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Psychophysics, 
qu’est-ce que c’est ?

A body of techniques and analytic methods to study the 
relation between physical stimuli and the organism’s 
(classification) behavior to infer internal states of the 
organism or their organization.

Gustav Fechner (1801 - 1887)

1 INTRODUCTION

1 Introduction

1.1 La Psychophysique : définition

La psychophysique est une branche de la psychologie expérimentale qui s’intéresse à

la perception d’un stimulus. Elle tente de trouver un lien quantitatif entre un stimulus

physique et la perception que l’on en a, en exploitant les réponses comportementale, ou

les réponses de classification de l’observateur (voir Fig 1). C’est une modélisation de la

réponse interne en fonction du stimulus. G. Fechner fut l’instigateur de cette science en

1860[3][4]. Il formula la loi de Weber-Fechner selon laquelle ”la sensation varie comme le

logarithme de l’excitation”.

Fig. 1: Les éléments d’une expérience psychophysique

1.2 La théorie de la detection du signal (TDS) : (1960)

La théorie de la détection du signal est une approche moderne de la psychophysique,

qui s’interesse à l’étude de la perception du signal en présence de bruit[5]. Il s’agit d’une

remise en cause de la méthode traditionnelle qui était dans l’incapacité de distinguer les

biais de réponse et la sensibilité réelle du sujet. La théorie de la détection trouve des

applications dans beaucoup de domaines comme le diagnostic, le contrôle de qualité, les

télécommunications et la psychologie. Elle est aussi utilisé dans la gestion d’alarme, où il

est important de séparer des événements importants du bruit de fond.[6]

Dans la situation la plus simple, on présente à un observateur une série de pré-

sence/absence de signals. On lui demande à chaque fois de donner une réponse sur la

présence ou non du signal (OUI/NON). La décision de l’observateur est variable. Elle

dépend de sa perception interne, mais aussi de son critère de choix. Il peut être stict
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Difference scaling is a psychophysical procedure

used to estimate a perceptual (interval) scale 

for stimuli distributed along a physical continuum.

1:1 6:1 9:1 12:1 15:1

18:1 21:1 24:1 27:1 30:1

Charrier, Maloney, Cherifi & Knoblauch,  (2007) J Opt Soc Am A, 24, 3418-3426

Example:  VQ compressed images,

Up to what compression rate can the observer
detect no loss of image quality?



Difference Scaling:  Experimental Procedure

From a set of p stimuli, {I 1 < I 2 < . . . < I p},

a random quadruple, 
is chosen (w/out replacement) and presented 
to the observer as in this example, on each trial:

{ Ia , Ib ; Ic, Id} ,

Between which pair (upper/lower) is the 
perceived difference greatest?



The aim of the Maximum Likelihood Difference Scaling (MLDS)

procedure is to estimate scale values,

that best capture the observer’s judgments of the 

perceptual difference between the stimuli in each pair.
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Compression Rate

The MLDS package, available on 
CRAN, provides tools for  performing 
this analysis in R.  An example scale 
obtained from an observer for the 
“apples” sequence of VQ compressed 
images is shown on the right:



The decision model

where      are estimated scale values, 
and     a  scale factor.   

ψi

σ

! (a, b ; c, d) = |ψd − ψc| −| ψb − ψa| + ε > 0,

Given a quadruple,
from a single trial, we assume that the observer
chooses the upper pair to be further apart
when

q = (a, b ; c, d),

! ∼ N (0, " 2)



Estimation of Scale Values

gives the first 6 rows of the data.frame for the observations that generated the scale shown
in the lower right of Figure 1.

