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Abstract:
Real-world radiance values span several orders of magnitudes which have to be
processed by artificial systems in order to capture visual scenes with a high visual sensitivity.
Interestingly, it has been found that similar processing happen in biological systems, starting at
the retina level. So our motivation in this paper is to develop a new video tone mapping operator
(TMO) based on a synergistic model of the retina. We start from the so-called Virtual Retina
model, which has been developed in computational neuroscience. We show how to enrich this
model with new features to use it as a TMO, such as color management, luminance adaptation at
photoreceptor level and readout from a heterogeneous population activity. Our method works for
video but can also be applied to static image (by repeating image in time). It has been carefully
evaluated on standard benchmarks in the static case, giving comparable results to the state-of-theart using default parameters, while offering user control for finer tuning. Result on HDR video are
also promising, specifically w.r.t. temporal luminance coherency. Code is available as a Python
notebook and a C++ implementation through GitHub so that reader could test and experiment
the approach step-by-step. As a whole, this paper shows a promising way to address computational
photography challenges by exploiting the current research in neuroscience about retina processing.
Key-words:
Tone mapping, HDR, retina, photoreceptor adaptation, contrast gain control,
synergistic model
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Un Modèle de Rétine Bio-inspiré Synergique pour le Tone
Mapping
Résumé : Les valeurs de luminance du monde réel s’étendent sur plusieurs ordres de grandeurs
qui doivent être traitées par des systèmes artificiels afin de capturer des scènes visuelles avec une
sensibilité visuelle élevée. Fait intéressant, il a été constaté que des traitements similaires se
produisent dans les systèmes biologiques, et ce dès la rétine. Ainsi notre motivation dans cet
article est de développer un nouvel opérateur de tone mapping (TMO) basé sur un modèle
synergique de la rétine. Nous partons du modèle Virtual Retina, qui a été développé en
neuroscience computationnelle. Nous montrons comment enrichir ce modèle avec de nouvelles
fonctionnalités pour l’utiliser comme un TMO, à savoir la gestion des couleurs, l’adaptation
de la luminance au niveau des photorécepteurs et la création d’une image de sortie à partir
d’une activité de population hétérogène. Notre méthode fonctionne pour la vidéo mais peut
également être appliquée à l’image statique (en répétant l’image dans le temps). Elle a été
soigneusement évalué sur des benchmarks standards dans le cas statique, donnant des résultats
comparables à l’état de l’art en utilisant des paramètres par défaut, tout en offrant un contrôle
utilisateur pour un réglage plus fin. Les résultats sur une vidéo HDR sont également prometteurs,
spécifiquement par rapport à la cohérence de luminance temporelle. Le code est disponible sous
forme de bloc-notes Python et une implémentation C ++ via GitHub afin que le lecteur puisse
tester et expérimenter l’approche étape par étape. Dans son ensemble, cet article décrit un
moyen prometteur de relever les défis de la photographie numérique en exploitant la recherche
actuelle en neurosciences sur le traitement de la rétine.
Mots-clés : Tone mapping, HDR, retine, adaptation au niveau des photorecepteurs, controle
de gain en contraste, modèle synergique
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Introduction

Real-world radiance values span several orders of magnitudes which have to be processed by
artificial systems in order to capture visual scenes with a high visual sensitivity. Think about
scenes of twilight, day sunlight, the stars at night or the interiors of a house. To capture these
scenes, one needs cameras capable of capturing so-called high dynamic range (HDR) images,
which are expensive, or via the method proposed by Debevec and Malik (1997), currently implemented in most standard cameras. The problem is how to visualize these images afterwards
since standard monitors have a low dynamic range (LDR). Two kinds of solutions exist. The
first is technical: there are HDR displays, but they are not affordable for the general public yet.
The second is algorithmic: there are methods to compress the range of intensities from HDR
to LDR. These methods are called tone mapping operators (TMOs) (Reinhard et al., 2005).
TMOs have been developed for both static scenes and videos rather independently. There has
been intensive work on static images (see Kung et al. (2007); Bertalmío (2014) for reviews), with
approaches combining luminance adaptation and local contrast enhancement sometimes closely
inspired from retinal principles, as in Meylan et al. (2007); Benoit et al. (2009); Ferradans et al.
(2011); Muchungi and Casey (2012) just to cite a few. Recent developments concern video-tone
mapping, where a few approaches have been developed so far (see Eilertsen et al. (2013, 2017)
for surveys).
Interestingly, in neuroscience it has been found that a similar tone mapping processing occurs
in the retina through adaptation mechanisms. This is crucial since the retina must maintain
high contrast sensitivity over this very broad range of luminance in natural scenes (Rieke and
Rudd, 2009; Garvert and Gollisch, 2013; Kastner and Baccus, 2014). Adaptation is both global
through neuromodulatory feedback loops and local through adaptive gain control mechanisms
so that retinal networks can be adapted to the whole scene luminance level while maintaining
high contrast sensitivity in different regions of the image, despite their considerable differences
in luminance (see Shapley and Enroth-Cugell (1984); Thoreson and Mangel (2012) for reviews).
Luminance and contrast adaptation occurs at different levels, e.g., at the photoreceptor level
where sensitivity is a function of the recent mean intensity, and at the bipolar level where slow
and fast contrast adaptation mechanisms are found. These multiple adaptational mechanisms
act together, with lighting conditions dictating which mechanisms dominate.
Thus there is a functional analogy between artificial and biological systems: Both target the
task of dealing with HDR content. Our motivation is to develop a new TMO based on a synergistic model of the retina. We start from the so-called Virtual Retina simulator (Wohrer
and Kornprobst, 2009) which has been developed in neuroscience to model the main layers and
cell types found in primate retina. It is grounded in biology and it has been validated on neurophysiological data. As such, it has been in several theoretical studies as a retina simulator
to make predictions of neural response (Masquelier, 2012; Basalyga et al., 2013; Vance et al.,
2015; Masquelier et al., 2016; Cessac et al., 2017a). Thus this model can be considered as a
good candidate to build a synergistic model since it could pave a way for much needed interaction between the neuroscience and computer vision communities, as discussed in the survey
by Medathati et al. (2016).
Interestingly, Virtual Retina has also been used to solve artificial vision tasks, such as
hand written recognition (Mohemmed et al., 2012) and image compression (Masmoudi et al.,
2010; Doutsi et al., 2015a,b). The reason why it could be also an interesting model for a TMO is
that it includes a non-trivial Contrast Gain Control (CGC) mechanism, which not only enhances
local contrast in the images but also adds temporal luminance coherence. However, Virtual
Retina is missing several important features to address the tone mapping task. It was not
designed to deal with color images, even less HDR images, there is no photoreceptor adaptation
RR n° 9033
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nor readout mechanisms to create a single output from the multiple retinal response given by
different output cell layers. In this paper we address these questions by enriching Virtual
Retina model keeping its bio-plausibility and testing it on standard tone mapping images.
This article is organized as follows. In Sec. 2 we describe our bio-inspired synergistic model
and we compare it to former bio-inspired TMOs In Sec. 3 our method is evaluated on static
images and videos. We show the impact of the different steps and of main parameters. We show
comparisons with the state-of-the-art. Finally, In Sect. 4 we summarize our main results and
discuss future work.

