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ABSTRACT

We present a theoretical model that predicts visual acuity changes over extended ranges of stimulus contrast,
luminance, and optical blur. We highlight the significance of neuronal response nonlinearity to optical
contrast in achieving model agreement with experimental data. The model operates by computing, for each
experimental condition, a parameter termed data separability within the framework of statistical decision
theory. We assume a theoretical model observer that utilizes sharp image templates for optotype identification,
consistent with our previous work for small (< 0.5 D) optical aberrations (Leroux et al., 2024). The model
incorporates the nonlinear response of visual neurons to contrast stimuli in the simulation of visual images.
We digitalized measurements from Johnson and Casson (1995), who studied the combined effects of stimulus
contrast (6 to 97%), luminance (0.075 to 75 c¢d/m?), and blur (0 to 8 D positive lens), and compared our
model’s predictions to their data. The model achieved an overall root-mean-square residual of 0.048 logMAR
for measurements spanning 1.73 logMAR. Accounting for nonlinearity proved critical in predicting acuity
across these extended ranges of experimental conditions. This approach may also be necessary for modeling

acuity under non-standard experimental conditions and/or for subjects with pathologies.

1. Introduction

Visual neurons exhibit nonlinear responses to optical contrast. Non-
linearity in neuronal electrical responses has been observed in vivo
in the retina (Scholl, Latimer, & Priebe, 2012), the lateral geniculate
nucleus (Duong & Freeman, 2008), and the primary visual cortex
(Albrecht & Hamilton, 1982). The response is expansive at low contrast
and compressive at high contrast. Additionally, the sensitivity of a
neuron is diminished when neighboring neurons within its suppressive
field are exposed to high optical contrast (Carandini & Heeger, 1994;
Carandini, Heeger, & Movshon, 1997).

Models of spatial vision that incorporate neuronal nonlinearity ef-
fectively predict contrast sensitivity measurements in pattern masking
experiments (Watson & Solomon, 1997). However, contrast sensitiv-
ity (Watson & Ahumada, 2005, 2015) and visual acuity (Nestares,
Navarro, & Antona, 2003; Watson & Ahumada, 2008, 2012) mea-
surements can be accurately modeled without considering neuronal
nonlinearity. We hypothesize that acuity models spanning broader
experimental ranges should account for neuronal nonlinearity.

One fundamental challenge in spatial vision is to quantify optical
and neural factors affecting visual performance over broad ranges of
stimulus contrast, luminance, and optical blur, within populations of
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subjects (Applegate, Marsack, & Thibos, 2006; Pesudovs, Marsack, Don-
nelly, Thibos, & Applegate, 2004; Villegas, Alcén, & Artal, 2008) or at
the level of a single subject (Dalimier, Dainty, & Barbur, 2008; Marcos,
Sawides, Gambra, & Dorronsoro, 2008). From the clinical perspective,
there are diagnostic advantages of combining visual acuity measure-
ments under varying contrast (Baier et al., 2005) and luminance (Wood,
Jolly, Buckley, Josan, & MacLaren, 2021) conditions for identifying
ocular pathologies.

Simple acuity models that use few degrees of freedom are essential
tools for analyzing clinical data. Studies investigating the relationship
between visual performance and the monochromatic aberrations of the
eye often rely on visual image quality metrics (Guirao & Williams,
2003; Thibos, Hong, Bradley, & Applegate, 2004) as simplified rep-
resentations of visual acuity, expressed as single values derived from
wavefront maps. Metrics predict the effects of monochromatic aber-
rations on objective refraction (Kilintari, Pallikaris, Tsiklis, & Ginis,
2010; Martin, Vasudevan, Himebaugh, Bradley, & Thibos, 2011), on
depth of focus (Yi, Iskander, & Collins, 2011; Zheleznyak, Jung, &
Yoon, 2014; Zheleznyak, Sabesan, Oh, MacRae, & Yoon, 2013), and
on accommodation (Buehren & Collins, 2006; Lopez-Gil, Martin, Liu,
Bradley, Diaz-Mufioz, & Thibos, 2013; Tarrant, Roorda, & Wildsoet,
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2010). Metrics do not take account of key stimulus properties, such as
contrast, to predict visual acuity. As a more complex approach, Monte
Carlo models involve the complete simulation of noise-corrupted visual
images and their subsequent identification by the subject.