From these data, the experimenter estimates the perceptual scale values ! 1, ! 2, . . . , ! p

corresponding to the stimuli, I1, . . . , Ip, as follows. Given a quadruple, (a, b; c, d) from a
single trial, we first assume that the observer judged Ia, Ib to be further apart than Ic, Id

precisely when,
|! b − ! a| > |! d − ! c| (1)

that is, the difference scale predicts judgment of perceptual difference.
It is unlikely that human observers would be so reliable in judgment as to satisfy the

criterion just given, particularly if the perceptual differences |! b− ! a| and |! d− ! c| are close.
Maloney and Yang (2003) proposed a stochastic model of difference judgment that allows
the observer to exhibit some stochastic variation in judgment. Let Lab = |! b − ! a| denote
the unsigned length of the interval Ia, Ib . The proposed decision model is an equal-variance
Gaussian signal detection model (Green and Swets, 1974) where the signal is the difference
in the lengths of the intervals,

" (a, b; c, d) = Lcd − Lab = |! d − ! c|− |! b − ! a| (2)

If " is positive, the observer should choose the second interval as larger, when it is negative,
the first. When " is small, negative or positive, relative to the Gaussian standard deviation,
#, we expect the observer, presented with the same stimuli, to give different, apparently
inconsistent judgments. The decision variable employed by the observer is assumed to be

∆(a, b; c, d) = " (a, b; c, d) + $= Lcd − Lab + $ (3)

where $∼ N (0, 1): given the quadruple, (a, b; c, d) the observer selects the pair Ic, Id precisely
when,

∆(a, b; c, d) > 0. (4)

2.1 Direct maximization of the likelihood

In each experimental condition the observer completes n trials, each based on a quadruple
qk =

!
ak, bk; ck, dk

"
, k = 1, n. The observer’s response is coded as Rk = 0 (the difference

of the first pair is judged larger) or Rk = 1 (second pair judged larger). We denote the
outcome “cd judged larger than ab” by cd # ab for convenience. We fit the parameters
! = (! 1, ! 2, . . . , ! p) and # by maximizing the likelihood,

L(! , #) =
n#

k=1

Φ

$
"

!
qk

"

#

%1−Rk
$

1− Φ

$
"

!
qk

"

#

%%Rk

, (5)

where Φ(x) denotes the cumulative standard normal distribution and "
!
qk

"
= "

!
ak, b,; ck, dk

"

as defined in Equation 3.
At first glance, it would appear that the stochastic difference scaling model just presented

has p+1, free parameters: ! 1, . . . , ! p together with the standard deviation of the error term,
#. However, any linear transformation of the ! 1, . . . , ! p together with a corresponding scaling

4

Maloney and Yang (2003) used a direct method for estimating
the maximum likelihood scale values,

where

! (qk) = |" d ! " c| ! | " b ! " a|

!

Rk

Ψ =( ψ2, ψ3, . . . , ψp! 1)

is the cumulative standard Gaussian (a probit analysis)

is 0/1 if the judgment is lower/upper

ψ1 = 0, ψp = 1 for identifiability,

p− 1leaving           parameters to estimate
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With both methods, each scale value is t reated asan independent covariate. GeneralizedAd-
dit ive Models might provide a useful approach for incorporating the ordering of the physical
scale in the model (Hastie and Ti bshirani 1990; Wood 2006). Second, it would be useful to
incorporate random effects that inßuence the scale when an observer repeats the experiment
or to account for variations betweenindividuals. Examination of the threerepetit ions in the
data set kk suggestthat the est imate of σ or equivalent ly the maximum scale value would be
a likely candidate to explain such a source of variability.
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Estimation of Scale Values

The problem can also be conceptualized as a GLM.  

Each level of the stimulus is treated as a covariate in the model matrix,

taking on values of                in the design matrix, 

depending on the presence of the stimulus in a trial and

its weight in the decision variable, with absolute value signs removed.

0 or ± 1

For model identifiability, we drop the first column (fixing            
 and            ).