2

Bio-inspired synergistic retina model

2.1

Why Virtual Retina?

In this paper we are interested in investigating how the retina could be a source of inspiration
to develop a new TMO. In neuroscience, there is no unique model of the retina but different
classes of mathematical models depending on their use. In Medathati et al. (2016), the authors identified three classes of models: (i) linear-nonlinear-poisson models used to fit single
cell recordings (Chichilnisky, 2001; Carandini et al., 2005), (ii) front-ends retina-like models for
computer vision tasks (Benoit et al., 2010; Hérault, 2010) and (iii) models based on detailed
retinal circuitry (Wohrer and Kornprobst, 2009; Lorach et al., 2012). There is no unique model
also because the retinal code remains an open challenge in neuroscience. With the advent of new
techniques such as Multi-Electrode Arrays, the recording of the simultaneous activity of groups
of neurons provides a critical database to unravel the role of specific neural assemblies in spike
coding.
There is currently an intensive ongoing research activity on the retina trying to decipher
how it encodes the incoming light by understanding its complex circuitry (Gollisch and Meister,
2010). As such, models based on detailed retinal circuitry will directly benefit from this research
and this is why it seems promising to focus on this class of models. Here, we consider the
Virtual Retina model (Wohrer and Kornprobst, 2009) as starting point. Virtual Retina
was designed to be a spiking retina model which enables large scale simulations (up to 100.000
neurons) in reasonable processing times while keeping biological plausibility. The underlying
model includes a non-separable spatiotemporal linear model of filtering in the Outer Plexiform
Layer, a shunting feedback at the level of bipolar cells, and a spike generation process using noisy
leaky integrate-and-fire neurons to model RGCs. To be self contained, this paper will remind the
main equations of Virtual Retina but we will not enter their justifications, so the interested
reader should refer to the original paper.

2.2

Model overview

Our TMO has three main stages shown in Fig. 1:
(i) Pre-processing steps including a conversion of HDR-RGB input color image to luminance
space, and a calibration of this luminance data so that these values are mapped to the
absolute luminance of the real world scene.
(ii) A detailed retina model including a new photoreceptor adaptation taking into account
pupil adaptation, which has been incorporated into the input level of Virtual Retina
model that follows.
Inria
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(iii) Post-processing including the definition of a readout given the multiple retinal output of
Virtual Retina and followed by colorization and gamma correction to finally obtain a
LDR-RGB output image.
Each stage is explained in detail in the following section and also illustrated using a representative
example to show its impact. The source code is available upon request to the authors via the
paper website.1 Website contains sample results for static images and videos, and the download
form for the source code.

2.3

Model detailed description

Input is a HDR video defined by (Lred , Lgreen , Lblue )(x, y, t), where Lred , Lgreen and Lblue represent the red, green and blue channels of the input HDR video respectively. Variables (x, y) stand
for spatial position and t for time.
2.3.1

Pre-processing: Color-to-luminance and HDR calibration

This first stage is classical. One first convert HDR color video into a HDR radiance map video
following the linear operation:
Lw (x, y, t) = 0.2126 Lred (x, y, t) + 0.7152 Lgreen (x, y, t) + 0.0722 Lblue (x, y, t).
This equation correlates the way light contributes differently to the retina depending on the
proportion of each photoreceptor type with green the most energy and blue the least. Here we
use the standard matrix specified by ITU-R BT.709 for the input channel weights (Reinhard
et al., 2005), also used in the sRGB color space.2 This is the most common color space used
in consumer cameras and devices, but other spaces could be used by operating with different
matrices.
Then Lw has to be calibrated. Calibration is related to the linearity between HDR image
and the absolute luminance, regardless the light conditions. This step is not biologically inspired
but compensates for each camera individual properties: each camera is agnostic w.r.t. the scene
acquired and will have their own encoding of the scenes which do not correspond necessary to
the absolute luminance. Thus calibration is an important step since we do not know a priori
how HDR image values differ from the real scene. In our case, it is also necessary since the
photoreceptor adaptation model defined below needs absolute luminance values.
Some existing calibration methods relies on using meta-data as EXIF tags, GPS locations or
light probes (Gryaditskya et al., 2014). In this approach we use the heuristic proposed by Reinhard et al. (2002); Reinhard (2002) for calibrating data, which does not need information about
the environment where the image was taken upon. Following Reinhard et al. (2002), the calibration process defines how to obtain an estimation of the real luminance L(x, y, t) from Lw (x, y, t):
L(x, y, t) =

α
L̄log
w (t)

Lw (x, y, t),

(1)

where the incoming data gets scaled by the ratio between the calibration coefficient α and the
logarithmic average L̄log
w (t) defined below.
This equation gives a way of setting the tonal range of the output image according to the
so-called key of scene α. The key of the scene is a unit-less number which relates to whether the
picture is subjectively dark, normal or bright. The underlying idea is that this ratio between α
1 Paper
2 sRGB

website: https://team.inria.fr/biovision/tmobio
color space: https://www.w3.org/Graphics/Color/sRGB
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HDR-RGB image
Pre-processing
Color to
luminance and
HDR calibration

Retina model
Global
nonlinear
adaptation
Virtual
Retina
Edge and
change
detection

Rods
Cones

Horizontal
cells
OPL
Outer plexiform layer (OPL)

Dynamical
temporal
adaptation

Bipolar cells
CGC
Inner plexiform layer (IPL)

(RGC)

Positive
contrast

Negative
contrast

RGC

Post-processing
Readout:
Convergence of
multiple layers

Colorization and
Gamma correction

LDR-RGB image

Figure 1: Tone-mapping operator general pipeline. Block diagram showing the three
main stages of our method: Preprocessing, retina model extending Virtual Retina and postprocessing. Retina main steps are illustrated on the right hand-side to remind that our retina
models follows the main circuitry of primate retina (Courtesy Purves et al. (2001))
Inria
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and L̄log
w (t) will map the incoming luminance so that the calibrated output luminance would be
correlated to the subjective notion of the brightness of the scene. The parameter α is generally
user defined and set to a fixed value (0.18 for most of the cases), while the logarithmic average
L̄log
w (t) is an approximation of the key of the scene defined by

