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Figure 1: Left: Grayscale intensities I = 48 and I = 208 (insets) with corresponding eye image showing pupil size. Right: Linear,
cubic, and exponential models fit to eight training points from VR pupillary light response calibration of one participant.

ABSTRACT

CCS CONCEPTS

Pupil diameter changes have been shown to be indicative of user
engagement and cognitive load for various tasks and environments.
However, it is still not the preferred physiological measure for
applied settings. This reluctance to leverage the pupil as an index of
user engagement stems from the problem that in scenarios where
scene brightness cannot be controlled, the pupil light response
confounds the cognitive-emotional response. What if we could
predict the light response of an individual’s pupil, thus creating
the opportunity to factor it out of the measurement? In this work,
we evaluate three models of pupillary light response in 2D, and in
a virtual reality (VR) environment. Our results show that either a
linear or an exponential model can be fit to an individual participant
with an easy-to-use calibration procedure. This work opens several
new research directions in VR including modeling light response
in 360◦ videos, training and simulation.

• Human-centered computing → User studies; • Applied computing → Psychology;
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1

INTRODUCTION

The pupil is an opening in the eye that allows light to reach the
retina. This opening changes size on an almost continuous basis because of factors ranging from pupillary unrest [52], brightness changes [53], sounds [43, 54], to emotional changes [8, 10] and
cognitive workload changes [4, 5, 33, 40]. Changes in pupil size,
typically measured as pupil diameter changes, are useful indicators of changing user engagement or mental workload, in humancomputer interaction tasks such as personalized education or personalized narratives. While the pupil has been long studied [5, 9, 10],
the effect of virtual reality (VR) environments on pupil diameter
has yet to be explored.
The growth of virtual reality hardware and software in recent
years has led to an increase in developers, artists, and researchers
creating and exploring immersive virtual environments. Research
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Figure 2: Left: 2D experimental setup. Center: Left eye view (Top) and right eye view (Bottom) of grayscale image for calibration.
The black crosshair spans 2.5◦ visual angle at 4 meters distance. Right: VR experimental setup.
has shown that these environments create engaging experiences
that transport users to exotic locations [24], provide different perspectives on social issues [44], and create training simulations in
ways that 2D content simply cannot compare [3]. These applications can utilize pupil diameter as an alternative to self reports
and other bio-physiological sensors for reliably measuring user
engagement and cognitive load.
An algorithm that modifies an educational task or a game level
based on the pupil diameter of the user needs to know if the pupil
constricted because the scene was bright or because the user was
no longer as engaged as before. The dilation or constriction of the
pupil in response to brightness changes is known as Pupillary Light
Response (PLR). Raiturkar et al. [46] demonstrated that a simple
linear model could be used to fit PLR after a short 2D calibration
procedure. In this paper we evaluate three pupillary light response
models (linear, cubic, and exponential) with the goal of finding the
best model for 2D and VR. Predictive error of each model determines
which model performs best.
Modeling PLR has implications for both 2D and VR content as
removing the influence of light on pupil diameter within task environments leaves a signal indicating cognitive load, emotional
response, stress, and at a higher level, engagement. Several applications use bio-physiological sensors for such measurements
through heart rate variability (HRV), galvanic skin response (GSR),
monitoring brain signals with electroencephalogram (EEG), and
through muscle responses measured by electromyography (EMG).
GSR and EEG are particularly noisy signals that are sensitive to
body movements, hard to capture in natural environments, and
can require post-hoc analysis and processing. Pupil diameter is a
non-invasive sensor and is becoming more accessible through eye
trackers that are integrated within VR displays [1, 2]. Producing
models that decouple pupil diameter from external factors, like
light and depth, is critical to making this signal a viable index of
engagement for this domain.
Our contributions can be summarized as follows:
(1) Experimental design: In contrast to previous work that tests
pupillary response models on static stimuli, we have created
an ecologically valid test paradigm (Section 4.1).

(2) Calibration procedure: We have proposed and tested a calibration framework for VR environments (Section 5.1). This
framework builds upon previous literature accounts for VR
specific factors such as depth of the calibration surface.
(3) Model evaluation: We have evaluated three models of pupillary light response in both 2D and VR. Our experiments
found the cubic model to be unsuitable, and the linear and
exponential models to be similar in terms of error and ease
of use (Sections 4 and 5).