ψ1 = 0

σ = 1

of all possible non-overlapping quadruples a < b < c < d for p stimuli is used, but this
choice is not critical to the method (Maloney and Yang, 2003). By restricting the set of
quadruples in this way, we avoid the possibility that two images in a quadruple would be
identical. If p = 11, as in the example, there are 11C4 = 330 different quadruples. For
p = 11, the observer may judge each of the 330 non-overlapping quadruples in randomized
order, or the experimenter may choose to have the observer judge each of the quadruples m
times, completing 330m trials in total. Of course, the number of trials judged by the observer
affects the accuracy of the estimated difference scale (See Maloney and Yang, 2003). The
time needed to judge all 330 trials in the example is roughly 10-12 minutes.
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Figure 2: (a) An example of a trial stimulus presentation from the difference scaling ex-
periment for estimating correlation differences in the scatterplot experiment. The observer
must judge whether the difference in perceived correlation is greater in the lower or upper
pair of scatterplots. (b) Estimated difference scale for observer KK, from 990 judgments,
distributed over 3 sessions for judging differences of correlation between scatterplots. The
error bars correspond to twice the standard deviation of the bootstrap samples.

At the end of the experiment, the data are represented as an n×5 matrix or data.frame
in which each row corresponds to a trial, four columns give the indices, (a, b, c, d) of the
stimuli from the ordered set of p and one column indicates the response of the observer to
the quadruple as a 0 or 1, indicating choice of the first or second pair. For example,

resp S1 S2 S3 S4
1 0 4 8 2 3
2 1 2 3 6 11
3 1 2 6 7 10
4 0 4 11 1 2
5 0 9 11 7 8
6 0 7 10 1 3

3

p! p" p# p$ p% p& p' p( p) p!* p!!
















0 1 ! 1 ! 1 0 0 0 1 0 0 0
0 1 ! 1 0 0 ! 1 0 0 0 0 1
0 1 0 0 0 ! 1 ! 1 0 0 1 0
1 ! 1 0 ! 1 0 0 0 0 0 0 1
0 0 0 0 0 0 1 ! 1 ! 1 0 1
1 0 ! 1 0 0 0 ! 1 0 0 1 0

















Knoblauch & Maloney (2008) J. Stat. Software, 25, 1-25



> kk.ix <- make.ix.mat(kk)
> head(kk.ix)
  resp stim.2 stim.3 stim.4 stim.5 stim.6 stim.7 stim.8 stim.9 stim.10 stim.11

1    1      1      0     -1      0     -1      0      1      0       0       0
2    1      0      0     -1      0     -1      0      0      1       0       0
3    1      1     -1      0      0      0     -1      0      1       0       0
4    1      1      0      0     -1     -1      1      0      0       0       0
5    0      0     -1      0      0     -1      1      0      0       0       0
6    0      0      0      0     -1     -1      0      0      1       0       0

η (E [Y ]) = X β

> glm(resp ~ . - 1, family = binomial( "probit" ), data = kk.ix)

Estimation of Scale Values



Elevation

D
iff

er
en

ce
 S

ca
le

0

10

20

30

0.0 0.2 0.4 0.6 0.8

FD

C
on

tr
ol

SF

C
o
n
tr
o
l

0.0 0.2 0.4 0.6 0.8

NM

C
o
n
tr
o
l

BA

C
o
n
tr
o
l

FD

T
e
s
t

0.0 0.2 0.4 0.6 0.8

SF

T
e
s
t

NM

T
e
s
t

0.0 0.2 0.4 0.6 0.8

0

10

20

30

BA

T
e
s
t

systematically explored in color contrast (Barnes, Wei, &
Shevell, 1999; Jameson & Hurvich, 1959; Kinney, 1962;
Tiplitz-Blackwell & Buchsbaum, 1988; Valberg, 1974) but
not in color assimilation.
TheWCE can be induced using double-contour patterns such

as the one shown in Figure 1. The extent to which the strength
of the effect depends on the choice of contour chromaticity is
not, however, clear. To that end, we performed three experi-
ments. The goal of the first experiment was to test directly the
strength of the WCE as a function of the hue contrast between
the inner and outer contours. In the second experiment, we es-
timated the strength of the WCE as a function of the color-
imetric purity of the inner and outer contours. Finally, in the
third experiment, we determined how the strength of the WCE
differs using S-cone- and L–M-cone-modulated patterns.