To circumvent the computational complexity of Monte Carlo meth-
ods, we employed the concept of data separability, rooted in statistical
decision theory, to predict relative changes in visual acuity across a nar-
row range (< 0.5 D) of optical blur (Leroux, Leahy, Dupuis, Fontvieille,
& Bardin, 2024). Calculating data separability is significantly less com-
putationally demanding than implementing Monte Carlo models. This
approach only requires the simulation of noise-free visual images. In
this study, we evaluated the potential of this simple approach by
incorporating the nonlinearity of neuronal responses to optical contrast.
Our objective was to predict visual acuity measurements with a four-
orientation Landolt C test, as reported by Johnson and Casson (1995),
over extended ranges of contrast, luminance, and dioptric blur.

2. Methods
2.1. Experimental data

The data presented in Figures 1, 3, and 5 of Johnson and Casson
(1995) were extracted using dedicated software (PlotDigitizer, https:
//plotdigitizer.com). We referred to these data sets as Data 1, Data 3,
and Data 5, respectively. Data 1 consisted of 97% contrast visual acuity
measurements obtained using positive lenses (ranging from 0 D to +8 D
in 1 D steps) under various luminance levels (75, 7.5, 0.75, and 0.075
cd/m?). Data 3 consisted of high luminance (75 c¢d/m?) visual acuity
measurements obtained using the same range of positive lenses and
varying levels of stimulus contrast (97, 48.5, 24, 12, and 6% Michelson
contrast). Data 5 consisted of visual acuity measurements at different
combinations of stimulus contrast (97, 48.5, 24, 12, and 6% Michelson
contrast) and luminance (75, 7.5, 0.75, and 0.075 cd/m?), with no
additional lens applied to the subject’s refractive correction.

The digitalization accuracy was better than +0.01 logMAR (a frac-
tion of the graphic markers in Johnson and Casson’s article). The error
bars reported by Johnson and Casson, which represented inter-subject
variability, ranged from +0.03 logMAR to +0.1 logMAR depending on
the experimental condition. Only the subject-averaged measurements
were digitalized. Each measurement represented the mean acuity of
four subjects (mean age: 35) and was obtained using the Landolt C
optotype and a four-alternative forced choice orientation test (i.e., the
gap pointing up, down, left, or right), as described in Johnson and
Casson’s study.

2.2. Computation of data separability

Building on our recent work (Leroux et al., 2024), we predicted
visual acuity measurements by computing, for each experimental con-
dition, data separability as a function of optotype size (g, the angular
extent of the Landolt C’s gap). Data separability is an extension of the
d’ measure of separability, adapted for classification tasks involving
more than two classes of stimuli (Barrett & Myers, 2003, p.819-852).
Data separability is an estimate of the signal-to-noise ratio of the test
statistics used by a model observer to classify the orientation of the
Landolt C. The model observer considered in this paper utilized a blur-
free image template of the stimulus for identification and was referred
to as the real observer in our previous work (Leroux et al.,, 2024).
This template image was defined as a spatial function of luminance,
O, ,(x,y), where the index k represents the orientation of the Landolt
C, the feature to be identified. According to statistical decision theory,
data separability (S) remains constant at the size threshold that defines
visual acuity across all experimental conditions. This constant value
directly relates to the percentage of correct responses in restricted
examples of classification tasks, particularly in tasks involving only two
classes. Larger threshold sizes are required to preserve data separability
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in the presence of optical blur, low stimulus contrast, and/or low
luminance. Data separability .§ was computed as the sum (over k = 1 to
4 possible orientations) of the scalar products between the differences
in the visual image, Al ,(x,y), and the differences in the template
image, 40, ,(x, y):

& ([ Al a(x, )40, (x, y)dxdy)2

S(a)=% >

= I 40 (x, y)dxdy

Here, A denotes the difference between an image I, ,(x,y) (corre-
sponding to orientation k) and the orientation-averaged image:
AL ,(x, ) = I ,(x,y) — }12?:1 I, ,(x,y). The same notation applies to
40, ,(x,y). o is the standard deviation of the assumed white noise in
the visual images. It was set to an arbitrary value of 1 throughout the
paper, because the measurement of visual acuity under the reference
condition defined the reference value S, (see Section 2.4).

