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Perimetry is a non-invasive clinical psychometric examination used for diagnosing ophthalmic and neuro-
logical conditions. At its core, perimetry relies on a subject pressing a button whenever they see a visual
stimulus within their field of view. This sequential process then yields a 2D visual field image that is crit-
ical for clinical use. Perimetry is painfully slow however, with examinations lasting 7-8 minutes per eye.
Maintaining high levels of concentration during that time is exhausting for the patient and negatively
affects the acquired visual field. We introduce PASS, a novel perimetry testing strategy, based on rein-
forcement learning, that requires fewer locations in order to effectively estimate 2D visual fields. PASS
uses a selection policy that determines what locations should be tested in order to reconstruct the com-
plete visual field as accurately as possible, and then separately reconstructs the visual field from sparse
observations. Furthermore, PASS is patient-specific and non-greedy. It adaptively selects what locations
to query based on the patient’s answers to previous queries, and the locations are jointly selected to
maximize the quality of the final reconstruction. In our experiments, we show that PASS outperforms
state-of-the-art methods, leading to more accurate reconstructions while reducing between 30% and 70%

the duration of the patient examination.

© 2019 Elsevier B.V. All rights reserved.

1. Introduction

Estimating a subject’s capacity to sense light is critical for diag-
nosing numerous ocular and neurological conditions. In the case
of glaucoma, an eye condition that affects over 60 million peo-
ple worldwide, the need to quantify how well patients perceive
light is paramount to monitor the disease over years (Racette et al.,
2016). Given the ageing world population and the growing number
of glaucoma patients, the need for reliable methods is a significant
public health concern.

To measure light perception, perimetry is the standard-of-care
(Racette et al., 2016; Heijl et al., 2012). This non-invasive functional
eye examination automatically quantifies a subject’s sensitivity to
light across the field of view. In most cases, the central 30° of the
visual field is evaluated by sequentially projecting brief light stim-
uli of different brightness to an observer who fixates a central ref-
erence point. When a subject perceives a stimulus, they press a
button to confirm the observation and a new stimulus is presented.
By presenting stimuli at different regions of the visual periphery,
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perimetry yields a 2D image, or visual field (Fig. 1), quantifying the
ability to perceive light at each location. Visual fields are then the
basis for diagnosis and treatment (Racette et al., 2016).

While safe and inexpensive, perimetry suffers from a number
of limitations for both patients and clinicians (Racette et al., 2016).
In particular, the examination requires the patient to concentrate
for up to 7-8 minutes per eye (King-Smith et al., 1994; Weber and
Klimaschka, 1995; Bengtsson et al., 1998). For patients typically 60
to 90 years old, this is exhausting, unpleasant and leads to high
drop-out rates in scheduled bi-annual monitoring appointments.
More importantly, the quality and reliability of the visual field de-
pends on maintained high attention of the patients throughout the
exam. Long examinations time cause an increase in false positive
and false negative responses, thus significantly reducing the qual-
ity of the examination. This in turn makes treatment planning by
the clinician more challenging (Gonzalez-Hernandez et al., 2005;
Wall et al., 2004). As such, there is an important need to speed up
examinations in order to improve the overall quality of care.

Yet at the heart of perimetry lies an inherent accuracy vs. speed
trade-off. That is, accurate visual fields could be produced if ev-
ery location of the visual field were tested multiple times with
different intensities. Doing so would however require unbearably
long examinations. Conversely, testing just a few locations with no
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Fig. 1. (a) An OCTOPUS 900 perimeter (Haag-Streit AG, Switzerland), (b) A 1D schematic representation of the perimetry principle (generalizes to 2D). The patient eye (left)
focuses on a fixation point in the perimeter (black point). Light of different intensities are sequentially shown to L =3 locations in the perimeter (right) that stimulate
photoreceptor regions in the patient’s retina. A light sensitivity threshold at each evaluated photoreceptive region in the retina is recorded by the machine. In this example,
two low thresholds (in red) and one high threshold (blue) are illustrated. (c) A 2D visual field map from a healthy subject acquired using a 24-2 pattern with L = 54 tested
locations. The warm to cool color scale corresponds to high to low sensitivity thresholds. (d) A G-pattern visual field with L = 59 tested locations. (For interpretation of the
references to colour in this figure legend, the reader is referred to the web version of this article.)

intensity variability would be extremely fast but yield clinically un-
usable visual fields.

Recent methods have been proposed to tackle this trade-off
more efficiently. Chong et al. (2014, 2016) leverage the spatial re-
lations of individual locations to improve the overall accuracy of
visual fields. These methods rely on the fact that anatomical struc-
tures and pathological factors are indicators of the co-dependency
between values at different locations (Weber et al., 1990; Anton
et al., 1998). While potentially more precise, these methods re-
main slow, as each location still needs to be evaluated. As was later
shown in (Wild et al., 2017; Kucur and Sznitman, 2017), exhaus-
tive testing is unnecessary as the co-dependencies between loca-
tions can be exploited to reduce the number of evaluated locations.
In particular, unobserved locations can be estimated using Markov
Random Fields (Wild et al., 2017) or sparse reconstruction methods
(Kucur and Sznitman, 2017). However, in terms of what locations
to select, both methods are greedy in that they only pick what lo-
cation should be next, either once for all eyes (Kucur and Sznit-
man, 2017) or dynamically during the examination (Wild et al.,
2017). This yields locations that do not truly take advantage of the
visual field co-dependencies and yields large inaccuracies at loca-
tions that have not been evaluated. Ultimately this strongly limits
their usability in practice.

We present a Patient Attentive Sequential perimetry Strategy
(PASS). PASS has three properties to overcome the above short-
comings: it is (i) sparse, examining only a limited number of the
visual field locations; it is (ii) patient-adaptive, selecting the se-
quence of locations to examine in an online manner based on the
previous answers from the patient; and it is (iii) non-greedy, pick-
ing the locations that jointly yield the most accurate visual field
within the given duration of the exam. To do this, we separate the
problem into (1) a visual field estimation problem and (2) a loca-
tion selection problem. (1) enables the sparsity property, while (2)
leads to the patient-adaptiveness and non-greediness properties. For
(1) we propose to use a Neural Network (NN) or Least Squares ap-
proach to reconstruct the visual field from partial observations that
are retrieved sequentially, while for (2) we use a separate NN that
is trained to predict the best locations to pick given the history
of observations. Our method then iterates between reconstructing
visual fields from partial observations to selecting the next loca-
tion to observe. As such, our work is a Reinforcement Learning in-
stance (Sutton and Barto, 1998) and is related to attention models
(Ranzato, 2014). Our main contributions are threefold:

o The presented framework is the first to show a policy-gradient
reinforcement learning approach for the task of visual field re-
construction from sparse observations. At each time point of
our sequential method, we determine what location to evalu-

ate, using previous locations and the current best estimate of
the entire visual field.

Given a predefined number of locations to be evaluated, we
show how to learn what locations need to be selected to ap-
proximate the global optimum. This is in stark contrast to state-
of-the-art methods that exclusively rely on one-step look ahead
criteria to select the following location to test.