X
1
log(δ + Lw (x, y, t)) ,
L̄log
w (t) = exp
N


(2)

x,y∈Ω

where N is the number of pixels in the Ω image space and δ is a small value in order to avoid
numerical errors coming from zero-valued pixels.
Then equation (1) can be further improved by letting the key of the scene be automatically
adjusted depending of the statistics of each image. Following Reinhard (2002), it can be obtained
as follows:
(3)

α(t) = 0.18 · 4f (t) ,
with
f (t) =

max,x,y,1%
2 log2 (L̄x,y,1%
(t)) − log2 (Lmin,x,y,1%
(t)) − log2 (Lw
(t))
w
w

(t))
(t)) − log2 (Lmin,x,y,1%
log2 (Lmax,x,y,1%
w
w

,

(4)

where L̄x,y,1%
(t), Lmin,x,y,1%
(t), and Lmax,x,y,1%
(t) denote the average, minimum, and maximum
w
w
w
values of the incoming data respectively over the spatial space, excluding 1% of the lightest and
darkest pixels, statistically trimming values coming from overexposure in the camera or noise.
This is very important since an image can have a distorted luminance distribution due to, e.g.,
overexposure. Note that in (3) the original value 0.18 is kept but is now modulated by 4f (t),
which takes into consideration the statistical features of the image through equation (4). The
value 4 was empirically determined by the author (Reinhard, 2002).
2.3.2

Retina model

In this section, we try to present the different steps of the retina model in functional terms rather
than in biological terms which would be less informative for our readers. For that purpose,
we illustrate in Fig. 2 the effect of the retinal steps in TMO pipeline, and also provide an
DRIM metric (Aydin et al., 2008) for each stage in order to allow a better appreciation of the
accumulative changes compared to the original HDR image. We refer the interested readers to
the original paper describing Virtual Retina (Wohrer and Kornprobst, 2009) to understand
the biological foundation of the model. We also try to find analogies with previous works, not
necessarily bio-inspired methods, to show that there are common ingredients found in artificial
and biological models, even if their implementations differ (see also Sec. 2.4).
Photoreceptor adaptation: Global non-linear adaptation Photoreceptors adjust their
sensitivity over time and space according to the luminosity present in the visual scene, providing
a first global adaptation for the incoming light (Dunn et al., 2007). This stage was not present
in Virtual Retina original model which was not designed to process HDR images.
Here we consider the model by Dunn et al. (2007), where the authors proposed to fit empirical
data coming from primate retinal cones. Their model describes photoreceptor activity as a
function of the background and average luminance. Using their results, we showed how the
luminance received by each photoreceptor can be mapped depending on the input luminance
RR n° 9033
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Retina model

Global nonlinear adaptation

HDR image

DRIM

Edge and change detection

Dynamical temporal adaptation

Positive & negative contrast

LDR-RGB image
ON

OFF

Figure 2: Illustration of the "Retinal model" steps from TMO pipeline presented
in Fig. 1 (pre- and post-processing are indicated by yellow and red colored circles
respectively). Input image is tree_mask by Image, Light and Magic. On the first step the
photoreceptor adaptation provides a compression of dynamic range. Then the OPL layer provides
sharpening of the image. After that, the CGC layer improves the overall lightning reducing or
amplifying the contrast locally. Finally, the readout is done by merging the two images describing
positive and negative contrasts corresponding to ON and OFF ganglion cells. Note that for each
step, except for contrast images, images have been colorized and gamma corrected to facilitate
comparisons between different steps. These results were obtained using the model parameters
presented on Table 1, except for λA = 10000 [Hz] and σA = 1.2 [deg]. For each step the respective
DRIM (Aydin et al., 2008) is presented, showing in green loss of contrast, blue amplification of
contrast and red reversal of contrast against the input HDR image as reference. Remark that
Inria
ganglion cell layer is not affecting the image contrast, but only the global brightness.
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L(x, y, t), following the nonlinear equation:

h(x, y, t; L) =

1+

l1/2 (L̄(t))
L(x, y, t)

n !−1

(5)

,

where n is a constant which can be set according to experimental data to n =R0.7 ± 0.05, L̄(t) is
the instantaneous spatial average of the incoming luminance defined by L̄(t) = x,y L(x, y, t)dxdy,
and l1/2 is nonlinear function. Technical details to prove this relation (5) are given in the A (see
also Fig. 12 for an illustration of the function l1/2 (.)). Results about this stage are presented in
Sec. 3.1.
Our photoreceptor model can be related to the TMO proposed by Van Hateren (2006) based
on dynamic cone model. However, in our method dynamics is introduced later (namely at the
CGC level) so that the photoreceptor adaptation behaves as a static nonlinear global operator.
Outer plexiform layer (OPL): Edge and change detection This stage operates edge
detection and temporal change detection given the light information already adapted by the
photoreceptors (h(x, y, t; L)). In retinal circuitry, this is performed at the OPL level. OPL
designates the first synapse layer in the retina making the connection between photoreceptors,
horizontal cells and bipolar cells. Output of this stage is the IOPL current. This band-pass
behavior is obtained by center-surround interactions, which can be written:
(6)

IOPL (x, y, t) = λOPL (C(x, y, t) − wOPL S(x, y, t)),

where C(x, y, t) represents the center excitatory signal, calling for the photoreceptor adaptation and photo-transduction and S(x, y, t) is the surround inhibitory signal, which models the
horizontal cell response. They are defined as follows:
x,y

t

t

C(x, y, t) = GσC ∗ TwU ,τU ∗ EnC ,τC ∗ h(x, y, t; L),

(7)