2

RELATED WORK

When modeling the human eye as a camera, the pupil serves as
an aperture stop controlling the amount of light hitting the retina.
Pupil diameter is controlled by a reflex in the iris where a dilator muscle pulls outwards on the iris to make the opening bigger
in dark environments, while circular muscles contract and shrink
the pupil in bright lighting to reduce the amount of light entering [35]. Intrinsically photosensitive retinal ganglion cells respond
to light, controlling the pupil diameter in an effort to ease adaption to sudden changes in illumination [39, 58]. This is defined as
Pupillary Light Reflex. The speed of pupillary constrictions from
PLR are faster than that of dilations, and scale with stimulus intensity [19, 22]. PLR is the main function of varying pupil diameter,
however other factors such as age, elasticity of the iris, wavelength
of stimulus light, and iris color [6, 35, 57, 60] also influence pupil
diameter. Specifically, external (auditory, visual) [8, 43, 54] and internal (emotional, cognitive, intentional) [5, 10, 40, 56] inputs are
known to modulate pupillary size. Apart from these sensory reflexes, the pupil also shows regular constriction and dilation known
as hippus or pupillary unrest [52].
Though pupillometry has been an area of research for a number
of decades, the availability of commodity eye-trackers in the last
decade has made it particularly accessible to researchers in different
domains. Pupil diameter changes have been used as an index of
engagement to score ups and downs in the course of a narrative
video [30]. In application scenarios such as computer usage and
driving, researchers have reported pupil diameter to be preferred
as an index of user engagement than galvanic skin response [48] or
heart rate variability [21] because pupil size measurement did not
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require a physical connection to the participant, and they detected
engagement changes with fewer participants compared to heartrate variability. However, these works did not consider the impact
of light intensity changes.
In order to test hypotheses around the effect of different factors,
previous works have constructed tasks such that only one factor is
at play at a time, for example, by matching luminance across stimuli images in pleasant versus unpleasant pictures [10], or, by using
math problems as a ‘neutral’ workload task [40]. As a result, there is
relatively sparse literature on how the various factors interact [50].
For real-world tasks, the interaction between factors is unavoidable.
For example, while driving, the aggravation of being cut off will
interact with the workload of changing lanes as well as with brightness changes because the sun went behind a cloud. Though pupil
diameter changes have been reported to be informative of workload changes in the context of driving [21], other researchers have
also reported that brightness related changes could obscure mental
workload related changes [34]. Similarly, light intensity changes are
unavoidable while watching movies or while viewing real-world
scenes. A method to factor out light response from pupil diameter
measurements would facilitate the use of pupil diameter as an index
of emotional engagement, stress and cognitive load in a real-world
setting. While there are several other factors to consider before
applying pupil diameter as an index of workload or affect [12], we
first focus on decoupling light reflex from pupillary measurements.
Over the last few decades, several pupillary light reflex models
have been proposed. Most of these models predict the average pupil
size as a function of incident light intensity, relying on experimental
measurements [18, 41, 47, 59], while acknowledging that individuals
vary and require personalized models. More recently, Pamplona et
al. [42] proposed a physiologically-based model for pupil light reflex,
described by a delay-differential equation. Watson and Yellott [53]
provided a concise review of seven published PLR models, and also
proposed a unified formula incorporating the effects of luminance,
size of the adapting field, and age of the observer. All of these
studies have been performed in a traditional 2D setting rather than
in Virtual Reality environments.
VR displays have grown in accessibility, and use binocular vision to produce convincing 3D visuals using a high resolution near
eye display. Several components of binocular viewing also influence pupil diameter[23, 35]. The components that make up stereo
viewing include binocular disparity derived from the difference in
left and right eye images [16], accommodation of the crystalline
lens within the eye [15], the angle for which our eyes converge to
focus on a particular depth [13], and visual fatigue [51]. Recently,
Bharadwaj et al. [7] have shown that playing a video at decreasing depths will cause greater constrictions in pupil diameter, as
objects move from far to near. Our pupil constricts in response to
close objects to modify the point spread function of light, resulting
in sharper retinal images [14, 55]. While pupil constrictions are a
direct result of focusing on nearby objects and near vision [37],
the exact contributions of accommodation and convergence have
not been effectively modeled. One well established issue in virtual
and augmented reality displays is termed vergence/accommodation
conflict, created when our eyes converge on a virtual point at a
distance, while our lens must be accommodated for the near eye
display that is at a much closer depth [26, 29].
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PLR modeling has only been applied in one instance to a 3D VR
environment [17]. PLR was modeled using a cubic polynomial fit
function. PLR was calibrated using a light meter installed inside
the HMD, and a virtual room was increased in brightness from
dark to bright (white), using nine total intensities. Model response
was subtracted from measured pupil diameter to score emotional
response to different emotional VR scenes. Change in pupil diameter
from the PLR baseline was converted to percentage change, and
compared between the different emotional stimuli. The largest
dilation was found in the disgust emotion, with the happy emotion
showing the least change from the baseline. While this work applies
a PLR model in a VR environment, stimuli depth was not controlled
as part of the experiment.
Alternate physiological sensors suffer from practical problems.
Heart-rate is impacted by muscle movements, and this noise is
increased in both EKG pads and finger clamps in case of imperfect
placement [21]. Eye movements introduce artifacts into EEG [38],
and GSR is sensitive to motion artifacts, temperature changes, as
well as subject to strong attenuation over the course of minutes [31].
This tendency to habituate limits the usefulness of GSR for quantifying emotional engagement of a viewer over the time of prolonged
media exposure, especially when the goal is to compare responses
to different sections (e.g. early or late segments in a movie or VR experience). Pupil diameter responses co-vary strongly with GSR, but
are not subject to habituation over time, and are insensitive to temperature and motion artifacts [9]. Past research has also shown that
multimodal features are more reliable than a single modality [49],
likely because each modality has its unique sources of noise. However, it is burdensome for a user to wear a multitude of sensors. If
we limit ourselves to only a single modality, then pupil diameter
has the clear advantage that it can be collected ‘for free’ along
with gaze data. With a robust method to account for brightness
changes we will be able to apply pupil diameter as a measure of
emotive-cognitive state of the user in 2D and VR environments.

