presented throughout 
the scenario and type his or her responses to each cue in the communication panel 
located below the visual monitoring display. These three areas, main view, bird’s eye 
view, and secondary task display, were also used as the areas of interest (AOI) for the 
eye fixation analysis, which we describe next. 
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2.2.2   Eye Tracker and Nearest Neighbor Index 
Figure 2a shows the Applied Science Laboratories (ASL) R6000 remote pan/tilt head 
and monocular eye tracker system that was used to track both head and eye move-
ments during the study. The head and eye tracker system uses facial features, as 
shown in Figure 2b, to first detect the position of both eyes.  The eye camera and eye 
illuminator are integrated into the pan and tilt mechanism to allow the system to  
dynamically move as the operator changes head position.  Using a bright pupil tech-
nique, the illuminator projects near infrared light through the pupil such that the light 
reflects off the retina. The reflection created by the returning light traversing the  
cornea produces a bright pupil effect. This allows the eye camera, which captures 
pictures of the eye every 17 ms (60 Hz), to estimate the eye pupil center and to dis-
criminate the corneal reflection (CR). These two parameters are then used to estimate 
the point of gaze of the operator.  

Because the relationship between the pupil center and the CR are different for  
everyone, each participant performed a calibration procedure before entering the  
experiment. Participants were directed to look at 17 points (i.e., pre-defined XY coor-
dinates) one at a time at different locations on the display. The eye tracker then 
mapped the participants’ eye position relative to the monitor used to display the OCU.  
The accuracy of the point of gaze estimation by the ASL eye tracker is less than 1 
degree visual angle (roughly a 7 mm error when the participant is seated at 76 cm 
from the display, as in this study).   

Eye movement during viewing allows the fovea of the retina to scan an area, pro-
viding the fine details necessary to accurately locate and identify objects within a 
scene [16]. In general, rapid eye movements (velocities reaching 500 degrees per 
second) are typically referred to as saccades and provide little new information about 
the changing visual information. Fixations, which are brief moments of stability 
(roughly 200-300 ms and depend on the task), facilitate visual processing [17]. Fea-
ture detection algorithms are needed to identify saccades and fixations within the 
stream of raw eye tracking data. Given the type of eye tracker and the type of task,  

 
 
 
 
 
 

 

Fig. 2a. Fig. 2b. 
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Fig. 3. Smallest rectangle and convex hull area methods for calculating the NNI 

fixations and saccades were calculated using a dispersion-based algorithm that ac-
counts for both the temporal and the spatial characteristics of eye movements [18].  

Eye movements are driven by task requirements; current research suggests that 
only objects needed for the task are fixated upon in a serial manner when performing 
everyday activities [13]. Workload may be indirectly measured through the dispersion 
pattern or distribution of fixations in regions of the scene important for executing a 
task [19]. More specifically, persons experiencing periods of high workload may 
perform more stereotyped scanning patterns across the work space. The Nearest 
Neighbor Index (NNI) was developed to capture shifts between random and more 
focused fixations during real-world task performance and relate these shifts to levels 
of workload [14]. The goal of this effort was to develop an unobtrusive and reliable 
metric for applying adaptive automation within operational environments.  

The NNI is calculated as a ratio, where the numerator represents the average near-
est neighbor distances for fixation points and denominator represents the mean ran-
dom distances for an AOI that one would expect if the fixation distribution were ran-
dom [19]. Thus, ratio values closer to 1 suggest a random distribution of fixations or 
low workload, while the converse is true for high workload. The main and bird’s eye  
views along with the visual and the auditory monitoring task display were designated 
as the AOIs for this study. Figure 3 shows two methods for determining clusters of 
fixation points in an AOI, smallest rectangle and convex hull (i.e., convex polygon). 
NNI’s were calculated using both methods for comparison. 

2.2.3   Attentional Control and NASA TLX Questionnaires 
Perceived attentional control (PAC) was measured using the attentional control  
survey [20]. The survey consisted of 21 items and provided a measure of perceived 
attention focus and shifting. Research shows a relationship between eye fixations and 
focused attention [16]. Given that the scale has good internal reliability (α = .88), it 
may provide a means to further assess the NNI metric.    