We compare the use of two different sparse reconstruction
methods for the task of visual field estimation. The first relies
on a sparse linear model, while the second involves a NN-based
approach.

We show in our experimental section that PASS provides su-
perior performances compared to state-of-the-art methods on two
different datasets acquired with different perimeters. Ultimately,
we show that our method provides better results with shorter ex-
amination times.

The remainder of this paper is organized as follows: In
Section 2, we briefly describe perimetry and existing related works.
In Section 3, we outline our proposed framework and thoroughly
evaluate it in Section 4. We conclude with final remarks in
Section 5.

2. Related work
2.1. Principles of perimetry: A brief overview

Perimetry quantifies the ability of retinal photoreceptors to per-
ceive light (Racette et al.,, 2016). The basic principle is to present
short (i.e. 200 ms) light stimuli of different intensities (in deci-
bels) so that the brightness with which perception is detected 50%
of the time can be estimated. This brightness value is called the
sensitivity threshold and is a noisy measurement. Healthy and de-
teriorated retinal locations typically have low and high sensitivity
thresholds, respectively.

To collect sensitivity threshold estimates over multiple retinal
locations, the subject fixates a central point on a screen while the
stimuli are presented. By varying where the stimuli appear in the
field of view, sensitivity thresholds at different retinal locations can
then be estimated (see Fig. 1b). For a given eye, this ultimately
yields a 2D grid of sensitivity threshold values known as a visual
field (VF) (see Fig. 1c-1d). Modern devices automatically evaluate
50-60 locations per eye using a variety of different coarse grid pat-
terns. For more information on perimetry, we refer the reader to
(Racette et al., 2016).

Given this setting, we can treat VFs as images whose pix-
els are sensitivity thresholds (i.e. with values ranging between 0-
40dB) as shown in Fig. 1c and d. Since perimeters can stimulate
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photoreceptive regions in any order, with any given intensity, an
important characteristic of the VF acquisition process is that each
location can be observed independently from each other. In ad-
dition, the acquisition time is linear in the number of locations
evaluated. This fact has led researchers to develop different test-
ing strategies that choose what locations to stimulate, with what
intensities and in what order, so to estimate VFs as quickly and
accurately as possible. This problem is the focus of the present
work and we describe the most relevant existing methods in what
follows.

2.2. Perimetry testing strategies

Early research on speeding up perimetry focused on explor-
ing methods that reduced the number of stimuli used for a sin-
gle photoreceptor region at a time. These included methods that
used fixed and varying intensity testing intervals (Racette et al.,
2016; Weber and Klimaschka, 1995), as well as Bayesian testing
strategies (King-Smith et al., 1994; Bengtsson et al., 1998; Tyrrell
and Owens, 1988; Anderson and Johnson, 2006). In some cases,
50%-80% speedup gains are achieved when compared to brute-
force testing that lasted over 15 minutes per eye. In this work, we
use the clinically validated varying intensity testing method pro-
posed in Weber and Klimaschka (1995) to determine the sensitiv-
ity thresholds at a specific location.

To further improve the acquisition speed, other methods used
VF values of neighboring locations to reduce the number of stim-
uli presentations. The Dynamic Strategy (DS) (Weber and Kli-
maschka, 1995) and the Tendency Oriented Perimetry (TOP) strat-
egy (Morales et al, 2000), use neighboring locations to seed
initial stimuli values at yet to be tested locations. While the
former fully estimated sensitivity thresholds before testing neigh-
boring locations, the latter stimulated each location only once,
yielding very fast VFs with low-accuracy (De Tarso Ponte Pierre-
Filho et al., 2006).

More recent methods have looked to characterize VF locations
using Markov Random Fields (MRF) and Bayesian inference to
estimate VF values. Denniss et al. (2013) and Ganeshrao et al.
(2015) both proposed similar schemes that used graph priors de-
rived from anatomical retinal structures. While showing improve-
ments in testing efficiency, the overall gains are limited and the
need to explicitly model the graph structure is complex in itself.
GOANNA (Chong et al., 2014) improved this by dynamically de-
termining which locations to test. SWelLZ (Rubinstein et al., 2016)
and SEP (Wild et al., 2017) also used MRFs to incrementally esti-
mate VFs and dynamically select what locations to evaluate based
on sparse estimates. While both methods brought speed improve-
ments, their performances on datasets with wide ranges of sub-
jects (i.e. datasets with healthy and pathological subjects) are infe-
rior due to difficulties in estimating model parameters.

Sparse sensing (Donoho, 2006) techniques have been heavily
used in image reconstruction problems, especially in medical ap-
plications such as Medical Resonance Imaging (Lai et al., 2016; Rav-
ishankar and Bresler, 2011; Haldar et al., 2011; Huang et al., 2011;
Chen et al., 2018). By inspring from the same image reconstruction
idea, sparse sensing was used as the basis of the Sequentially Opti-
mized Reconstruction Strategy (SORS) (Kucur and Sznitman, 2017).
Here the problem was formulated as a sparse reconstruction prob-
lem where incremental basis matrices were used to estimate the
VF after a location was observed. While being almost parameter-
free and computationally simple, the order in which locations are
tested is fixed for all patients no matter the state of the evalu-
ated VF. We show in our experiments that this fixed testing policy
is suboptimal and results in poor reconstructions at non-evaluated
VF locations.

2.3. Reinforcement learning and attention models

Our approach is related to Reinforcement learning (RL) (Sutton
and Barto, 1998) and Attention Models (Ranzato, 2014; Mnih et al.,
2014; Xu et al, 2015). In RL, an agent is tasked to learn how to
maximize a numerical reward by sequentially interacting with an
environment. Recent progress in RL has been achieved in a vari-
ety applications such as strategies for playing Atari (Mnih et al.,
2015) or Go (Silver et al., 2017). Various computer vision meth-
ods for object localization (Caicedo and Lazebnik, 2015), object de-
tection (Mathe et al., 2016), classification (Wiering et al., 2011)
have also used RL approaches as well. In medical image comput-
ing, the works of Sahba et al. (2008), Chitsaz and Seng Woo (2011),
and Wang et al. (2013) for image segmentation, of Ghesu et al.
(2016) for localization or of Neumann et al. (2015, 2016) for multi-
physics computational model personalization stand out.

In the context of sequential decision problems, Attention Mod-
els (Ranzato, 2014; Mnih et al., 2014; Xu et al., 2015) have gained
much interest. The underlying idea behind such models is to learn
where to sequentially focus computational resources in an image
so to gather as much information towards a specific task (e.g. im-
age classification). This implies ignoring irrelevant parts of an im-
age while concentrating on its most important parts.The Recurrent
Attention Model (RAM) (Mnih et al., 2014) is perhaps the most rel-
evant model to ours. Here, the authors propose a recurrent neural
network (RNN) to process the history of states and actions to de-
cide which local region in an image needs to be ‘attended’ in order
to correctly classify the image content.

Similar to the RAM model, we introduce a framework for se-
quential decision making in the context of perimetry testing: our
proposed method sequentially attends a number of VF locations,
using previously visited locations to reconstruct the VF. As in Mnih
et al. (2014), we train our method to minimize the final loss which
in our case is the VF reconstruction loss.