General methods

Observers

Three observers participated in the study. Their ages ranged
from 26 to 35 years, and they had normal or corrected-to-
normal visual acuity. All had normal color vision as evaluated
by a Neitz anomaloscope, the HRR pseudoisochromatic
plates, and the Farnsworth F-2 plates. Two observers were
naive regarding the purpose of the experiment, and the third
observer was one of the authors. Each observer signed a
consent form prior to participating in the study. The exper-
imental procedure was approved by the Office of Human Re-
search Protection of the University of California, Davis.

Apparatus

Stimuli were presented on a 33-cm CRT video monitor
(Sony Multiscan G220) controlled by a Macintosh G4 com-
puter with an ATI Radeon 7500 video card. The video board
provided a 10-bit resolution for each of the R, G, and B guns.
The experimental design was written in Matlab 5.2.1 using the
Psychophysics Toolbox extensions (Brainard, 1997; Pelli,

1997). The monitor was calibrated using a Minolta colorimeter
(CS 100 Chroma Meter) and procedures set out in Brainard,
Pelli, and Robson (2002). The screen was viewed with both
eyes at a distance of 217 cm. A chin rest maintained the ob-
server’s head position. All experiments were performed in a
dark room.

Stimuli

Stimuli consisted offive vertical columns arranged in rectan-
gular patterns that were each 5.35! 1.12 deg and connected
by a contour on the top and bottom. These rectangular patterns
were surrounded by double contours to produce the WCE, as
illustrated in Figure 1. The contours were sinusoidally shaped
(along the contour) or undulating at 1.5 cycles/deg (amplitude =
0.13 deg) with a width of 1.7 deg. The test areas were the in-
side of the middle and outermost columns, and the chroma-
ticity of these three areas was adjusted simultaneously. The
outer contour luminance should be lower than the inner con-
tour to obtain orange color spreading, and the luminance con-
trast between the two contours needs to be high to obtain the
WCE (Devinck et al., 2005). Thus, the inner contour had a
luminance of 60 cd/m2, and the outer contour had a lumi-
nance of 20 cd/m2; these contours were presented on a white
background (CIE u¦ = 0.189; v¦ = 0.467) of 80 cd/m2.

Procedure

Observers were first dark adapted for 3 min and were then
asked to null the chromaticity of the test areas until they
appeared achromatic (hue-cancellation technique). To this
end, observers used a game pad to vary the enclosed area
along a* and b* chromaticity coordinates in CIE L*a*b*
space. Three step sizes were provided (0.5, 0.1, and 0.02) in
CIE a*b* color space to optimize the match, and observers
could toggle between the step sizes as required by pressing a
separate button. To reduce adaptation to the stimulus pat-
terns, we presented the stimuli for 2-s intervals, with an
interstimulus interval of 2 s consisting of a large blank field
identical to the white background. This sequence was repeated
continuously until the observer made a satisfactory setting
and clicked a mouse to end the trial and start the next one.
A training session preceded the experiments; thereafter,
each observer made 10 settings in each condition tested.

Experiment 1: Influence of
contour hue on the WCE

Additional methods

In the first experiment, 16 different contour color pairs were
used. The inner contour had fixed chromaticity coordinates

Figure 1. Example of WCE pattern used in this study.

Journal of Vision (2006) 6, 625–633 Devinck et al. 626

Difference Scaling of the Watercolor Illusion
Devinck & Knoblauch (in preparation)

Can the MLDS analysis be extended within a mixed-effects
modeling framework to account for random sensitivity
variations across sessions and across observers?



Mixed-effects models with MLDS

Three Strategies

1.  Re-parameterize in terms of parametric 
    decision variable

2.  Normalize to common scale 
   
3.  Regression on estimated coefficients



Knoblauch & Maloney, J. Stat. Soft.,  25,  1 - 26.