The NNI has also been assessed against the National Aeronautics and Space Ad-
ministration-task load index [2] [19]. The NASA-TLX is a self-reported questionnaire 
of perceived demands in six areas: mental, physical, temporal, effort (mental and 
physical), frustration, and performance [21].  The computerized version was used in 
the original study. We also compare the NNI with the NASA-TLX scores. 
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2.2.4   Experimental Design 
NNI scores were only calculated for participants who had a complete eye tracking 
data and performed the best within their task load condition and level of automation 
(e.g., robotic x teleop x no AiTR). A participant could represent more than one condi-
tion because of missing data.  However, given that PAC is a global measure of atten-
tional control and the NASA-TLX was reported for each scenario, the measures are 
independent of condition and should not affect the validity of the comparisons with 
the NNI.  The NNI scores were calculated using the smallest rectangle and convex 
hull methods and a Pearson’s correlation was conducted for comparison.  

2.2.5   Dependent Measures 
The dependent measures for this study were: percent fixation for an AOI, workload 
based on the NNI scores, perceived workload based on the NASA-TLX, and per-
ceived attentional control based on the attentional control survey.  

3   Results 

Figure 4, 5 and 6 show the % fixations calculated the AOI, main view, bird’s eye 
view, and secondary task display respectively. The bars represent the different task 
loads: robotic (R), robotic and auditory monitoring (R+A), robotic and visual moni-
toring (R+V), and all three (R+V+A). The results show a different fixation pattern 
based on level of automation, AOI, and task load. For example, those in teleoperated  
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Fig. 4. % Fixations for the main viewing area 
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Fig. 5. % Fixations for the bird’s eye viewing area 
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Fig. 6. % Fixations for the secondary task display for auditory and visual monitoring tasks 

mode spent more time looking at the bird’s eye view to navigate than looking at the 
main view. The participant in the semi R+A condition with no AiTR monitored the 
secondary display window more than the main view (Figure 6).  

Participants’ NASA-TLX scores are presented in Table 1. High TLX scores indicate 
high work load for that task. There was a significant positive correlation between the 
smallest rectangle and convex hull NNI calculations, r(46) = .94, p = .01. In Table 2 
 

Table 1. Perceived work load as measured by the NASA-TLX scores 

Semi Auto   Teleop 

Task Load  AiTR No AiTR   AiTR No AiTR 
R 40.33 39.25  44.33 35 
R + V 43 25  24 39.67 
R + A 5 77.67  78.67 53.33 
R + V + A 52 58   72.33 74.33 

 

Table 2. NNI calculated using the smallest rectangle method 

Semi Auto   Teleop 

  AiTR No AiTR   AiTR No AiTR 

Task Load                             Main Video 
R 0.51 0.45  0.47 0.46 
R + V 0.44 0.47  0.48 0.46 
R + A 0.5 0.45  0.44 0.47 
R + V + A 0.46 0.47   0.5 0.48 
Task Load                           Birds-Eye-View 
R 0.47 0.48  0.42 0.45 

R + V 0.44 0.48  0.38 0.47 
R + A 0.47 0.44  0.44 0.5 

R + V + A 0.46 0.48   0.48 0.47 
Task Load  Secondary Task   
R 0.42 0.37  0.42 0.34 
R + V 0.34 0.41  0.54 0.38 
R + A 0.42 0.34  0.34 0.41 
R + V + A 0.38 0.38   0.49 0.39 
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we present the NNI scores based on the smallest rectangle calculation since either 
measure provides similar comparisons. In comparing Table 2 NNI scores to Table 1 
TLX scores, the overall trends match. For example, the secondary task for the R+A 
condition shows lower NNI scores, which match the higher perceived workload as 
measured by the NASA-TLX scores.  However, this mapping is not perfect.  

The participant in the R+V+A teleop, AiTR condition reported a high workload 
based on the NASA-TLX score. The NNI for the each AOI does not suggest that the 
participant is in high workload. The PAC score for this participant was the lowest of 
the group, (PAC score = 46). In contrast, the NNI for the participant in the same task 
load and navigation automation, but No AiTR matched their high NASA-TLX score. 
This participant reported a higher PAC score, (PAC score = 64).  

4   Discussion 

While preliminary, the results suggest that the NNI may predict workload levels as 
compared to the NASA-TLX. However, perceived attentional control of the operator 
may affect the fixation pattern such that it appears more random due to lack of atten-
tional focus. Further, the high correlation between methods of calculating NNI sug-
gests that it may be a robust measure. Taken together these result suggest that NNI as 
a means to provide adaptive automation warrants further exploration.   
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