3

PUPILLARY LIGHT RESPONSE MODELS

Three models of PLR were evaluated. These linear, cubic, and exponential models are simple to fit with a least squares optimization
and provide a simple personalized model for PLR. In both 2D and
VR pupil diameter is recorded in response to changes between a
black screen and grayscale image, as part of a calibration procedure.
Linear Model. In [46], a linear model of pupillary light response
was presented: for an intensity I , the pupil diameter d is a constant
d 1 times I , with an offset δ . More precisely,
d(t) = d 0 + d 1 · I (t − δ )

(1)

The intensity value I (t) is in the range [0, 255]. In [46], the delay
parameter δ , is tuned to each participant. This model does not account for non-linearity (the pupil cannot dilate indefinitely). Yet, the
simplicity of the model makes it very easy to calibrate parameters
to each individual participant by minimizing the error between the
prediction of the linear model for input grayscale intensity values,
and the recorded pupil diameter.
Cubic Model. A cubic model for PLR can be represented as,
d(t) = d 0 + d 1 · I (t − δ ) + d 2 · I 2 (t − δ ) + d 3 · I 3 (t − δ ).

(2)
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Figure 3: 2D Experimental procedure. Participants went through a five-point calibration, a light response calibration, and then
watched the five test videos. Inset shows pupillary response of one participant to the light response calibration.
This model can account for non-linearity within the training
data, but has potential for overfitting [53]. A cubic fit has a tendency
to diverge outside the range of training intensities.
Exponential Model. Holladay [27] proposed an exponential
formula to predict pupil diameter based on luminance,
d(t) = a · e b ·I (t −δ ) .

(3)

This model can capture non-linearity at low and high intensities, with its monotonic nature reducing error outside the range
of training data. However, at a small scale the fitted exponential
curve can revert to a mostly linear fit.