S(x, y, t) = GσS ∗ EτS ∗ C(x, y, t),

(8)

x,y

t

x,y

t

where ∗ denotes convolution that can be either spatial ( ∗ ) or temporal (∗), Gσ is the standard
Gaussian kernel, Tw,τ is a partially high-pass temporal filter, Eτ is an exponential filter to model
low-pass temporal filtering and En,τ is an exponential cascade (Gamma filter)3 . The balance
between the center and surround contribution is given by wOPL and it is normally close to 1.
λOPL defines the overall gain of this stage. Parameters σC , nC , τC , wU , τU , σS and τS are other
constant parameters.
Equation (6) with (7)–(8) results in a spatiotemporal non-separable filter. It extends the
only-spatial classical model of the retina as a difference of Gaussians (DoG). As such, the IOPL
is a real valued function corresponding to the presence of contrasts in the scene either a spatial
contrast (with sign indicating if there is a bright spot other a dark background or the opposite)
or a change in time (with sign also indicating the nature of the temporal transition). This
real-valued function will lead to the two rectified components defining ON and OFF cells in the
ganglion cell layer (see below). This is a classical model in neuroscience so that all its parameters
are well understood and can be set to default values given by biological constrains. Results about
this stage are presented in Sec. 3.2.
Note that this DoG-like operation done in the OPL layer in conjunction with the dynamic
range compression performed by the photoreceptor adaptation generate an operator which can
be qualitatively compared to the bilateral filter TMO proposed by Durand and Dorsey (2002) in
the sense that there is an implicit estimation of edges.
3 Expressions

RR n° 9033
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Contrast Gain Control layer (CGC): Dynamical temporal adaptation Contrast gain
control, or contrast adaptation, is the usual term to describe the influence of the local contrast
of the scene on the transfer properties of the retina (Shapley and Victor, 1978; Victor, 1987;
Kim and Rieke, 2001; Rieke, 2001; Baccus and Meister, 2002). In Virtual Retina, an original
model was proposed for fast contrast gain control, an intrinsically dynamic feature of the system,
which has a strong and constant influence on the shape of retinal responses, and very likely on
our percepts. It is an effect intrinsically nonlinear, and dynamical. Dynamically, it modulates
the gain of the transmission depending on the local contrast.
In Virtual Retina, given the input current IOPL (x, y, t), the membrane potential of bipolar
cells denoted by VBip is evolving according to:
dVBip
(x, y, t) = IOPL (x, y, t) − gA (x, y, t)VBip (x, y, t),
dt
with

(9)



x,y
t
0
+ λA ν 2 ,
gA (x, y, t) = GσA ∗ EτA ∗ Q(VBip ) (x, y, t) and Q(ν) = gA

0
where σA , τA , gA
and λA are constant parameters. This model has been rigorously evaluated by
comparisons with real cell recordings using specific stimuli.
So, in practice this stage translates in contrast equalization, which we see as an image enhancing capability and a temporal coherence source for videos. Figure 2 illustrates this effect as
the increase of brightness in some areas. As in the former stage, all its parameters can be set to
default values to fit biological constrains. Results about this stage are presented in Sec. 3.3.

Ganglion cells layer In the last layer of the retina, namely ganglion cells layer, two main
processing stages happen. The first consists in transforming the potential of bipolar cells into
an electric current. The second consists in transforming this current into spikes which is how
information is encoded in the end by the retina to be transmitted to the visual cortex through
the optic nerve. In this paper we will only consider the first stage since the spike-based encoding
will not be exploited.
From a more functional perspective, it is in this last stage that the response of ganglion
cells can be interpreted in terms of features in the observed scene. There are about 20 ganglion
cell types reporting to the brain different features (Masland, 2011). In this paper we focus on
two major classical types, namely ON and OFF cells which respond to positive and negative
spatiotemporal contrasts. As explained above, the emergence of contrast sensitivity comes from
the Outer Plexiform Layer where center-surround processing occur (see Eq. (6)).
Following the model proposed in Virtual Retina, ON and OFF ganglion cell currents (resp.
ON
OFF
denoted by IGang
(x, y, t) and IGang
(x, y, t)) are obtained by applying a nonlinear rectification to
the bipolar potential to either keep the positive or negative parts. This can be written as follows:
ON/OFF

IGang
with

(x, y, t) = N (ε VBip (x, y, t)) ,

(
N (V ) =

i0G
0 )/i0
1−λG (V −vG
G
0
0
iG + λG (V − vG
)

0
if V < vG
,
0
if V > vG
,

(10)

(11)

where ε defines the output polarity (ε = 1 for ON cells and ε = −1 for OFF cells), i.e., changing
ON
OFF
the ε parameter in (10), one defines the two ganglion cells currents IGang
(x, y, t) and IGang
(x, y, t),
describing respectively positive and negative contrasts. The function N (V ) is a non-linear funcON/OFF
tion which rectifies IGang
(x, y, t) using a smooth curve. Such rectification is a very common
Inria
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feature in neural modeling and in retinal models. It reflects static nonlinearities observed experi0
mentally in the retina. The parameter vG
is the "linearity threshold" between the two operation
modes while λG is the slope of the rectification in the linear part. Note that (10) is a simplification of the original model in which additional convolutions were added to fit biological
data.4
Results about this stage are presented in Sec. 3.4 where we show the influence of the parameter
λG .
Remark 1. Are ON an OFF circuits symmetric? In the current model and following Wohrer and Kornprobst (2009), ON and OFF circuits are symmetric in the sense that they
were obtained by simply changing the polarity ε. However, this is a simplified assumption with
respect to real retina properties. Indeed, there are physiological and mechanistic asymmetries in
retinal ON and OFF circuits (Chichilnisky and Kalmar, 2002; Zaghloul et al., 2003; Balasubramanian and Sterling, 2009; Kremkow et al., 2014). For example, across species, it has been
observed that OFF cells (compared to ON cells) are more numerous, sample at higher resolution
with denser dendritic arbor and respond to contrast with strong rectification. Differences between
the two circuits have been also observed depending on the overall light condition, e.g., photopic
or scotopic conditions (Pandarinath et al., 2010; O’Carroll and Warrant, 2017; Takeshita et al.,
2017). Interestingly, this asymmetry could arise from the asymmetries between dark versus bright
regions in natural images (Balasubramanian and Sterling, 2009; Ratliff et al., 2010). For example, in Ratliff et al. (2010) the authors considered the distribution of local contrast in 100 natural
images and suggest that because of the skew observed in that distribution (natural scenes contain more negative than positive contrast; see also ON and OFF ganglion cells response given in
Fig. 2), the system should devote more contrast levels to encode the negative contrasts for example (e.g., OFF channels should be more rectified). All these results suggest that an interesting
avenue for further study is to model explicitly these asymmetries to better account for natural
image statistics (see discussion in Sec. 4). This is why we introduced the ON and OFF circuits
here although there role in the present study remains limited (slight impact on global luminance)
and we refer to Sec. 3.4 where we show a preliminary result where some asymmetry is introduced
between ON and OFF circuits.
Readout population activity Given ON and OFF responses, one needs to define how to
readout an activity based on different population responses. Here we chose a simple way to
combine the activity generated by both the ON and OFF circuits:
ON
OFF
Lout (x, y, t) = IGang
(x, y, t) − IGang
(x, y, t),