3. Patient-attentive sequential strategy

We formulate PASS as a sequential experimental design prob-
lem. Our method looks to provide the best possible VF reconstruc-
tion from noisy observations acquired from a limited number of
locations. Our key insight is that by selecting the best locations for
each patient, better reconstructions can be attained in shorter ex-
amination times. In what follows, we begin by specifying the PASS
model. We then describe how to train this model using data and
then specify the implementation choices we have made.

3.1. Model

To acquire a VF from a given eye, our method proceeds iter-
atively for T steps. At each time step t<T, a measured VF loca-
tion, ¢, is selected from the set 2 ={1,...,L} of possible loca-
tions. We denote the patient examined as a function 9 : 2 — R
that when queried at a location ¢ € €2, returns a noisy sensitivity
threshold g, € R from that location. Note that the function Q is
assumed to be non-deterministic as a patient may respond differ-
ently even when queried multiple times at the same location. At
time step t, we denote the history of observations received so far
as h; € (RU {e})L. Specifically, the ¢-th element of h; contains g, if
location ¢ was queried, or the masked value e if the location has
not yet been observed. Our method performs one measurement at
a time, hence h; contains L — ¢t masked values at any time step t.

After each observation, we estimate the complete VF, denoted
§: € RL, using a reconstruction function f :RL — RE that receives
as input the history of observations h;. To select the next loca-
tion to evaluate, we use a policy function v that also uses the his-
tory of observations h;, together with the reconstructed VF §;, to
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Fig. 2. Overview of the proposed method. At time step t, the policy 7 takes the re-
construction §;, as well as the history of observations h, and produces a probability
distribution over the locations. S samples one location ¢, from this distribution,
which is queried to the patient Q, and yields an observation q. The history h; is
updated with the observation q and fed to the reconstruction function f to produce
a new reconstruction ¥;,1. The [/ symbol indicates the switch from one iteration to
the next one. Algorithm 1 formalizes this procedure.

decide which location ¢;,; to query at the next time step t + 1.
This scheme is repeated T times, and we refer to this as the exam-
ination horizon. Fig. 2 depicts our model and Algorithm 1 formal-
izes this procedure. Here we use the notation h @ ,q to describe a
vector equal to h but with the ¢-th element set to q.

Algorithm 1 Patient Attentive Sequential Strategy (PASS).

Input: Patient O, policy function 7, reconstruction function f
Output: Reconstruction of the VF yr
ho <~ (0,...,0)
Yo < f(hy)
fortin (0,...,T—1) do
Sample next location ¢;,q ~ 7 (- | (ht, )
Query location from patient qe,,, < Q(¢41)
Update history h;,; < h &,,, q¢,.,
Reconstruct VF §¢,1 < f(hgyq)
end for
return Yt

The key component of our method is the policy function r,
that selects locations to query next. In particular, our policy func-
tion depends on the tuple s; = (h¢,§;) which we refer to as the
current state of our model. If we let ¥ be the set of all possible
states, a policy function is formally defined as 7: Q@ x ¥ — [0, 1],
that takes the state s; and builds a probability distribution over
Q. Thus, m(¢|s¢) is the probability of selecting the location ¢ when
the state is s;. A non-deterministic sampling procedure, denoted
as S in Fig. 2, then chooses the location ¢, from this probability
distribution.

In the following subsection, we describe how to learn the policy
function from training data.

3.2. Training

Determining a good policy function is not trivial, as we wish
to select locations that provide the best VF reconstruction after T
iterations. Given that each selection depends on the history of pre-
vious selection, the main difficulty lies in attributing the value of
individually picked locations when only observing the final VF re-
construction.

To this end, we will use a training phase to minimize a loss
function over a training dataset D = {(q®,y®)|i=1,...,N} con-
sisting of many pairs of noisy sensitivty thresholds q® ¢ RL and
the corresponding true VF values y®) € RL. Note that the noisy ob-
servations q serve to simulate the answers from the patient at
training time. To evaluate the loss function for a pair (q, y), we
compare the ground-truth y to the final reconstruction yr gener-
ated by our strategy in Algorithm 1. We can also quantify the dif-
ference between §r and y using the mean squared error (MSE),

P=lyr —yl3, (1)

that we refer to as the reconstruction penalty. Note that computing
yr involves sampling locations from the policy function, thus both
the reconstruction yr and the penalty P are in fact random vari-
ables that depend on the stochastic policy 7r. We thus define our
loss as the expected penalty,

£(q,y) =E¢r[P], (2)

where the expectation is taken over entire sequences of T loca-
tions. In contrast, Kucur and Sznitman (2017) defines their MSE
penalty with respect to y;,1, so that their expectation is only
taken over individual locations. While computationally simple,
such greedy or one-step lookahead strategies are rarely globally
optimal with respect to §7! For this reason, the goal of our training
phase is to find a policy function * such that

* = arg;nin Eqy~ol£(Q, Y], ()

where the loss is averaged over the training dataset.

To solve Eq. (3), we resort to a function approximation (Sutton
et al,, 2000). In particular, we model the policy function w4y as a
neural network with parameters 6 and use a standard gradient-
based method to minimize the loss. This requires computing the
gradient of the expected penalty w.r.t. the parameters 6. The ex-
pected penalty however can not be computed in practice, as it
would involve running over all possible sequences of T tested lo-
cations. Instead, we resort to Monte-Carlo sampling, whereby sam-
ples can be obtained from Algorithm 1 to compute approximations
to the expected penalty. Unfortunately, doing so removes all dif-
ferentiable structure w.r.t. 6 and it is not possible to compute the
gradient of the expected penalty from the Monte-Carlo samples.
This is a well-known problem in reinforcement learning and can
be solved using the REINFORCE rule (Williams, 1992). In our case,
the gradient of the loss can be rewritten as

8 a T-1
25t = aQJEMQ[P] 89 Z P]_[ne(ﬂm | s¢)

T-1

0
P@ > logmy (Crar | se) | (4)
t=0

= Ee~n9

where we have used the fact that %pg =py- %logp@ for any
function py, and 7y, is shorthand for 7y (¢;,1 | 5¢). Eq. (4) provides
a way to obtain the gradient of the expected penalty, which can-
not be computed directly, as the expectation of a gradient. This can
however be approximated with Monte-Carlo sampling,

a T-1 M T-1
Eier, P@ > " log 7y Z i 5 Zlogne @M | so),
t=0 m=
(5)

1 The greedy policy would need to satisfy Bellman’s Optimality Principle
(Bellman, 1957).
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where M is the number of samples and 1™ s a sequence of T

locations sampled from 7 ,4. Note that this is an instance of a policy
gradient method (Sutton et al., 2000) and that in practice we set the
number of Monte-Carlo samples M = 1.