4

EVALUATION ON 2D SCREEN

We recorded gaze positions and pupil diameters while participants
went through a light response calibration, and subsequently viewed
five grayscale intensity videos. Two videos were short (60-90 seconds) and three videos were long (approximately five minutes each).
We describe the experiment protocol, summarize the PLR models
evaluated, and present an evaluation of the trained models on the
grayscale intensity videos.

4.1

Protocol

Participants went through an informed consent procedure in accordance with an IRB approved protocol. Each participant was seated
in a comfortable chair whose height was adjusted to that participant.
A white lamp was placed behind the participant, and all other lights
were switched off. The data collected consisted of two sessions with
a break in between.
Participants went through a five-point gaze calibration procedure, followed by a five-point validation. Gaze calibration was

repeated till the average validation error was below 0.5◦ visual angle. Then, each participant was presented with the first brightness
change calibration: a set of slides of increasing grayscale intensities
(I = 0, 64, 128, 192, 255). Each calibration slide was displayed for
one second, followed by a black slide (I = 0) for eight seconds (see
Figure 3 (inset)). Following the break, we ran the gaze calibration
again. We also ran the brightness calibration with the grayscale
intensity slides again. Next, the participant was presented with the
grayscale intensity test videos (V1−5 ). These videos had a resolution
of 1680x1050 and contained uniform slides of varying grayscale
intensities in the range 0-255. As part of another experiment in
which participants viewed narrative videos, we generated grayscale
videos matching the grayscale intensity in a 2◦ foveal neighborhood
of the participant’s gaze position (see Supplementary Document).
As a result, each participant saw a different set of five videos. The
videos had durations between 63s and 335s.
Because the test videos contained no semantic content, it was
quite boring for a participant, and we found that one of our pilot
participants fell asleep. We added a randomly chosen letter (A-Z)
to the center of each frame in the calibration video, sized at 20 × 20
pixels, i.e., less than 1◦ , and black in color. The letter was changed
every second. The participant was tasked with saying the letter out
loud. We also added a soft humming bird tone to the filler slide to
focus the participant before the start of a trial. In total, there were
five test videos for each participant. We randomized the order of
test videos, and each video was preceded by a black slide with a
white fixation cross, displayed for 4s. The procedure followed (post
break) is presented in Figure 3.
Participants viewed the stimuli on a 22 inch (1680×1050) monitor.
They sat approximately 60-65 cm away from the screen. One degree
visual angle was around 37 pixels at this distance. All data was
recorded on a SensoMotoric Instruments (SMI) RED-m eyetracker
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with SMI’s Experiment Center software at 120 Hz. Raw data including timestamps, gaze position (x,y) and pupil diameter (mm) were
exported as a comma separated file using SMI’s BeGaze software.
A MATLAB script assigned each data item to the video frame with
closest time stamp. Figure 2 (Left) shows our experimental setup.
Twenty four participants (17 female, age range 18 to 24 years)
were recruited from a participant pool available through the university, in accordance with an IRB approved protocol. Participants were
students who received course credit in return for their participation.
Participant ethnicity was 67% White/Caucasian, 13% Black/AfricanAmerican, 8% Hispanic/Latino, 8% Asian/Pacific-Islander, and 4%
Other. All participants had normal or corrected-to-normal vision.
Our eye-tracker could calibrate participants with contact lenses, but
not eye-glasses. Female participants were instructed not to wear
eye makeup as mascara interferes with pupil tracking.