Difference Scaling:  Correlation in scatterplots
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Mixed-effects models with MLDS:
Re-parameterize in terms of decision variable

Φ−1(E[Y ]) = (! + bi)DV,

b∼ N (0, " 2)

re-parameterized as empirical
decision variable:

then, fit GLMM

DV = ρ2d − ρ2c − ρ2b + ρ2a

∆ = ! d − ! c − ! b + ! a
indiv runs

combined

average



  resp S1 S2 S3 S4 Obs    DV OL
1    0  8 11  4  7  S1 -0.20   1
2    1  1  3  5 10  S1  0.61   2
3    1  9 10  1  8  S1  0.32   3
4    0  6 11  3  4  S1 -0.66   4
5    1  9 10  5  7  S1  0.03   5
6    1  8 10  3  6  S1 -0.11   6

> library(lme4)
    . . .
> gm1 <-  glmer( resp ~ DV + ( DV + 0 |  Obs )  + 0,  

allraw.df ,  binomial( probit ) )

> summary( gm1 )

Generalized linear mixed model fit by the Laplace approximation 
Formula :  resp ~ DV + ( DV + 0 |  Obs )  + 0 
   Data :  allraw.df 
  AIC  BIC logLik deviance
 4304  4317   -2150      4300
Random effects :
 Groups Name Variance Std.Dev.
 Obs    DV   0.30811   0.55507  
Number of obs :  4620 ,  groups :  Obs ,  7

Fixed effects :
   Estimate Std. Error z value Pr(>| z|)     
DV   3.7092      0.2345    15.82    <2e-16  ***
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Mixed-effects models with MLDS:
Re-parameterize in terms of decision variable

> coef( gm1)
$Obs
         DV
S1 3.056327
S2 4.000103
S3 3.493026
S4 3.557268
S5 4.071183
S6 4.549447
S7 3.160450

indiv runs

combined

average

glmm pred
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Mixed-effects models with MLDS:
Re-parameterize in terms of decision variable



Experiment of Fleming, Jäkel and Maloney (2011).
Perception of transparency as a function of
  rendered index of refraction

Mixed-effects models with MLDS:
Normalize to common scale

No simple functional description of relation because of kink in curve

Use each individual’s scale value to compute decision variables and 
  fit GLMM to these value; normalizes out individual shape differences.
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Fleming, RW, JŠkel, F, Maloney, LT (2011). Visual perception of thick transparent materials. 
Psychol Sci, 22, 6:812-20.



Mixed-effects models with MLDS:
Normalize to common scale
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Mixed-effects models with MLDS:
Regression on estimated coefficients

For this approach we use lmer and fit the coefficients as a function of the stimulus level
   using MLDS directly.
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ψ̂(S) ∼ (β1 + b1)S + (β2 + b2)S
2 + · · ·+ ε

By taking the log of the coefficients, we transform the multiplicative effect to additive.
We use polynomials to fit the fixed effect but also to model random differences in the
  shapes of the function across observers

log(!̂ (S)) ! (" ′
0 + b′0) + (" ′

1 + b′1)S + (" ′
2 + b′2)S

2 + · · ·+ #′



Mixed-effects models with MLDS:
Regression on estimated coefficients

First, test random effects:  

log(!̂ (S)) ! (" ′
0 + b′0) + (" ′

1 + b′1)S + (" ′
2 + b′2)S

2 + · · ·+ #′



Mixed-effects models with MLDS:
Regression on estimated coefficients

Then, test fixed effects:  



Mixed-effects models with MLDS:
Regression on estimated coefficients

Linear Scale Log Scale
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- Difference Scaling is a psychophysical technique that
   permits estimation of interval perceptual scales by 

   maximum likelihood

- The approach is implemented in the R package
     MLDS on CRAN.

-  We can introduce mixed-effects into MLDS
      models using the lme4 package (and perhaps others)
      via a number of strategies.   

Thank you.