In addition, to reduce the variance of the REINFORCE estimator,
it is a common to subtract a baseline b value from the penalty P
(Williams, 1988):

] 1 ¥ g = N
2gL~ W Do (P — b)@E “log e (77 | s0) | (6)
m=1 t=0

Here, the optimal choice for b is the expected penalty (Williams,
1988), which is unknown and must be estimated. We do this by
using a running average over all previously obtained penalties. We
also include the entropy of the policy function, H[my( - |st)], as part
of the gradient computation,

5 1M P - 5 -1
~ 7im
@5 ~ Mm:l (sz) —b)@ ;logﬂ9(£[+] [ st) —)\@ ;H[ﬂe(' [s)]],

(7)

where A >0 is the weight of the entropy term. This extra term has
been used before (Xu et al.,, 2015) as a manner of increasing the
entropy of the distributions generated by the policy. This avoids
premature convergence and encourage exploration of the space of
locations.

Algorithm 2 shows our implementation of Eq. (7) whereby the
grad(a, b) operator returns the gradient of a w.r.t. b. This can be
easily implemented with an automatic differentiation library (e.g.
PyTorch (Paszke et al., 2017)). We use the special notation «+ to
indicate a detached assignment that disables gradient computation
by blocking backpropagation through it. During training, we itera-
tively call Algorithm 2 feeding random samples from D to compute
approximations to the gradient of the loss, and use these gradients
to update the parameters 6 of the policy function. In the follow-
ing two subsections, we specify the details of both the policy and
reconstruction functions.

Algorithm 2 Computation of loss gradient with Monte-Carlo sam-

pling.

Input: Sample (q,y) € D, policy function 7y, reconstruction func-

tion f, baseline b

Output: Monte-Carlo approximation to gradient 3%5' updated
baseline b

: hO""_ (.7"".)vy0 H_f(h())

: logp < 0, entr <~ 0

:fortin (0,...,T—1) do

Sample next location ¢;,q ~ 7y (- | (he, §r))

logp < logp + log7wg (411 | (e, §¢))

entr < entr + H[ g (- | (he, §r))]

Update history heq « h @, e,

Reconstruct VF §;,1 < f(he 1)

: end for

: Compute penalty P « ||§r — ylI3

. gradloss « (P —b) - grad(logp, ) — A - grad(entr, 6)

: Update baseline b < 0.99b + 0.01P

: return (gradloss, b)

LR NI RN

_ e
w N = O

3.3. Policy function

As mentioned above, we use a parameterized policy function
1o modeled as an artificial neural network. This network takes the
state s; = (h¢, §:) as input. The reconstruction y; and the history
of observations h; are processed separately in two independent
streams and subsequently concatenated and processed by two fully

Table 1
Architecture for the policy network and the reconstruction network.

Policy network Reconstruction network

History stream Reconstruction stream

Input: h, Input: §; Input: h;,q

linear (2L x 512) Linear (L x 512) Linear (2L x 256)
ReLU ReLU ReLU

Linear (512 x 512)  Linear (512 x 512) Linear (256 x 256)
ReLU ReLU ReLU
Concatenation Linear (256 x 256)
Linear (1024 x 256) ReLU

ReLU Linear (256 x L)
Linear (256 x L)

Softmax

connected layers. The output of the network is a L-dimensional
vector normalized with a softmax operation to provide a proba-
bility distribution over the VF locations, which in practice models
the policy function my(-|s¢). Table 1 summarizes the architecture
of this network.

To speed up the learning process, we impose that the same lo-
cations can not be queried twice. To do this, the feature vector w
of the last layer is modified using the mask vector and then trans-
formed with softmax

7o (- | St) = softmax((1 —m;) -w—m; -E), (8)

where E>» 0 is an arbitrarily large scalar and m; = 1[h; # e] is the
mask of queried locations. This truncates the probability of loca-
tion ¢ to zero if (m;), =1 (i.e, if it has been already queried).

3.4. Reconstruction function

From the history of observations h;, the reconstruction function
fi(RU {o})L — RL provides a reconstruction §; = f(h) of the VF
with the available information at time step t. In our experiments
we propose and compare two different approaches for this recon-
struction function. The first approach, based on SORS (Kucur and
Sznitman, 2017), assumes a linear relationship between observa-
tions and the reconstructions. The second approach models f as a
deep neural network.

3.4.1. Least squares (LSTSQ)

In this scheme, we assume that there is a linear mapping from
the observations to the full VF reconstruction. Formally, if we let
My, be the binary tx L matrix that removes the unobserved ele-
ments e from h;, we write the linear VF reconstruction as

y: = B:M;, h, (9)

where B; is a L x t matrix and we assume that 0-e = 0. For each
given history h; we compute a suitable B; for the specific set of
queried locations of h; by using a reconstruction training dataset
Drec and solving the quadratic problem

B; = arg min |Y — BM;, Q||2, (10)
B

where Q and Y are L x Nrec matrices containing the Nrec measure-
ments {q(i)}?’:r]ec and the real VFs {y(i)};":rlec from Drec. Eq. (10) has
a closed form solution using least squares. Hence, the linear recon-
struction function f(h;) first performs a least squares to find the
matrix B; as the solution to Eq. (10) and then uses B; for recon-
struction as described in Eq. (9).

3.4.2. Neural network (RNet)

As more powerful alternative to the linear assumption, we
model the reconstruction function as a neural network fy(h)
with parameters ¢, which we will call the reconstruction network.
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Table 2

Partitioning of the Rotterdam and Bern datasets into training, validation and test sets. Note that the training sets are
further halved to train the policy network and the reconstruction function.

# Tr. samples (Location Net. )

# Tr. samples (Rec. function f)

# Val. samples  # Test samples

Rotterdam 2052 2077
Bern 4720 4780

470 509
1000 1180

Table 1 describes its architecture. We train this network by solving
the optimization problem

¢ = arg(;nin E(qy)~ppecm| 1Y — fp (g, m)) 3] (11)

To compute this loss during training, the elements q and y are uni-
formly sampled from Drec. The masks m are randomly generated
by simulating possible combinations of observed locations. Specif-
ically, we generate each mask m by first sampling the number of
observed locations from a uniform distribution 2/(1,T) and then
sampling that number of elements from 2. Sampled elements are
set to 1 in the mask m, and the rest are set to 0. The history h can
be trivially constructed based on the observations q and the mask
m as

h,(q, m) = :‘.7@ if me =1,

if m, =0. (12)

Note that the reconstruction network and the policy network
are trained independently in two separate phases. In a first phase
we train the reconstruction network alone, which is then frozen
during the subsequent training of the policy network. Also, both
the linear and the neural network reconstruction functions are
trained with a reconstruction training data set Drec that differs
from the data set D used to train the policy function.

4. Experimental results

In this section, we validate our approach PASS by evaluating it
on two different datasets and by comparing its performance with
a number of state-of-the-art methods.

4.1. Experimental set-up

We evaluated our approach on two separate datasets:

o Rotterdam dataset acquired at the Rotterdam Eye Institute
(Netherlands) (Bryan et al., 2013; Erler et al., 2014). It includes
5108 visual field samples from 22 healthy and 139 glauco-
matous patients. VFs were acquired using a 24-2 pattern (see
Fig. 1c) with L = 54 locations by the Humphrey Visual Field An-
alyzer II (Carl Zeiss Meditec AG, Jena, Germany).