(12)

where Lout (x, y, t) represents the output radiance map which can now be colorized, normalized,
quantized and gamma corrected for the output LDR file, as described in final step below.
Colorization and Gamma correction Up to now, our method operates on the luminance
map of the input image. Once the luminance map has been corrected, it is necessary to colorize
it. To do this we apply the method proposed by Mantiuk et al. (2009) which involves linear
interpolation between chromatic input information ({Li (x, y, t)}i=red, green, blue ), the respective
achromatic input information (L(x, y, t)) and the achromatic output information Lout (x, y, t)).
4 In the original model, there were additional spatial and temporal convolutions (see Eq. (14) from Wohrer
and Kornprobst (2009)). These terms were useful to fit biological data but in our context they were introducing
some blur so that we decided to discard them.
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To obtain the output in linear space Olin,i , each chromatic channel is colorized as follows:



Li (x, y, t)
Olin,i (x, y, t) =
− 1 s + 1 Lout (x, y, t),
(13)
L(x, y, t)
where s is the color saturation factor, in our implementation set by default to 1.
The model also considers a gamma correction step. Luminance values coming from a HDR
image are usually in a linear scale, which does not map well with the color spaces of computer
monitors mostly having non linear spaces. Moreover these response curves are usually described
by an power law, so we need to apply the inverse operation to keep the desired appearance
correctly on screen. For each channel chromatic channel, a standard gamma correction is applied:

1/γ

255 · Olin,i ≤ 0,
0
1/γ
1/γ
Oi (x, y, t) = b255 · Olin,i
(14)
+ 0.5c 0 < 255 · Olin,i ≤ 255,


255
otherwise,
where the choice of the gamma factor normally depends on the screen, (default: γ = 2.2). The
factor of 255 present in the equation is related to the maximum possible value that can be stored
in a common LDR image format like PNG or JPEG with a resolution of 8 bits per pixel.

2.4

Relation with previous work

Given the nature of our model, in this section we first discuss a selection of models inspired
by visual system properties and architecture. We found a range of models from psychophysical
inspiration (e.g., based on fitting psychophysical curves for light adaptation) to more bio-plausible
models of the visual system (e.g., mathematical model of the retinal circuitry).
One of the earliest examples, Rahman et al. (1996) developed an TMO based on the retinex
algorithm. This yields a local non-linear operator that relies on the work of Land and McCann
(1971), who suggested that both the eye and the brain are involved in color processing, particularly in the color constancy effect. The TMO proposed by Rahman et al. (1996) process each
color channel independently and finally merged using a color restoration method proposed by
the author. Their method has two modes of operation: single and multi-scale. At single scale
each color channel is convolved with Gaussian kernels of different sizes. Each pixel (center) is
combined with the blurred image (surround) in a nonlinear manner defining thus different center/surround interactions at different spatial scales. At multi-scale the resulting center/surround
interactions are weighted and summed obtaining the equalized output image. The selection of
the weights is based on a heuristic considering either small or large surrounds.
In Reinhard and Devlin (2005), the authors developed a TMO inspired in the adaptation
mechanism present in photoreceptors. This TMO describes the automatic adjustment to the
general level of brightness that color-photoreceptors (cones) have. The core of their algorithm
is the adaptation of a photoreceptor model, which is mainly implemented as a variation from
the Naka-Rushton equation5 . Their model lies on a global adaptation of the image fitting the
Naka-Rushton parameters in a global (from average scene luminance) or local (from color average
luminance) manner. This method does not allow luminance coherence over time because of its
static formulation (each frame is processed independently). In our case, photoreceptor adaptation
is done frame by frame, and luminance coherence is obtained by the temporal filtering in the
CGC layer.
5 Sigmoid function which computes the response of the photoreceptor based on the incoming brightness and
the semi-saturation constant
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A front-end retina-like model for computer vision tasks was proposed by (Benoit et al.,
2010; Hérault, 2010) and applied for tone mapping images and video (Benoit et al., 2009).
They modeled the retina as two adaptation layers. The first layer is related to photoreceptor
adaptation and the second one to ganglion cells. Between the two main layers lies a non-separable
spatio-temporal filter modeling the synaptic Outer Plexiform Layer (OPL), which summarizes
the interaction between photoreceptors and horizontal cells of the retina. For the photoreceptor
adaptation the authors propose a non-linear local process in which each photoreceptor response
depends on the incoming luminance inside a local neighborhood. The OPL layer is then used
as spectral whitening and contrast enhancement. In a similar manner, the ganglion cell layer
reuses the nonlinear mechanism used for the photoreceptor adaptation with different parameters.
Specifically, the authors consider a smaller neighborhood around each pixel to compute the
average luminosity. Color processing is done through a multiplexing/demultiplexing scheme
based on the Bayer color sampling, normally found in cameras. Regarding HDR video, the
authors use the temporal aspect of the OPL spatio-temporal filter to provide temporal coherence
through the sequence. This model shares some features with Virtual Retina model (Wohrer
and Kornprobst, 2009), for instance, the modeling of the OPL as a non-separable spatio-temporal
filter. Benoit et al. (2009) directly connects the OPL output to the nonlinearity proposed in the
ganglion cell layer, while in Virtual Retina OPL output gets into a Contrast-Gain Control
stage before the ganglion cell layer.
Finally, even though is not properly a TMO, in Zhang et al. (2015), the authors proposed a
method for de-hazing static images that relies on a thorough retina model, from photoreceptors
to retinal ganglion cells. In this model, photoreceptors, bipolar, amacrine and ganglion cells are
modeled as a cascade of Gaussian and difference of Gaussian filters through several signal pathways, representing the intricate relationships between colors and global versus local adaptation.
We mention this work here because our model shares the modeling of those biological layers,
except for amacrine cells. Also, their model does not account for any dynamical Contrast Gain
Control which is an important processing stage in our method.
Compared to general video tone mapping approaches, it is worth mentioning that our method
does not need optical flow estimation, as in Aydin et al. (2014); Hafner et al. (2014); Mangiat
and Gibson (2010) where the authors use it stabilize scenes with small motion, with the limitation of producing artifacts in scenes with larger displacements (Kalantari et al., 2013). Other
video TMOs apply transforms that change over time but applied uniformly in space (Ferwerda
et al., 1996; Pattanaik et al., 2000; Irawan et al., 2005; Van Hateren, 2006; Mantiuk et al., 2008;
Reinhard et al., 2012). They perform well in terms of temporal coherence but can produce a loss
in detail, whereas our model take into account local contrast information in space, which better
preserves spatial details.