4.2

Data Processing

We discarded trials if more than 50% samples were missing or corrupted. For example, one participant fell asleep and was removed
from subsequent data analysis. One participant did not finish data
collection because the eye-tracker lost connection to the computer.
For some participants, a subset of videos had more than 50% of
samples missing, so we removed those videos from analysis. Finally the number of participants available was 19, 18, 15, 20, and
20 for V1 , V2 , V3 , V4 , V5 respectively. Next, all data points where the
gaze position was outside the stimulus presentation screen were
discarded. Samples with velocity greater than the peak pupil constriction velocity, i.e., 5.65mm/s were also removed [11]. We then
linearly interpolated any samples that were missing (pupil diameter
was zero). Finally, we smoothed the signal using a low-pass 5th
order Butterworth filter with cut off frequency 10Hz [32]. All data
processing was done in MATLAB R2017a.
Because participants underwent the light response calibration
twice, we picked the session in which the pupillary constrictions
were less noisy. If both sessions had clean data, we picked the first
calibration session. For each participant, we manually marked out
the pupil minima following each of the four training intensities
(I = 64, 128, 192, 255). We then fit the linear, cubic and exponential
models for each participant by a linear least squares optimization
using MATLAB functions pinv(),fit() and polyfit() respectively.
Using these models, we predicted the pupillary response for each
participant on every test video. The predicted pupil diameter and
the measured pupillary diameter was centered on the mean for comparison. We selected the ten sharpest spikes and ten biggest dips
based on video grayscale intensity as sampling points, representing
pupil constrictions and dilations respectively. Finally, we computed
the Root Mean Squared Error (RMSE) between the predicted pupillary response of each model and the measured pupillary response
at these sample points. Lower RMSE values indicate a better prediction. We also computed RMSE values by predicting pupil diameter
on the entire test video.

4.3

Results

Figure 4 (Left) shows the measured pupil diameter for two participants on the video V1 and the corresponding grayscale intensity.
For both participants, there is a dip in the pupil diameter in the first

VRST ’18, November 28-December 1, 2018, Tokyo, Japan
Video
Linear
Cubic
Exponential
Constriction
µ
σ
µ
σ
µ
σ
V1
0.45 0.11 0.52 0.11 0.47 0.12
V2
0.46 0.10 0.51 0.11 0.47 0.11
V3
0.55 0.10 0.69 0.14 0.56 0.10
V4
0.62 0.12 0.72 0.15 0.63 0.12
V5
0.59 0.15 0.72 0.20 0.59 0.15
Overall
0.53 0.14 0.63 0.18 0.55 0.14
Table 1: Means(µ) and Standard Deviations (σ ) of RMSE in
mm for five test video predictions, across all participants for
three models of pupillary light reflex.

few seconds after stimulus onset. This dip is because participants
are shown a black fixation cross slide prior to the start of the trial.
When the stimulus video starts to play, the participants’ pupils
constrict. The black dotted curve marks the grayscale intensity for
each frame. Because the videos were generated on a per-participant
basis, their pupils were subject to different brightness values. In
each case, the pupil constricted for bright frames (e.g., frame #950)
and dilated for dark frames (e.g., frame #1050).
We computed the Pearson correlation coefficient between the
video grayscale intensity and measured pupil diameter for each
participant and each test video. Because the pupil constricts in
response to brighter frames, the correlation coefficients will be
negative. Figure 4 (Right) shows the box plots of these correlation
coefficients. As a baseline, we computed the correlation coefficient between the grayscale intensity observed by a participant
and the pupil diameter of a different randomly chosen participant, for the same video. The correlation coefficient for the same
participant (M = −0.53, SD = 0.26) is closer to −1 than for a
different participant (M = −0.34, SD = 0.28). The group means
are significantly different (one tailed independent samples t-test,
t(91) = −5.02, p < 0.05).
Figure 5 (Right) illustrates the measured pupil diameter for test
video V1 , from one of our participants. Overall RMSE values for the
five videos are reported in Table 1. The linear model has the least
error of 0.53mm for predicting pupil diameter with the exponential
coming in a close second at 0.55mm. Errors were not significantly
different between the two models. Table 2 contains the means and
standard deviations of RMSE for the ten pupil constrictions and
dilations of each model across participants and videos. Across all
test videos, the linear model has the least error of 0.42mm for
constrictions and 0.6mm for dilations. RMSE values are consistently
lower for constrictions compared to those of dilations.