Bern dataset containing 1108 visual fields from 538 patients
collected at Inselspital Eye Clinic of Bern (Switzerland). VFs
were collected with the G pattern (see Fig. 1d) with L =59 lo-
cations using the OCTOPUS 900 Perimeter (Haag-Streit AG, Ko-
eniz, Switzerland). We applied data augmentation to account
for the low number of samples by using the Open Perimetry
Interface (OPI) (Turpin et al., 2012) to simulate patient VFs. Us-
ing OPI, any perimetry strategy can be run on a patient model
given a true VF measurement to generate additional instances
of the same VF with natural variations. In our case, the VFs
were simulated 10 times using the SimHenson model (Turpin
et al., 2012; Henson et al., 2000), leading to 11080 samples in
total.

Both datasets are partitioned in 80%, 10%, 10% splits corre-
sponding to the training, validation and test sets, respectively. As
previously mentioned, we train the policy function network and
the reconstruction function on separate training sets. To do this,

we split the training set into two halves. All splits are made in a
patient-basis manner, so that VFs from the same patient are never
present in two different splits. Table 2 summarizes the number of
samples in the training, validation and test sets for both datasets.

We performed qualitative and quantitative comparison between
our approach and the state-of-the-art methods DS (Weber and
Klimaschka, 1995), SORS (Kucur and Sznitman, 2017), and TOP
(Morales et al., 2000). We trained our PASS algorithm with both
the LSTSQ and the RNet versions of the reconstruction function,
which we denote PASS+LSTSQ and PASS+RNet, respectively. For
fair comparison, the reconstruction network is pre-trained once for
each dataset, and all the experiments with PASS+RNet use the
same reconstruction network. At test time, the starting query stim-
ulus at a next location is set to the value given by the previous re-
construction value, i.e. q,.,, = (Sq),m. We then use the SimHenson
model to simulate patient responses.

The horizon T is a hyperparameter of our policy. However, a
policy trained for a specific horizon T might perform well when
used with a different horizon at test time Tes;. To assess this rela-
tion, we report performances of our method trained with horizons
of T=8, T=16 and T = 36, and tested with horizons of Tagt = 8,
Tiest = 16 and Tiegt = 36. The DS method has a fixed T = Typgr = L,
as it needs to query all possible locations. Similarly, TOP has a
fixed horizon. For DS and TOP, we report results for their respec-
tive fixed horizons at training and testing time. SORS is trained
for T = L, but its greedy nature allows us to stop the testing at any
point Teest. Hence, we also use Tiagt = 8, Test = 16 and Tiagr = 36
for SORS.

The experiments were implemented in Python and R. We used
PyTorch (Paszke et al.,, 2017) as our automatic differentiation li-
brary. We perform mini-batch stochastic gradient optimization us-
ing the Adam (Kingma and Ba, 2014) optimizer to train the policy
and reconstruction networks. The learning rate and batch size for
the policy network were set to 10~> and 256, respectively. For the
reconstruction network, we used a batch size of 32 and a learning
rate of 10~4, which decayed by 0.1 every 300 epochs. The model
that led to the best performance on the validation set was selected
for evaluation on the test set.

4.2. Evaluation criteria and metrics

We use two different metrics to quantify the performance of
different methods. The quality of the reconstructions is measured
in terms of the MSE between the reconstruction § and the ground-
truth y,

INEER (13)

averaged over the testing dataset. We report the MSE computed
both over all L locations and only in the L — Tyeg¢ unobserved lo-
cations, to assess the generalization power of our reconstruction
methods. In particular, reconstruction errors on locations that have
not been evaluated are of strong interest here as they indicate to
what extent the clinician can believe the values presented.

We also provide the averaged number of stimuli presentations
(#Pres.) required to acquire the VF by each method. #Pres. is pro-
portional to the time taken to evaluate a patient. Note that, while
related, #Pres. is not equal to the number of queries T, as each
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individual location requires a number of stimuli presentations de-
pending on its sensitivity threshold.

Since our overarching goal is to improve the quality of the re-
constructions for a reduced amount of queries, we emphasize the
importance of results obtained with small values of Tst, especially
when Tt = 8. For larger horizons, such as Tyegt = 36, the quality
of reconstructions is less interesting as the number of unobserved
locations is smaller and there is a natural convergence in perfor-
mance for all methods.

4.3. Quantitative performance

Table 3 compares the different methods on both the Rotterdam
and Bern datasets. We observe that our approach brings improve-
ments in terms of accuracy when compared to its counterparts,
especially for unobserved locations. Moreover, our methods took
similar or less examination time. For the Rotterdam dataset, PASS
methods have remarkably lower MSEs than the baselines. When
compared to TOP, PASS led to a huge increase in terms of accu-
racy and speed. For shorter horizons, PASS methods reached much
better accuracy than TOP while requiring half the number of stim-
uli presentations. DS, having a fix horizon of Tiegt =L, provides
better reconstructions than PASS for short test horizons, but it re-
quires 125 more stimuli presentations than PASS on average. In-
terestingly, for longer horizons (Tiest = 36), PASS outperforms Ds,
yielding higher quality reconstructions than DS in 30% less time.
As for standard deviations (SD) of the MSEs, PASS methods, es-
pecially PASS+LSTSQ, had lower or similar SDs than TOP and DS
for Tiegt = 36. For shorter horizons, they led to larger SD, which is
expected since PASS leaves some locations untested and leads to
higher variance in the acquisition process.

As expected, the gain in terms of accuracy decreases when
the testing horizon grows. PASS+RNet could not perform better
than SORS for Tiegt = 36, even though it had an excellent perfor-
mance for shorter horizons. We attribute this lower performance
for large horizons to limitations in the reconstruction network.
Given that the number of possible combinations of queried lo-
cations increases exponentially with the horizon, the amount of
training data required to properly train the network grows accord-
ingly. This explains the drop in performance of reconstruction net-
works for larger testing horizons, and why LSTSQ outperforms RNet
for T = 36. The fact that PASS+LSTSQ performs better than SORS
while having the same reconstruction scheme shows how our
patient-specific approach is more effective at selecting locations
to query regardless of the reconstruction procedure. In terms of
MSE SDs, PASS generally has lower or similar variance compared
to SORS except at Tyegt =36 where PASS+RNet led to higher
MSE SD.

For the Bern dataset, PASS methods shows roughly the same
performance as SORS in terms of mean MSE, even though slightly
better accuracies are reached for Tiegt = 8 and Tiegt = 36 and the
MSE SDs are higher than that of SORS. The Bern dataset includes
relatively healthier patients — more than 70% — that can be easily
estimated by any strategy. Still, our PASS methods reached better
accuracy than DS and TOP while requiring between 36% and 70%
fewer stimuli. Overall, PASS led to better accuracy on untested lo-
cations with similar or even less number of stimuli than SORS on
both datasets.