@

2.3. Simulation of visual images

In our previous work, we simulated visual images I ,(x,y) as the
convolution between the object (O, ,(x.y), identical to the template
function) with the visual point spread function A(x,y). The latter was
calculated as the inverse Fourier transform of the product between
the Optical Transfer Function (OTF) and the Neural Transfer Function
(NTF). Using this linear approximation, data separability (.S) is pro-
portional to Weber stimulus contrast (Dalimier & Dainty, 2008) and
remains unchanged with respect to contrast polarity.

In this study, we introduced a nonlinear mapping to transform
visual images. This approach follows the modeling methodology used
for predicting pattern-masking experiments (Watson & Solomon, 1997),
which involves the sequential application of linear filters first (via the
OTF and the NTF) followed by a nonlinear transformation. The Naka-
Rushton function f, widely used to model the electrical responses of
visual neurons to optical contrast (Albrecht & Hamilton, 1982), was
expressed as:

cl’l

flo)= ot 2

f is a function of the contrast (c) of the visual image. It is param-
eterized by the exponent »n and the input contrast cs, for which the
output contrast is 50%. The nonlinear function f can include additional
degrees of freedom for scale and offset (Rathbun, Alitto, Warland, &
Usrey, 2016). However, these parameters were omitted in this work, as
they do not influence the predicted value of visual acuity values based
on data separability. We show in Fig. 1A the f function with parameters
n =2 and c5, = 0.3, which are typical values in the literature (Duong &
Freeman, 2008; Rathbun et al., 2016).

The simulated visual images I ,(x, y) were computed as:

Tio(x,y) = f(h(x, ) % Oy o(x, ) 3

The OTF was computed for each level of blur and luminance.
We used the formula of Watson and Yellott (2012) to estimate pupil
diameter based on the luminance levels and experimental parameters
reported by Johnson and Casson (1995): binocular viewing of a 2.9 °
visual field and an average subject age of 35 years. The estimated
pupil diameters were as follows: 5.9 mm at 75 cd/m?, 6.5 mm at
7.5 cd/m?, 7.1 mm at 0.75 cd/m?, and 7.3 mm at 0.075 cd/m?2. In
addition to the optical blur introduced by the lens in the Johnson
and Casson study, we accounted for monochromatic aberrations using
the model derived by Thibos (2009). The generalized pupil function
was initially computed for a 7.5 mm diameter and resized to match
the pupil diameters provided by Watson’s formula. The OTF was then
calculated as the average OTF from 100 model eyes. Longitudinal and
transversal chromatic aberrations were neglected in our model, as they
have negligible effects on visual performance when monochromatic
aberrations are uncorrected (Roorda et al., 2023).
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The NTF was computed using the MATLAB code provided by Hast-
ings, Marsack, Thibos, and Applegate (2020), using as input parameters
the subjects’ average age (35 years) and the estimated retinal illumi-
nance (i.e., luminance x pupil area, in Trolands) for each experimental
condition. We have multiplied the NTFs of reduced luminance with
three parameters (; at 7.5 cd/m?, a, at 0.75 cd/m?, a5 at 0.075 cd/m?)
that were optimized to fit measurements (see Section 2.5). We did not
rescale the NTF at the highest luminance level (75 cd/m?), because it
would not influence the predicted value of visual acuity. Indeed, as
detailed in Section 2.4, the model prediction is based on a reference
condition at 75 cd/m? luminance level. The NTFs, as computed by the
code provided by Hastings et al. (2020), are shown in Fig. 1B, for the
four luminance levels of the Johnson and Casson study. We propose two
justifications for rescaling the NTFs under reduced luminance: first, the
literature on NTF measurements exhibits substantial variability; second,
these measurements are likely influenced by nonlinear detection of
grating contrast, thereby rendering their direct use in modeling the
linear stage of visual image formation prone to error.

2.4. Model prediction of acuity

Fig. 1C illustrates how we computed the model’s prediction of visual
acuity using the principle of equal data separability. We first com-
puted data separability .S as a function of letter size for the reference
condition of high contrast (97%), high luminance (75 cd/m?), and
no blur (solid blue line). We estimated the reference value (S;) of
data separability that corresponded to the acuity measurement in this
reference condition (—0.06 logMAR, see dashed line). In Fig. 1C, the
reference value is S, = 0.11 (horizontal dashed black line). To predict
visual acuity in any other experimental condition, we computed the
corresponding data separability as a function of letter size. We then
estimated the letter size for which data separability equaled the S,
reference value. We show an example in Fig. 1C, for the condition of
6% contrast, 75 cd/m? luminance, and no blur: solid yellow line. The
predicted logarithm of letter size is 0.55 logMAR. In Fig. 1C, we have
used n =2, c5y = 0.3, [ay, o5, 3] = [1, 1, 1].