3

Results and comparisons

In this section we evaluate and compare our bio-inspired synergistic TMO on both static images
and videos. Remark that if the input is a static image, it is considered as a video by simply
repeating that image other time.
Unless specified otherwise, all model parameters used to process HDR images are set as given
in Table 1. It is important to emphasize that a majority of these parameters have been set thanks
to biological constraints. Note that since all gaussian standard deviation parameters were defined
in visual angle degrees in Virtual Retina, we used a conversion of five pixels per visual angle
degree, or [p.p.d.]. This value was kept constant for different image sizes. Concerning temporal
constants, we assume that videos are at 30fps and between each frames we do six iterations of
RR n° 9033
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Table 1: Default parameters used in our implementation. Note that all parameters and variables
presented in the Virtual Retina model are expressed in reduced units and not physical units
(see justification in Sec. 2.1.2 from Wohrer and Kornprobst (2009)). As a consequence, for
example, the dimension of currents is expressed in Hertz and the overall gain of the centersurround filter λOPL is expressed in Hertz per unit of luminance.
Parameter
Value Parameter
Value
 Value Parameter
n
0.5 i1/2
52000 P s−1
σC
0.03 [deg]
τC
0.01 [s] nC
2 τU
0.1 [s]
wU
0.8
σ
0.2
[deg]
τ
0.01
[s]
S
S


λOPL
10 Hz lum−1
wOPL
0.55 dt
0.005 [s]
tf
0.2 [s] λA
100 [Hz] σA
0.2 [deg]
0
0
τA
0.0005 [s] gA
5 [Hz] vG
0
i0G
80 [Hz] λG
100 [Hz] s
1
γ
2.2
the CGC equation (9). For a static input image, we let the iterative process converge towards a
final image (in practice, about five repetitions of the frame, i.e., 30 iterations). We used a time
step of dt = 0.5 [ms].
Sections 3.1 to 3.5 deal with static images. We will show the influence of some parameters in
each step to show their impact and benchmark our method with respect to the state-of-the-art.
Section 3.6 gives an example of result on a real video sequence. We show how the temporal
convolutions provide temporal coherence in the output.

3.1

Photoreceptor adaptation: Global non-linear adaptation

Figure 3 shows the effect of photoreceptor adaptation. In Fig.3(a) we show how an input radiance
map L(x, y, .) (converted to an LDR image using a linear mapping) is transformed into h(x, y, .; L)
image defined in (5). This is done by a global non-linear operator effectively compressing the
whole incoming data range to the interval ]0, 1[, step necessary for the Virtual Retina model
to work properly. The behavior of this nonlinearity amplifies the cases where the luminance
is higher compared to the mean spatial luminance of the scene, nonlinearly computed through
l1/2 (·), i.e., overexposed regions. In Fig. 3(b) we show the absolute difference between h(·) and
L(·)6 . Note that the main differences between the two images are located in the overexposed
regions present in the stained glass windows.
A comparison between different values of the exponential parameter n in Eq. (5) is shown in
Fig. 4. In the experimental fit of Dunn et al. (2007) this constant was set to n = 0.7 ± 0.05. One
can change n to increase or decrease the effect of photoreceptor adaptation. From our tests, we
found that n = 0.5 gives consistently good results.

3.2

Outer plexiform layer (OPL): Edge and change detection

In Fig. 5 we analyze the impact of the parameters from Eq. (6) defining the center-surround
interaction. First we vary the relative weight value of wOPL (experimentally estimated near 1 for
mammal retinas, and in general in the range of [0, 1]). High values of wOPL , e.g., 0.9 excessively
enhances borders specially when the size of the surround, given by the σS parameter, increases.
So, we have experimentally set the parameter wOPL with a default value of 0.55, which performs
6 Both

images were normalized between [0,1] to compute the absolute difference between them
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Relative luminance

(a)

(b)

Figure 3: Effect of global non-linear photoreceptor adaptation (a) Effect of the nonlinear operator h(·) defined in (5) over the input luminance image L. The image obtained after
the photoreceptor adaptation is represented in h(·). (b) Difference of the normalized signals
|h − L|.

n = 0.25

n = 0.5

n=1

Figure 4: Effect of the parameter n in the photoreceptor adaptation (5). This parameter has an effect in terms of compression of the incoming luminance map. When n is low,
compression is exaggerated resulting in a arguably distorted image. When n is close to one,
function h(x, y, t; L) behaves as a quasi-linear operator.
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consistently well in our tests. Then the size of the surround produces a high impact on the
resulting IOPL layer. In Fig. 5 we show that increasing the value of σs induces artifacts for
high values of wOPL specially in borders with a high difference of luminosity, mainly because
saturation in the IOPL (x, y) value. The effect of σS additionally enhances details on regions
with low contrast when there is no saturation (low values of wOPL ). The default value in our
implementation is σS = 0.1 [deg], approximately the modeled value for primate retinas. This
value shows a good compromise between edge enhancement and image distortion, while being
biologically accurate.

S

= 0.01

S

= 0.1

S

=1

S

= 10

wOP L = 0.2

wOP L = 0.55

wOP L = 0.9

Figure 5: Resulting IIOPL for different values of σS and wOPL (6). The relative weight
wOPL highlights edges in the input image according to the local average described by the surround
signal S(x, y). This becomes more prominent with a large values of σS .
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Contrast Gain Control layer (CGC): Dynamical temporal adaptation