We also compared our approach to another patient-specific
scheme proposed in the literature, the Spatial Entropy Pursuit (SEP)
(Wild et al., 2017) strategy, which selects VF locations according to
uncertainty of the VF estimation in a greedy way and stops when
the uncertainty is below a pre-defined threshold. For a fair com-
parison, we used the same training and testing datasets as in Wild
et al. (2017) and compare the results with the SEP performance
reported in Wild et al. (2017). We compare only PASS+RNet

Table 3

Performance of different perimetry strategies on Rotterdam and Bern datasets. Mean and standard deviations (SD) of the MSEs and of the number of presentations (#Pres) are provided for different test horizons Tiegt

{8, 16, 36} for each strategy trained for horizons T. The MSEs are separately shown for tested and untested locations. The bold font shows the best performance among all PASS methods in terms of average MSEs and number

of presentations.

#Pres.

- 36)

MSE (SD) (Tyest

All

#Pres.

MSE (SD) (Tiest = 16)

All

#Pres.

—38)

MSE (SD) (Trest

All

Method

Untested

Untested

Untested

109.07 (16.54)
108.70 (15.29)

21.48 (19.98)

18.10 (14.63)
14.66 (9.75)

50.84 (7.17)

24.40 (20.44)
2415 (19.17)

22.55 (18.17)
21.27 (15.99)
20.99 (17.04)
21.67 (16.96)
2313 (18.52)
22.74 (18.81)
22.39 (17.02)

26.98 (4.21)

29.30 (25.54)
31.84 (26.68)
30.12 (23.66)
35.58 (41.95)
36.22 (30.08)
44.40 (53.19)
32.99 (27.72)

27.84 (23.89)

—8)

PASS+RNet (T

Rotterdam

20.02 (15.33)
16.08 (14.48)
16.59 (13.73)
14.51 (14.53)

50.28 (7.26)

25.80 (4.00)
27.99 (4.88)
2741 (5.23)
26.85 (4.08)

27.08 (5.13)

29.59 (24.22)
28.42 (22.05)
33.02 (38.05)
34.06 (27.33)
40.47 (46.48)
30.38 (25.22)
32.35 (12.99)
15.17 (11.04)
16.14 (17.28)
17.02 (17.29)

8)
16)

PASS+LSTSQ (T
PASS+RNet (T

111.06 (17.61)
109.50 (14.67)
111.52 (16.56)
108.07 (14.76)

16.45 (12.85)
1413 (9.62)

51.93 (8.03)
51.69 (7.70)
52.02 (7.25)
50.87 (7.69)
50.74 (7.69)
54,00 (0.00)

22.38 (19.41)
24.14 (20.06)
2481 (2147)
25.54 (23.53)
26.11 (20.56)

—16)
36)

PASS+LSTSQ (T
PASS+RNet (T

15.86 (12.46)
13.81 (9.57)
14.97 (9.90)

15.03 (14.87)
21.28 (16.08)

—36)

PASS+LSTSQ (T
SORS (T

TOP (T

DS (T

109.86 (16.13)

26.29 (4.60)
54,00 (0.00)

54)
Trest = 54)

54,00 (0.00)

32.35 (12.99)
15.17 (11.04)
1119 (11.04)
9.84 (7.79)

32.35 (12.00)
15.17 (11.04)
13.39 (13.74)
1317 (12.18)

156.31 (12.81)
104.24 (11.72)

156.31 (12.81)
46.65 (5.60)
46.61 (5.56)

46.10 (5.41)

156.31 (12.81)
23.66 (3.43)
23.43 (3.40)

22.63 (3.05)

Ttest = 54)

12.89 (14.29)
11.80 (10.61)
11.83 (13.25)
11.35 (11.41)

14.44 (15.30)
14.53 (14.13)
14.03 (15.02)

16.77 (18.23)
17.96 (18.70)
17.60 (20.79)
18.23 (19.29)
18.63 (24.04)
19.82 (25.05)
17.67 (17.44)

—8)

PASS+RNet (T

Bern

104.38 (11.38)

8)
16)

PASS+LSTSQ (T
PASS+RNet (T

104.01 (11.16)

10.72 (10.54)
9.73 (7.72)

13.27 (13.43)
13.07 (12.07)
14.64 (15.23)

16.90 (19.17)
17.36 (17.81)

103.82 (10.67)
105.13 (11.74)
103.77 (10.83)

46.33 (5.08)
46.72 (5.73)

14.08 (14.10)
15.52 (17.03)
15.31 (15.80)

22.97 (3.01)
23.47 (3.54)
22.69 (2.98)
23.50 (3.34)
69.00 (0.00)

=16)
36)

PASS+LSTSQ (T
PASS+RNet (T

11.68 (13.56)
1113 (11.10)

10.88 (10.86)

9.67 (7.81)
9.82 (7.66)

17.94 (22.30)

45.46 (45.46)
47.48 (6.25)

13.82 (13.23)
12.98 (11.07)
15.64 (8.67)
12.23 (7.60)

18.61 (22.42)
16.67 (15.99)
15.64 (8.67)
12.23 (7.60)

=36)

PASS+LSTSQ (T
SORS (T

TOP (T

DS (T

104.89 (12.65)

12.28 (11.58)

14.48 (12.96)

59)
Ttest = 59)

69.00 (0.00)

15.64 (8.67)
12.23 (7.60)

69.00 (0.00)

160.37 (13.20)

160.37 (13.20)

160.37 (13.20)

Ttest = 59)

185
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Table 4
Performances of PASS and SEP for Tiegt = 20.
Method MSE #Pres.
(Mean, Median)  (Mean, Median)
PASS+RNet (T =20) 13.81, 5.86 68.34, 69
SEP 12.85, 10.72 88.87, 73

trained for T = 20. Table 4 shows the MSE means and medians,
as well as the number of presentations achieved by each method.
PASS performs better than SEP in terms of median MSE with
fewer presentations. This implies that our scheme suggests bet-
ter locations to query and estimates VFs more accurately. PASS is
also more flexible than SEP when working with different VF pat-

PASS+RNet (T=8)

PASS+RNet (T=16)

terns: SEP requires an explicit description of the VF layout and
neighborhood, while PASS learns to cope with this information
implicitly.

4.4. Error distributions

In this section, we present the error distributions of PASS and
compare them to that of SORS in order to better analyze the aver-
age quantitative performance discussed in Section 4.3.

Fig. 3 presents the error distributions for the Rotterdam
dataset, as well as their mean and standard deviations (SD). Com-
pared to SORS, both PASS+RNet and PASS+LSTSQ methods for
T = 8 have lower mean and SD. For longer horizons, PASS+RNET
performed the worst potentially due to the confined training of

PASS+RNet (T=36)
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Fig. 3. Error distributions of PASS and SORS method for the Rotterdam dataset. Mean and standard deviations (SD) are given for each plot, and T = Tyegt for each model.
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PASS+RNet (T=8)

PASS+RNet (T=16)

PASS+RNet (T=36)
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Fig. 4. Error distributions of PASS and SORS method for the Bern dataset. Mean and standard deviations (SD) are given for each plot, and T = Tiegt for each model.

the reconstruction network for long horizons. This is supported
by the fact that PASS+LSTSQ almost performed the best for ev-
ery horizon whereby better performance could be achieved with
PASS+LSTSQ compared to SORS even though they share the same
reconstruction scheme. Similar observations can be made for the
error distributions of the Bern dataset in Fig. 4, where the er-
ror variances for PASS are similar or slightly higher to those
of SORS.