2.5. Fitting parameters

Unless otherwise specified, we used N =5 fit parameters (n, c5, a;,
@y, a3) to optimize the model’s predictions, using the MATLAB built-
in function Isgnonlin. The root-mean-square (RMS) residual (model —
measurement, in logMAR units) was used as the figure of merit for
the optimization process. To highlight the significance of the nonlinear
response of visual neurons to contrast, we evaluated the RMS residual
as a function of the number N of fit parameters.

For N = 0, we assumed a linear neuronal response, replacing f with
the identity function in Eq. (3). In this case, the NTFs of Hastings et al.
(2020) were not rescaled ([, @y, a3] = [1,1,1]).

For N = 3, the neuronal response remained linear, but we rescaled
the model NTFs with the «;, a,, and a5 fit parameters.

For N =5, the model incorporated the nonlinearity of the neuronal
response, fitting all five parameters (n, csy, @;, @y, @3) to minimize the
RMS residual.

We performed a likelihood-ratio test, which consisted of computing
the probability p of observing the fit improvement brought by the
two additional parameters (n and c5)) by chance. To this end, we
computed the log-likelihood of observing the Carson and Johnson
measurements for each modeling approach (N = 3 and N = 5),
assuming that they follow independent Gaussian distributions with
equal standard deviations of ¥ and means equal to the corresponding
model predictions. Under this assumption, the log-likelihood of each
model was given by nRM S?/232, where n = 78 was the number of
measurement conditions. Using Wilks’ theorem, we computed the p-
value of the likelihood-ratio test as the upper-tail probability from the
z? distribution with two degrees of freedom (the difference in the
number of model parameters), evaluated at twice the log-likelihood
difference between the two models.
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Fig. 1. (A) Naka-Rushton nonlinearity function f(c), which describes the neuronal
response to optical contrast with parameters n = 2 and c¢5, = 0.3. (B) Neural transfer
functions (NTF) at the different luminance levels, computed in dimensionless units using
the code provided by Hastings et al. (2020). (C) Data separability .S, as a function of
the logarithm of letter size a. The measured acuity in the reference condition is —0.06
logMAR. The corresponding value of data separability in the reference condition is S,.
For any other condition (for example 6% contrast, solid red line), we computed a model
acuity as the letter size for which data separability equaled S, (here 0.55 logMAR).

3. Results

Figs. 2A-C show visual acuity measurements from the Johnson
and Casson study (circle markers, logMAR units) and predictions from
our model (solid lines). These predictions incorporated the N = 5
fitted parameters described in the Methods section. Each subfigure
corresponds to a specific experimental condition. Fig. 2A shows visual
acuity as a function of optical blur under varying luminance levels
(Data 1). Fig. 2B shows visual acuity as a function of optical blur at
different stimulus contrasts (Data 3). Fig. 2C shows visual acuity as a
function of stimulus contrast under varying luminance levels (Data 5).

Fig. 2D shows the histogram of residuals (model predictions — mea-
surements) for the combined datasets, using N = 5 fitted parameters.
Residuals followed a Gaussian distribution, confirmed by the Shapiro-
Wilk test (p = 0.4), with an overall RMS residual of 0.048 logMAR.
Residuals for individual datasets were similarly distributed, with RMS
values of 0.042, 0.049, and 0.045 logMAR for Data 1, Data 3, and Data
5, respectively.

Fig. 3A shows the RMS residual as a function of the number N of fit
parameters (see Methods). For N = 0 (no fit parameters), RMS = 0.24
logMAR. For N = 3, the optimized fit parameters were [a},a,,a3] =
[0.21,0.15,0.16], and RMS = 0.18 logMAR. For N = 5, the optimized
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Fig. 2. Comparison of model predictions and experimental measurements of visual acuity. (A-C) Visual acuity (in logMAR) as a function of: (A) Optical blur across luminance
levels (75, 7.5, 0.75, 0.075 cd/m?, Data 1). (B) Optical blur across stimulus contrast levels (97%, 48.5%, 24%, 12%, and 6%, Data 3). (C) Stimulus contrast across luminance
levels (Data 5). Solid lines represent model predictions, and circle markers denote measurements from Johnson and Casson (1995). (D) Histograms of residuals (model prediction
minus measurement) for all datasets (blue: Data 1, red: Data 3, yellow: Data 5). Residuals followed a Gaussian distribution (Shapiro-Wilk test, p = 0.4) with a root-mean-square

residual of 0.048 logMAR.