In Fig. 6 we show the effect of Contrast Gain Control (CGC) varying parameters. CGC layer
enhances dynamically local brightness and local contrast in the image. According to (9), there
are two parameters that directly impact the value of VBip (x, y, t): λA , the overall gain of the
feedback loop and σA , the standard deviation of the spatial gaussian blur. In Fig. 6 we focus on
these two parameters. Similarly to what was reported by Wohrer and Kornprobst (2009), the
gain in the feedback loop given by λA translates into more intense differences with respect to
the IOPL input signal, obtaining as a result brighter images. The value of λA = 1 [Hz] yields
little differences regardless of the choice of σA . The effect of σA is evident when the value of
λA increases, and in this case the gaussian blur produced by σA generates local enhancement
specially observed in overexposed regions such as the stained glass windows. After this analysis
we decided to set the default values of these parameters to λA = 104 [Hz] and σA = 1.2 [Hz].
ni
In Fig. 7 we illustrate how the dynamics of CGC layer work. We denote by VBip
the value
of the map VBip after ni iterations of the discretized differential equation (9). We show how the
ni
CGC layer progressively enhances details in time. In Fig. 7(a) we show the image of VBip
for
ni = 0, 10 and 30 iterations, which can be considered as the steady-state. Convergence of the
differential equation to the steady state is illustrated in Fig. 7(c) showing the relative difference
between two successive iterations. Stronger variations are observed during the first 10 iterations.
Numerically, we chose tf = dt · 20 = 0.2 [s], as the default stop time for CGC dynamics over
an static image. The effect of the CGC is more noticeable for the windows of the altar where
most of the light of the scene comes from (see zoom). This is also visible from Fig. 7(b) where
ni
we show the difference between VBip
at initial state (ni = 0) and at convergence (here ni = 0).
CGC compensates the contrast locally, thus allowing for details to be enhanced, as the edges of
the stained glass. Also, the additional compression in dynamic range translates into an overall
brighter image, shown on the walls around the windows.

3.4

Ganglion cells layer

In Fig. 8 we study the influence of parameter λG in the ganglion cells layer (12). This parameter
represents the slope of the rectification in the linear part.
In Fig. 8(a) we show results for different values of λG . Note that in order to enhance the
effect of this stage, we pushed the CGC parameters to be σA = 0.2 [deg] and λA = 102 [Hz].
High values of λG (106 [Hz]) distort the output image with an excessive brightness, while low
values of λG (∈ [100 , 104 ] [Hz] approx.) improve the overall brightness without overexposing the
scene. Following our motivation to keep the TMO biologically plausible, the value chosen as
default for this gain is λG = 100 (see Wohrer et al. (2009), Midget cells).
In Fig. 8(b) we propose a preliminary result to illustrate the effect of introducing asymmetries
between ON and OFF circuits (see Remark 1 in the paragraph “Ganglion cell” of Sec. 2.3.2).
This is done by choosing different values of slope of the sigmoid function (i.e., λG ) to obtain the
ON and OFF responses. Namely, we choose a fixed value to estimate the ON part (λON
G = 100)
OF F
while we vary the value for the OFF part (λOFF
).
Increasing
λ
has
a
directly
proportional
G
G
effect in the compression rate over the channel, thus diminishing the contribution to the output
luminance map. This effect can also be understood as the effective reduction of global contrast
in the image.
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A

A

= 0.02

A

= 0.2

A

= 100

A

= 102

A

= 104

=2

Figure 6: Effect of CGC parameters on VBip . This figure summarizes the effect of λA and
σA parameters on the Contrast Gain Control layer behavior. The gain of the loop, given by λA ,
translates into an improved overall brightness in the image, while an increase of the standard
deviation σA value enhances details. The parameter values chosen as default in this model are
shown in Table 1.
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0
VBip

10
VBip

30
VBip

30
|VBip

(b)

(a)
ni +1
|VBip

0
VBip
|

ni
VBip
|

ni
|VBip
|

(c)

Number of iterations

ni

Figure 7: Effect of CGC in local contrast enhancement. Comparison between the input
ni
and output of the CGC stage for different iterations number. (a) Evolution of VBip
after ni =
{0, 10, 30} iterations (note that resulting image was colorized and gamma corrected for display).
(b) A colorized map of the differences between the iteration 30 and the initial state at iteration
ni
0. (c) The mean squared error computed between two consecutive iterations of VBip
. After
approximately 15 iterations the changes on the scene are not noticeable.
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G

=1

G

= 102

G

= 104

G

= 106

(a)

OFF
/ ON
G
G

= 0.1

OFF
/ ON
G
G

=1

OFF
/ ON
G
G

= 10

OFF
/ ON
G
G

= 100

(b)

Figure 8: Effect of λG on the output of the Ganglion cells layer Lout (x, y). (a) Testing
different values of λG . High values of λG (> 106 [Hz]) saturate image brightness: see distortions
in the ceiling and the stained glass windows. Lower values of λG , on the contrary, improve
the global perception of the scene. (b) Introducing asymmetry between ON and OFF circuits.
OFF
Different values of λG are used for each circuit: λON
is changed. For bigger values
G is fixed; λG
OFF
of λG there is a clear loss of global contrast across the image.
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Comparison with other methods

In Fig. 9 we visually compared our results to linear compression, logarithmic compression,
Retinex model (Rahman et al., 1996), histogram adjustment (Larson et al., 1997a), bilateral
filter-based approach (Durand and Dorsey, 2002), photo-receptor model (Reinhard and Devlin,
2005) and bio-inspired spatio-temporal model (Benoit et al., 2009). We used implementations
provided in Reinhard et al. (2005). These were run under a Linux machine using our C++
implementation. The TMO proposed in this paper was implemented using a default set of parameters, which can be found in Table 1. We used four HDR images in total, all of which are
already properly calibrated. Every tone mapped image was obtained without intervention of the
default parameters proposed in the respective models so that a fair comparison can be done.
Results show that our method gives promising results in general for the four images selected. It
manages to compress the luminance range without overexposure. For Bristol Bridge, a typical
twilight outdoors scene, our method allows to see both the woods and the sky. In Clock Building,
both the edifice details and the outdoors lighting are preserved. In Memorial the inside of the
altar is recovered while conserving the details from the stained glass. Finally in Waffle House
both the indoors of the building and the car can be seen without too much specular lighting
noise, which can be seen over the roof of the building.
Note that we carefully verified that methods were tested in the same conditions regarding
input calibration and gamma correction to obtain the final output. This is important in order to
provide a fair comparison ground for every TMO. Concerning the calibration step (see Sec. 2.3.1)
this step is not a priori necessary since all the images are already calibrated. For these images the
alpha factor (i.e., the key of the scene) is close to a logarithmic average of the input luminosity.
As a consequence, it is not important to know if other approaches include or not this calibration
step. Regarding gamma correction, for all the TMOs evaluated we checked that the output image
was passed through a gamma correction layer (γ = 2.2) before being evaluated. If this was not
in the original code, we added it.
In order to obtain quantitative comparisons with other TMOs, we computed the TMQI (Yeganeh
and Wang, 2013) for 29 different TMOs over a big subset of the HDR Photographic Survey7 , by
Mark Fairchild (a total of 101 images). For each TMO we represent the distribution of the TMQI
obtained for all the images in the dataset using violin plots (see Fig. 10(a)). Note that violin
plots were chosen because they bring more information than standard box-plots. For example,
they can detect bimodal behaviors while the classical box-plots miss this information. We can
observe the variety of performances obtained for the different TMOs evaluated, and that the
method here proposed has a comparable performance with the best methods reported in the
literature. The methods evaluated, from top to bottom are: Linear, Logarithmic (see Reinhard
et al. (2005)), Oppenheim et al. (1968); Horn (1974); Miller et al. (1984); Chiu et al. (1993); Tumblin and Rushmeier (1993); Ferschin et al. (1994); Ward (1994); Schlick (1995); Ferwerda et al.
(1996); Rahman et al. (1996); Larson et al. (1997b); Pattanaik et al. (1998, 2000); Ashikhmin
(2002); Durand and Dorsey (2002); Fattal et al. (2002); Reinhard et al. (2002); Choudhury and
Tumblin (2003); Drago et al. (2003); Yee and Pattanaik (2003); Li et al. (2005); Reinhard and
Devlin (2005); Kuang et al. (2007); Kim and Kautz (2008); Benoit et al. (2010); Oskarsson (2015);
Zhang and Li (2016), and our method. The Zhang and Li (2016) implementation was done by
us, the Kim-Krautz consistent TMO was made available by Banterle et al. (2011), Li method
was provided by Yuanzhen Li, the Democratic TMO implementation was done by Magnus Oskarsson, Benoit TMO code was retrieved from the OpenCV 2.0 source package and the rest of
TMO implementations were provided by Reinhard et al. (2005).
Additionally, in Figures 10(b-c) we show a more precise comparison with the two competing
7 Mark