4.5. Performance on sub-populations
To better understand how PASS performs on VFs as a function

VF health level, we disantagle the overall performance given in
Table 3 and show the performances on sub-populations grouped

by VF mean defect (MD)? We use Hodapp classification scheme
Hodapp et al. (1993) to group VFs into three classes: VFs with
MD > —6 belong to the early defect group (EG); VFs with —12 <
MD < —6 belong to the moderate defect group (MG); and VFs with
MD < —12 belong to advanced defect group (AG). Table 5 presents
experimental results on thsse three groups for the Rotterdam
and Bern datasets and compares the performance of PASS and
SORS.

In most cases of the Rotterdam dataset, PASS methods outper-
formed SORS in terms of accuracy and number of presentations

2 MD is the mean of the deviations of the sensitivity thresholds from the age-
matched healthy normal values, and is a clinically well-accepted indicator of the
severity of VF defects. A lower MD implies more severe VF defects.
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Table 5

Performances on early defect group (EG), moderate defect group (MG) and advanced defect group (AG) sub-populations for both the
Rotterdam and Bern dataset. Mean MSEs for each method and sub-population are given, with mean number of presentations in
parenthesis. Percentages of each group in the training set is also shown. Bold font is used whenever any PASS method performance
(in terms of error or number of presentations) is higher than SORS for the corresponding T. Tesr = T in all cases.

Method Roterdam: Sub-populations

Bern: Sub-populations

EG (57.4%)

MG (19.4%)

AG (23.2%)

EG (70.6%)

MG (17.0%)

AG (12.5%)

PASS+RNet (T = 8)
PASS+LSTSQ (T = 8)
SORS (T = 8)
PASS+RNet (T = 16)
PASS+LSTSQ (T = 16)
SORS (T = 16)
PASS+RNet (T = 36)
PASS+LSTSQ (T = 36)
SORS (T = 36)

15.58 (27.87)
16.29 (26.44)
16.66 (27.96)
11.51 (55.45)
12.99 (52.83)
12.78 (53.74)
8.82 (119.61)
8.56 (115.42)
9.44 (117.21)

45.57 (27.56)
46.28 (28.56)
4837 (26.27)
38.71 (54.71)
32.18 (58.15)
32.60 (53.27)
27.32 (115.81)
19.57 (110.79)
21.467 (117.37)

47.66 (24.88)
51.97 (23.45)
53.20 (22.74)
34.88 (43.43)
36.41 (46.94)
39.21 (43.44
26.77 (92.73
22.95 (91.43
24.43 (9153

914 (24.25)
10.28 (23.85)
10.54 (24.34)
7.85 (47.53)
.40 (47.41)
8.46 (49.42)
6.30 (108.74)
6.56 (107.21)
6.78 (109.41)

30.31 (21.62)
26.82 (22.73)
24.50 (22.01)
23.10 (43.35)
20.33 (43.95)
19.10 (43.91)
18.23 (98.78)
14.92 (98.22)
15.17 (96.95)

41.63 (22.47)
45.62 (21.71)
43.86 (20.17)
34,22 (40.80)
32.46 (42.62)
32.68 (40.02)
29.58 (90.97)
2212 (89.78)
21.73 (87.14)

Table 6

Performance of methods on healhty and glaucomatous patients in the Rotterdam dataset. Mean MSEs are given, with

mean nuumber of presentations in paranthesis. T = Tiegt for all methods.

Method TtESt =8 Ttest =16 Ttest =36

Healthy Glaucoma Healthy Glaucoma Healthy Glaucoma
PASS+RNet 524 (29.55)  29.41(26.80)  5.19 (59.09) 22.09 (51.43) 4.41 (124.61) 16.65 (110.61)
PASS+LSTSQ  8.61 (28.15) 31.04 (25.64) 5.06 (52.12)  22.82 (51.66) 3.98 (117.18) 14.49 (107.43)
SORS 9.12 (28.85)  31.85(26.11) 6.88 (54.48)  23.46 (50.48) 4.60 (120.85)  15.69 (109.09)

on the three defect groups. Especially, for shorther horizon such as
T = 8, the gap between PASS and SORS error performance is sig-
nificant for almost the same number of presentations. For longer
horizons such as T =36, PASS+LSTSQ is consistently better than
SORS as was observed in Table 3. Overall, PASS methods per-
formed better than SORS for EG and AG in most cases (except
PASS+LSTSQ (T = 16) and PASS+RNnet (T + 36). For MG, PASS
has less evident superiority most likely due to insufficient training
samples for that group.

For the Bern dataset, similarly to the overall performance in
Table 3, the advantage of PASS over SORS can be seen for EG for
all horizons, whereas it is less apparent for MG and AG as was
the case in Table 3. Since Bern dataset consists of mainly relatively
healthy population, better performance, even though slight, can
be expected from PASS as it had more examples to train within
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(a) Healthy patient

that population. The subtle difference between PASS and SORS is
due to the fact that improvements on the EG group is marginal
as VFs in that group are largely homogenous and easy to recover
correctly by most strategies. This is also seen in the Rotterdam
dataset where the smallest improvements were obtained on the
EG group.

In addition to the performance comparison for different defect
groups, we also present in Table 6 mean MSE and number of pre-
sentations results separately for healthy and glaucoma subjects in
the Rotterdam dataset. For both healthy and glaucomatous sub-
jects, PASS generally outperform SORS in terms of accuracy with
more or less similar number of presentations. Exceptions to that
fact are the cases of PASS+RNet for Tiast = 16 and Tiagt = 36
where either only the number of presentations or both the MSE
and the number of presentations are higher.

PASS+LSTSQ PASS+RNet SORS
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(b) Glaucomatous patient

Fig. 5. (a) Comparison of VFs reconstructed with PASS (first and second columns) and with SORS (third column) for (a) a healthy patient and (b) a glaucomatous patient,
both from the Rotterdam dataset. The last column shows the ground-truth. Results are shown for horizons T = 8 (top row), T = 16 (middle row), and T = 36 (bottom row).
Ttest = T in all cases. Black dots indicate the queried locations for each method. PASS adapts queries to the underlying VF, while SORS uses a fix set of locations.
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Fig. 6. Failure cases of PASS on a (a) healthy VF and (b) a glaumatous VF.

4.6. Qualitative evaluation

We now provide qualitative results of our approach, visualizing
the selected locations and the estimated VF. Fig. 5a and b show
representative results of our methods on healthy and glaucomatous
cases, respectively.

In Fig. 5a, we present the results for a healthy VF where the
overall sensitivity thresholds are high (> 20, except for the blind
spot region), whereas in Fig. 5b illustrates results for a glauco-
matous case where the sensitivity thresholds are lower. We ob-
serve that the distribution of locations queried by our approach
(PASS+RNet, PASS+LSTSQ) depends on the VF itself, whereas
SORS selects the same locations for all VFs. Our approach tends
to query locations within regions where the gradient of sensi-
tivity thresholds is large. SORS locations are spread throughout
the entire VF plane, as it has been trained to average over all
kinds of VFs, overlooking patient-specific defects at test time.