fit parameters were csy = 0.36, n = 2.61, [a, ap, a3] = [0.85,1.24,1.47],
and RMS = 0.048 logMAR. The inclusion of neuronal nonlinearity
(N = 5) significantly improved model predictions compared to N =
3, as confirmed by the log-likelihood test (p < 0.000001 assuming a
measurement standard deviation of ¥ < 0.3 logMAR).

Without neuronal nonlinearity (N = 3), the [a,, @, 23] parameters
are optimized to very small values to model the measured acuity
loss with decreasing luminance. With neuronal nonlinearity (N = 5),
however, these parameters need not to be as small, as the nonlinearity
enhances the impact of a reduced NTF under low luminance conditions.

Figs. 3B and 3C compare the model’s performance with and with-
out nonlinearity (solid and dashed lines, respectively) under various
conditions. Measurements (circle markers) and model predictions are
shown as functions of the logarithm of stimulus contrast (Fig. 3B,
subset of Data 3) and luminance (Fig. 3C, subset of Data 1 and Data
5). In Fig. 3B, the significant acuity loss at low stimulus contrast was
predicted only when neuronal nonlinearity was accounted for. In Fig.
3C, without neuronal nonlinearity, the model overestimates acuity loss
at high stimulus contrast and underestimates it at low stimulus contrast.
When neuronal nonlinearity is included, the decrease in acuity with
luminance is accurately modeled at both levels of stimulus contrast.

4. Discussion

We present a model that predicts visual acuity measurements across
an extended range of experimental conditions. Nonlinearity was found
to have a significant influence on model agreement. Overall, we ob-
tained good model agreement (RMS residual = 0.048 logMAR, with N
= 5 fit parameters) for acuity measurements spanning 1.7 logMAR. The
linear model without fit parameters, as previously presented by Leroux
et al. (2024) under fixed stimulus contrast and luminance, performed

poorly in predicting measurements (RMS residual = 0.24 logMAR, with
N = 0 fit parameter). We initially attempted to improve it by scaling
NTFs at each luminance level using the [a;, @, a3] fit parameters; how-
ever, it failed to predict measurements accurately (RMS residual = 0.18
logMAR, with N = 3 fit parameter). Moreover, the optimized scaling
parameters (a;,3 ~ 0.2) significantly differed from unity, indicating
apparent disagreement with the NTF models of Hastings et al. (2020).
Indeed, the NTF models at 7.5 cd/m? and below were rescaled by a
factor of ~ 0.2 to minimize the RMS residual, while the NTF model at 75
cd/m? was not rescaled, as it corresponded to the reference condition of
our acuity model. By introducing two additional fit parameters (» and
¢s0) to model neuronal nonlinearity, the RMS was significantly reduced
to 0.048 logMAR. The optimized [a;, a,, 3] values approached unity,
aligning with the NTF models of Hastings et al. (2020).

The optimized values of the nonlinear parameters (n = 2.61 and
cso = 0.36) were comparable to the direct measurements of neuronal
responses in the lateral geniculate nucleus (Duong & Freeman, 2008,
n = 2.03 and ¢5, = 0.3887, median of 168 cells) and in the primary
visual cortex (Albrecht & Hamilton, 1982, n = 2.9 and ¢5, = 0.193,
mean of 225 cells). We should compare these values cautiously for
several reasons. Direct measurements vary widely between cells of the
same type, which are tuned to reduced ranges of input contrast, and
our optimized values relates to an overall contrast response function.
This function is likely to saturate at lower stimulus contrast than the
average function of individual cells because it reaches saturation when
the most sensitive cells do. This collective effect is readily observed
when comparing the contrast response of a cell in the lateral geniculate
nucleus to the response of the two to five retinal cells from which
this response originates (Rathbun et al., 2016). Direct measurements
of individual cells are reported as functions of the contrast displayed
by the monitor. In our model, we follow the approach introduced
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Fig. 3. (A) Root-mean-square (RMS) residual (in logMAR), as a function of the number
of fit parameters (N). N = 0 corresponds to the model with no fit parameters (the
neuronal response to contrast is linear and the neural transfer functions (NTF) are
directly computed by the program of Hastings et al., 2020). For N = 3, fit parameters
(a;, @y, a3) scale the NTFs at different levels of luminance. For N =5, fit parameters
(csp» n, @), a,, a3) also accounts for the nonlinearity of the neuronal response. (B
and C) Measurements (circles) and model predictions of visual acuity (solid lines:
with neuronal nonlinearity, N = 5 fit parameters; dashed lines: without neuronal
nonlinearity, N = 3 fit parameters) as functions of logarithm of stimulus contrast (B,
a subset of Data 3) and as functions of logarithm of luminance (C, a subset of Data 1
and Data 5). Colors denote the experimental conditions (see figure legends).