4.4

Discussion

We performed a light response calibration consisting of 4 grayscale
intensity slides, shown to participants in flashes of 1 second, with 8
seconds of a black slide in between. The purpose of the calibration
procedure was to train individual models to predict changes in
pupil diameter in response to a continuous grayscale intensity
video. Figure 4 (Right) shows that pupil responses were significantly
different between participants for the same intensities.
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Figure 4: Left: Measured pupil diameter (solid black) on test video V1 for two participants (s015,s016). The average grayscale
intensity (dotted blue line) is different for the two participants because the videos were generated on a per-participant basis.
Right: Boxplot of correlation coefficients between the grayscale intensity observed by a participant and the pupil diameter of
the same participant, and a different randomly chosen participant.
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Figure 5: PLR model testing. Left: Pupil diameter as a function of normalized grayscale intensity for the video V1 . Right:
Pupillary response of a participant (s016) to the test video V1 (black), and corresponding model predictions of pupil diameter.
Pupil diameter data was centered on the mean.
The linear model had the lowest RMSE for predicting changes
in pupil diameter during the test videos. RMSE values for constrictions were on average 0.2mm less than predicted dilations. The
RMSE values were within one standard deviation of the measured
pupil diameter. These results are promising, as a generalized model
built strictly from grayscale intensities does not capture the relationship between pupil diameter and brightness (Figure 5 Left). A
short calibration that elicits pupillary constrictions is able to predict
pupillary response to brightness changes.
We observed that all three models predict that the pupil diameter
is generally larger at a given grayscale intensity, compared to the
observed pupil diameter. However, we noticed that the relative
changes predicted by the model matched the pupil diameter closely
over the course of the video. To account for this we subtracted

the mean from both predicted and measured pupil diameter before computing RMSE, as seen in Figure 5 (Right). Based on our
evaluation a simple linear model is sufficient to predict PLR while
viewing dynamic stimuli on 2D screens by predicting constrictions
and dilations. The next section evaluates if these PLR models can
be applied in a VR environment.

5

EVALUATION ON VR HEAD MOUNTED
DISPLAYS

In VR the screen is located much closer to the eye and covers a larger
field of view than in 2D, meaning the amount of light entering the
eye from the stimulus is greater. Figure 6 illustrates that illuminance,
or luminous flux per area, is around three or four times greater as
measured in VR compared to 2D.
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Video
Linear
Cubic
Exponential
Constriction
µ
σ
µ
σ
µ
σ
V1
0.35 0.11 0.46 0.16 0.37 0.12
V2
0.34 0.10 0.50 0.29 0.35 0.11
V3
0.46 0.17 0.59 0.22 0.48 0.19
V4
0.47 0.24 0.54 0.23 0.49 0.25
V5
0.46 0.28 0.57 0.27 0.49 0.30
Overall
0.42 0.18 0.53 0.23 0.44 0.19
Dilation
µ
σ
µ
σ
µ
σ
V1
0.45 0.14 0.54 0.17 0.49 0.16
V2
0.54 0.16 0.63 0.20 0.59 0.19
V3
0.57 0.15 0.68 0.22 0.60 0.17
V4
0.79 0.23 0.82 0.25 0.81 0.24
V5
0.65 0.23 0.76 0.33 0.70 0.26
Overall
0.60 0.18 0.69 0.23 0.64 0.20
Table 2: Means (µ) and Standard Deviations (σ ) of RMSE in
mm across all participants. Predictive error was computed
using the 10 most prominent constrictions and dilations in
the five test grayscale intensity videos.
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ascending order from dark to bright, while five participants viewed
intensities in a randomized order. This modification in presentation
sequence was to determine if a non-monotonic order establishes a
more generalized PLR model, due to temporal effects or adaptation
to bright stimuli. We evaluate the predictive error of each model
across training sets of different sizes, to determine which works
best in a VR environment, and to establish how many calibration
points are necessary for an optimal fit.

5.1

All participants went through an informed consent procedure in
accordance with an IRB approved protocol. Figure 2 (Right) shows
how each participant was seated in a swivel chair for the experiment.
An Oculus-DK2 HMD with built-in 60Hz binocular SMI eye tracker
was used to record gaze position and pupil diameter of each eye.
Unlike in Section 4, there was no lamp needed in the room, as most
external lighting is blocked out when wearing the HMD. The lights
in the room were switched off prior to the light response calibration.
Sixteen different intensities were shown for one second each (I =
16, 32, 48, . . . , 255), followed by eight seconds of a black image (I =
0). Participants saw one of two calibration sequences, either with the
intensities presented in ascending order from 16 to 255, or randomly
shuffled. The grayscale image is set to the specified intensity with a
black crosshair in the center, spanning 2.5◦ visual angle, as seen in
Figure 2 (Center). The image was placed 4 meters directly in front
of the viewer, with gray values filling the rest of the screen. The
HMD was programmed not to respond to head movements, so the
crosshair remained centered in the field of view at all times.
Data was collected from ten participants (2 female, age range
from 18 to 30) recruited from a university environment. Participants
were mostly students, who received course credit in return for their
participation. Participant ethnicity was 60% White/Caucasian, 10%
Black/African-American, 20% Hispanic, and 10% Native American.
All participants had normal or corrected-to-normal vision. Our eye
tracker could accurately calibrate participants with contact lenses,
but not eye-glasses.