The fact that PASS reaches lower MSE than SORS quantitatively
demonstrates the superiority of our strategy. Specifically, given that
PASS+LSTSQ and SORS share the same reconstruction strategy,
the improved performance of PASS+LSTSQ shows that the loca-
tions selected by PASS are more informative.

Fig. 6 shows two cases where PASS fail to outperform SORS. In
Fig. 6a, which corresponds to a healthy VF, we see SORS perform-
ing very well for each test horizon. SORS locations are well spread
throughout the VF and oriented at locations of both low and
high threshold sensitivities which helps the final VF reconstruc-
tion. For this case, PASS+RNet has difficulty with longer hori-
zons, especially when Tier = 36 whereby the MSE increases and
becomes worse than cases with fewer locations tested. Conversely,
PASS+LSTSQ has poor estimation for Tiesr = 8 due to the selected
locations and overall underestimating the healthy region (i.e. re-
gion with high sensitivity threshold) within the VF. The VF esti-
mation improves for longer horizons while still not outperforming

T | T
0.08 ‘ Im SORS 1
W PASS+RNet

Number of attended locations (normalized)

T T
I SORS 1
[ PASS+LSTSQ

Number of attended locations (normalized)

Fig. 7. Normalized bar plots of the first 8 locations selected by PASS and SORS (i.e. Tresr = 8) with respect to their gradient measure A; on the Rotterdam dataset. T = 8 for
each model. Both plots show that PASS-selected locations are concentrated in higher gradient regions than those selected by SORS.
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Fig. 8. Average tested locations on the Rotterdam test set. The proportion of times a location was selected is shown for PASS+RNet (top row), PASS+LSTSQ (middle row)

and SORS (bottom row) for horizons T = 8, 16, 36.

SORS. In Fig. 6b, we illustrate a glaucomatous VF acqusition where
there are a number of isolated defect regions. In this acquisition,
we see that for Tiest = 8, PASS methods underestimated the VF on
the upper hemi-sphere. For Tt = 16, while PASS+RNet almost
performed as well as SORS, PASS+LSTSQ concentrated its selec-
tion of locations to the upper-middle hemi-sphere making the es-
timation of other regions more difficult and resulting in a poor VF
estimation. For Tiesr = 36, both PASS techniques reached similar
MSEs but were still outperformed by SORS.

To support our claim that PASS methods generally attend re-
gions that have high gradient, we present in Fig. 7 the normalized
bar plots of the first Tiesr = 8 locations selected by PASS methods
(T = 8) and SORS with respect to gradient in VFs. We quantify the
gradient using A} = maxy,cy; |yt —yi,! (Chong et al., 2014; Kucur
and Sznitman, 2017) for the location I, where N is the set of (at
most 8) neighboring locations. A, is the highest difference between
the sensitivity thresholds of a location and of its neighbors which
quantifies the high gradient regions within a VF. Fig. 7 shows the
probability of attending a location (in the first 8 time steps) within

-28.1 1.7

-1.5 -4.0 -13.7 -1. 0 -13.7
MD MD MD

#Co-occurence

#Co-occurence #Co-occurence

15 30 45 60 75 3 6 9 12 15 20 24 28 32 36

(a) Rotterdam

a given range of gradient measures. Accordingly, we observe that
both PASS+RNet and PASS+LSTSQ first attended the locations hav-
ing higher gradient measures than SORS.

To gain a broader view of what locations are selected by PASS,
Fig. 8 illustrates how often a location is evaluated on the Rotter-
dam test set. Values of 1 indicate locations tested in each VF, while
0 occurs when a location is never tested. For this reason, SORS lo-
cations are the same regardless of the tested VF. In contrast, PASS
adaptively selects location which is depicted by smoother averaged
locations. Beyond this, Fig. 8 shows that PASS locations depend
on the horizon T. This is visible as some locations at T =8 hav-
ing more importance than at T = 16 or T = 32. This indicates that
PASS is not performing a greedy selection but adjusts based on its
predefined horizon.

We also use the co-occurrence matrices of Figs. 9a and b to as-
sess how our method adapts selected locations according to the
severity of the VF defects. Each element (i, j) of a co-occurrence
matrix shows the number of shared locations among those that
our method selected for the i-th and the j-th VFs of the test set.

-1.1 -3.0 -6.4 -1. -6.: -1.1 -3.0 -6.4
MD MD
#Co-occurence

#Co-occurence #Co-occurence

15 30 45 60 75 3 6 9 12 15 16 20 24 28 32 36

(b) Bern

Fig. 9. Co-occurrence of selected locations using PASS+RNet on the (a) Rotterdam and (b) Bern test sets, with T = 8 (left), T = 16 (middle) and T = 36 (right). Tyeg =T in
all cases. Patients are sorted according to their mean defect (MD) values. Similar results are obtained for PASS+LSTSQ.
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VFs are sorted according to their MDs. Elements to the left and
bottom parts of the matrices correspond to healthier VFs. Higher
values in the co-occurrence matrices indicate that the correspond-
ing sets of queried locations are more similar.

Co-occurrence matrices show that the co-occurrence of queried
locations are strongly related to the MDs. PASS queries similar lo-
cations for patients with similar VFs but adjust the selected loca-
tions in abnormal VFs, as can be deduced from the square blocks
of high values that appear along the diagonals of the matrices. For
example, in Fig. 9a the sets of selected locations are very similar
for all VFs with MD > —5, which corresponds to relatively healthy
cases and early glaucoma. This is due to the fact that healthy VFs
are smooth and similar to each other. When MD < -5, our ap-
proach selects sets of locations with fewer shared elements and
tends to be more patient-specific, since abnormal VFs are different
in each case. There are two small squared blocks of relatively high
values, corresponding to the mild (—~12 < MD < —6) and advanced
glaucoma patients (MD < —12) (Heijl et al., 2012), where VFs are
mostly uniform with low ST values. A similar trend can be also
observed in Fig. 9b concerning the Bern dataset.

5. Conclusion

In this work, we have presented a patient-specific perimetry
strategy that leads to a better accuracy-speed trade-off in its abil-
ity to acquire visual fields. Our approach relies on reinforcement
learning, visual attention and sparse approximation to provide a
comprehensive framework for fast visual field acquisition. In prac-
tice, we decompose the problem in two by focusing on (1) a flex-
ible model for VF reconstructions and (2) a novel method to se-
lect appropriate VF locations. By treating the selection of VF loca-
tions within a reinforcement learning context, we are able to learn
a policy function that is optimized to iteratively select locations
that reconstruct VF's effectively at the end of a fixed horizon. This
departs from traditional greedy strategies that typically select loca-
tions based on the next best possible choice. We showed in our ex-
periments, that even when using equivalent reconstructions meth-
ods, the locations selected with our approach outperform state-of-
the-art methods. In addition, our method is patient-specific and
adapts what locations are selected based on the VF itself, lead-
ing to improved accuracies at untested VF locations. In the future,
we plan to determine strategies that select which of the proposed
models is optimal to use depending on the patient and then extend
our framework to other traditional imaging devices in medicine.
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