by Watson and Solomon (1997), first applying linear filters (using the
OTF and the NTF) and then applying the nonlinear neuronal response
(/). Hence, f is a function of contrast values that are lower than the
actual stimulus contrast and the c5, model parameter could be lower
than ¢, measurements reported in individual cells.

In addition to our preference for presenting a simple model, our
choice to model acuity with a single visual channel was informed by the
findings of Majaj, Pelli, Kurshan, and Palomares (2002), who concluded
that letters are identified using a single channel that matches their size.
We considered this finding to be an experimental validation of linear
models that use template images of adapted sizes for letter recognition,
such as the one presented here and in our previous work (Leroux
et al., 2024). Watson and Ahumada (2012) also developed a single-
channel model to predict visual acuity, whereas Nestares et al. (2003)
used multiple channels to predict acuity measurements. The benefit of
modeling acuity using multiple channels remains to be demonstrated.
On the one hand, it offers greater degrees of freedom, which, in turn,
can improve model predictions. On the other hand, the existence of
multiple visual channels has been primarily revealed by experiments
using narrowband stimuli (Blakemore & Campbell, 1969; Campbell &
Robson, 1968; Graham & Nachmias, 1971), unlike in acuity testing.

The effect of stimulus contrast on acuity is illustrated in Fig. 3B,
which shows a dramatic loss of visual acuity at the lowest values of
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stimulus contrast. This graph, originally presented by Johnson and
Casson (see Figure 4 in their study), inspired us to account for neuronal
nonlinearity in the acuity model. Our results confirmed that neuronal
nonlinearity can explain Johnson and Casson’s observations. Neglecting
the nonlinearity resulted in a much weaker dependency of visual acuity
on stimulus contrast (dashed lines in Fig. 3B). Other studies corrobo-
rated Johnson and Casson’s findings, reporting an approximately 0.3
logMAR acuity improvement when stimulus contrast increases from
10% to 100% (Abadi & Pantazidou, 1996; Brown & Lovie-Kitchin, 1989;
Elliott & Bullimore, 1993; Lovie-Kitchin & Brown, 2000), with a steeper
improvement bellow 10% (Abadi & Pantazidou, 1996). Unfortunately,
many published studies did not specify the type of stimulus contrast
(Michelson or Weber), resulting in an ambiguity of a factor of two in
the limit of low contrast and making precise quantitative comparisons
between studies difficult.

Neglecting neuronal nonlinearity also offsets the curve of predicted
acuity loss as luminance decreases, relative to measurements, in a
contrast-dependent manner. The slopes of measurements and models
remain similar, on the order of approximately 0.15 logMAR per log
luminance. According to the review by Wood et al. (2021), those
rates are higher than the typical values (0.06 to 0.14 logMAR per log
luminance) reported in healthy subjects at higher nominal luminance
(160 cd/m? on average). The discrepancy likely originates from the
saturation of visual acuity above 200 cd/m? (Rabin, 1994; Sheedy,
Bailey, & Raasch, 1984).

Conclusion

We have developed a simple model that accurately predicts subject-
averaged acuity measurements over extended ranges of stimulus con-
trast, luminance, and blur. We have demonstrated that neuronal nonlin-
earity is essential to modeling acuity in these non-standard conditions,
using a relatively small number of fit parameters: two for nonlinearity,
and three for the four luminance levels. Our approach is an interesting
tradeoff between complexity and applicability, and may help in inter-
preting clinical data involving low-contrast or low-luminance visual
acuity.
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