5.2
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Figure 6: Measured illuminance of each intensity image
from 2D calibration procedure (Top), and from the VR calibration procedure (Bottom). Light was measured using a
Sekano light meter in the approximate eye position 60 cm
away from the screen in the 2D setup, and 23 mm away from
the left eye lens of the VR HMD. Lux values are larger in the
VR condition for the same grayscale value.

The calibration procedure from Section 4.1 was translated to VR
using 16 different grayscale intensities at one depth. Depth was inferred from stereo convergence of the eyes and binocular disparity
between the left and right eye images. Please see the Supplementary for more details. Five participants were shown intensities in

Protocol

Model Training & Evaluation

Each participant logged M = 16 pupil constrictions, extracted similarly to Section 4.2. Training sets consisting of four, six, eight,
and ten input intensities were used for each participant for least
squares fitting using MATLAB functions pinv(), fit() and polyfit()
respectively. The remaining points were used as the testing set. 50
randomly generated sets were used for each size, with RMSE computed between the model predicted and measured pupil diameter
at the testing intensities.

5.3

Results

Table 3 and Figure 7 contain the means and standard deviations
of RMSE for each model and training sets in the ascending and
shuffled groups. Averaged across all training sets, the exponential
model has the lowest error of 0.27mm. Figure 8 illustrates model fits
for each size testing set. The cubic model has an error over 1mm for
N = 4 as a cubic function overfits the data with fewer data points.
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Figure 7: Means and standard deviations of predictive RMSE
in mm for three PLR models averaged across all training set
sizes. Training sets of size four, six, eight, and ten were used.
Training Set
Linear
Cubic
Exponential
Ascending
µ
σ
µ
σ
µ
σ
N =4
0.42 0.10 4.47 3.30 0.36 0.10
N =6
0.31 0.07 0.48 0.22 0.29 0.08
N =8
0.33 0.07 0.32 0.18 0.30 0.07
N = 10
0.27 0.08 0.21 0.10 0.25 0.08
Shuffled
µ
σ
µ
σ
µ
σ
N =4
0.31 0.12 6.39 3.48 0.30 0.09
N =6
0.25 0.09 0.44 0.18 0.24 0.07
N =8
0.25 0.09 0.34 0.10 0.24 0.07
N = 10
0.23 0.07 0.23 0.07 0.22 0.05
Overall
0.29 0.09 1.63 0.94 0.27 0.08
Table 3: Means (µ) and Standard Deviations (σ ) of testing
RMSE in mm across all participants for three models of PLR
applied to the VR calibration. Training sets of four different
sizes were used as described in Section 5.2. Predictive error
was computed using intensities not in the training set.

5.4

Discussion

We evaluated models that predict pupil diameter as a function of
grayscale intensity in VR at a fixed depth. We measured the predictive error of three models (linear, cubic, exponential), and found the
exponential model performed best. The calibration procedure from
2D was modified by increasing the number of sampled intensities,
and introducing a randomized ordering sequence of presented intensities. The grayscale intensities and corresponding fixation cross
was presented at a depth of 4 meters in the virtual environment.
Across all three models we found that our average predictive
RMSE fell within the range of 0.22mm and 6.4mm. Considering only
N ≥ 8 the maximum error is 0.34mm falling within the range of
previously reported 2D results [46]. The largest error was created
due to cubic model overfitting the data when only a few points
were used for training. With test sets of size N ≥ 8 the average
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RMSE of the three models fell within one standard deviation of
recorded pupil constrictions for each participant. Only one participant had predictive error that was higher than this standard
deviation. Averaged across each participant the standard deviation
of pupil diameter was 0.47mm, meaning errors for the linear and
exponential model were within this range. Overall, the exponential
model errors were not significantly different from the linear model.
Figure 7 shows that the exponential curve ultimately looks linear,
with the model allowing some curvature. This suggests that PLR
can be modeled using either linear or exponential fits, but that
the cubic model is prone to significant errors with less than eight
training points.
The PLR calibration can be performed by presenting the grayscale
intensities in ascending order, or in a randomized sequence. Table 3 shows that the exponential model generalized best across
all training sets (µ = 0.27mm). Performance of models when we
used a shuffled or ascending calibration sequence were comparable,
suggesting that either method could be used.
These results confirm that we can model pupillary response using
existing models from 2D viewing. Our method is a first step towards
applying PLR models in VR, and motivates the need to evaluate
them in more practical scenarios like 360◦ videos, or 3D scenes.
Our calibration stimuli were presented at one depth, with binocular
disparity between the left and right eye view (Figure 2, Center).
The presence of other depth cues such as depth of focus [25],
shadows [45], shading, and perspective may have an effect on pupil
diameter. We know that pupil diameter correlates with convergence
and accommodation, with the pupil constricting as stimuli moves
closer to the viewer [7]. Future work could incorporate stimuli at
different depths to build a more complex model of pupil diameter.
Additionally, pupil diameter recorded while viewing continuous
grayscale videos in VR would allow for a more rigorous evaluation
of the model, with respect to temporal effects.
At a single depth our proposed method can be used to predict
pupillary light response in VR. Applications such as measuring
emotional response during 360◦ video viewing [36], monitoring
cognitive load in virtual teaching environments [28], or measuring
Quality of Experience (QoE) in VR [20] can apply this method to
decouple PLR from pupillary measurements. Currently systems
use bio-physiological sensors that measure HRV and GSR, and
would benefit from switching to pupil diameter to reduce the usage
of noisy and invasive sensors that interfere with user experience
and comfort. VR and AR is the future of interactive computing,
user experience, and entertainment, of which the pupil provides
a window into the user’s true affective and cognitive state once
confounding factors are modeled and removed.

5.5

Limitations

The models evaluated in this paper do not consider factors such
as accommodation, the speed at which the pupillary system can
change diameter, and the temporal dynamics of the response. We
are currently using an instantaneous PLR model, i.e. the model
does not incorporate past values of pupil diameter. Our model has
another shortcoming: While viewing a relatively bright portion of
video may cause a pupillary constriction, the same brightness value
could later cause the pupil to be slightly larger due to adaption,

An Evaluation of Pupillary Light Response Models for
2D Screens and Virtual Reality HMDs
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Figure 8: Visualization of the three PLR models tested with data from one participant (s003) in VR with a randomized presentation order of intensities. Each plot corresponds to a random training set of size N used to generate a least squares fit.
which would not be captured by our model. While these factors
are no doubt important, learning parameters from data is subject
to the curse of dimensionality. Adding more factors would require
increasingly longer calibration procedures. The more burdensome
a calibration procedure is, the less likely a user is to adopt it. Our
proposed paradigm seeks to make the calibration as quick and easy
as possible.
Another limitation of this work is that data was collected on
displays within a particular range of illuminance (Figure 6). The
peak brightness of newer VR displays, such as the HTC Vive, can
exceed 200 Lux. Depending on the display used, the most accurate
model of PLR may change due to the logarithmic response of our
pupil to brightness. Regardless, the presented calibration procedure
provides a method to identify the optimal model to predict pupil
diameter in response to grayscale intensity values.

6

CONCLUSION

We have presented a method consisting of an individual calibration
and constriction-based models of pupil diameter in 2D and VR. Our
2D results suggest that using a linear model we can predict constrictions within 0.41mm and dilations within 0.60mm when viewing
grayscale videos. In VR we have found that an exponential model
predicts pupil diameter with the lowest error (0.27mm), replicating
findings in 2D. We believe this method can be applied to current

applications within VR to remove pupillary light response. With
a reliable method of fitting PLR models in VR, future work can
focus on decoupling light response from pupillary measurements
to ultimately render pupil diameter a faithful measure of affective
and cognitive state.
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