Fairchild dataset website: http://rit-mcsl.org/fairchild/HDR.html
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Bristol
Bridge

Clock
Memorial
Building

Waffle House

Linear

Logarithmic

Retina
Rahman et al. (1996)

Histogram adjustment
Larson et al. (1997)

Bilateral filter-based
Durand and Dorsey (2002)

Photoreceptor adaption
Reinhard and Devlin (2005)

Bio-inspired
Benoit et al. (2009)

Our Method

Figure 9: Qualitative comparison between different TMOs and our method (see text
for references). Bristol Bridge and Clock Building images are copyright of Greg Ward. Memorial
image is copyright of Paul Debevec. Waffle House is copyright of Mark D. Fairchild.
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(a)

(b)

(c)

Figure 10: Quantitative comparison between different TMOs and our method (a)
Comparison of the TMQI metric obtained by our method against other 29 TMOs (see text
for the exact references). (b) Detailed comparison between TMQI values obtained by Benoit
et al. (2009) and our method. We observe no correlation (r = −0.18, p = 0.071). (c) Detailed
comparison between TMQI values obtained by Zhang and Li (2016) and our method. We observe
a correlated response (r = 0.33, p < 0.05). (b)-(c) Orange diagonal line shows the region of equal
performance. Points below this line correspond to images where our method obtained a better
TMQI value.
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bio-inspired approaches reported in Fig. 10(a), namely Benoit et al. (2009) and Zhang and Li
(2016). Since TMOs yield high variability in the results depending on the input, it is of interest
to evaluate how our method performs against them on each sample input individually. For both
approaches we compare the TMQI value for each image of the Fairchild dataset. In Fig. 10(b) we
compare our method with Benoit et al. (2009). Methods seem to be complementary: there are
images where our method obtained a TMQI value between 0.7 and 0.8, while Benoit et al. (2009)
obtained a score over 0.8. By the contrary, images where the TMQI value of Benoit et al. (2009)
did not passed over 0.8, our method generated a TMQI value in the range 0.8–1.0. Overall,
our method gives a better score in 59 out of 101 images. The regression applied to this data
(r = −0.15, p = 0.13) confirm the complementary performance showing no correlation between
them. Similarly, in Fig. 10(b) we compare our method with Zhang and Li (2016). Overall, our
method gives a better score in 56 out of 101 images. In this case, the regression applied to data
suggests a slight correlation between both TMQI values (r = 0.33, p < 0.05).

3.6

Result videos

Common artifacts in video TMO are brightness flickering and ghosting produced by temporal
filtering. We tested our method on the two HDR videos from the Grzegorz Krawczyk dataset.8
Results are shown in Fig. 11. Videos with the resulting radiance maps can be found in the paper
website.
Our model generates satisfying results regarding radiance maps, particularly when the car
driver faces direct sunlight generating overexposure in the camera. Brightness flickering is reduced as shown by the evolution of the temporal average (compare temporal variations in IOP L
and VBip . However, we found that this time coherence is lost if the video frames are then colorized and gamma corrected, bringing back some chromatic flickering. This is a limitation our
our approach coming from the colorization method we chose (Mantiuk et al., 2009), since flickers
in the input are transmitted to the output.
Another interesting observation from Fig. 11 is about the temporal effect of CGC layer. We
show the mean log luminance of each frame at different levels of our architecture: the input
luminance map (L), the output of the OPL (IOPLt ) and the output CGC stage (VBip ). Input
sequence has fast changes in the overall luminance (flickering) which are still present at the OPL
stage. These temporal variations are smoothed in the next stage thanks to CGC. This effect is
best seen on the videos shown on the paper website.
We found in our model that a critical parameter in terms of temporal coherence is τA , as
seen in the gA (x, y, t) component of Eq. (9). As explained in Wohrer and Kornprobst (2009),
this constant relates to the time scale of the adaptation and cannot be fixed from experimental
data, because of the hypothetical nature of the stage. Since this time constant is related to
a exponential kernel, and thus a low-pass time filter, it is inversely proportional to the cut off
frequency of such filter. We found through tests that the best value for this is τA = 0.0005 [s], for
which temporal coherence is improved compared with the case without temporal convolutions.
On the other hand, a bigger selection of τA leads to an strong ghosting effect, because the
tight bandwidth in the filter prevents the natural changes in luminance across time per pixel, in
contrast to the luminance flickering we want to avoid.
8 Grzegorz

Krawczyk dataset website: http://resources.mpi-inf.mpg.de/hdr/video/
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Figure 11: Results on the two videos from Grzegorz Krawczyk’s dataset: (a) Highway
video and (b) Tunnel video. For each case we show sample frames of the video at different levels
of our architecture: the input luminance map (L), the output of the OPL (IOPL ) and the output
CGC stage (VBip ). On the right hand side, we show the time-evolution of the corresponding log
spatial average of each frame. Results show how temporal coherence is improved at CGC level.
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Conclusion

In this paper we show a promising way to address computational photography challenges by
exploiting the current research in neuroscience about retina processing. Models based properties
of the visual system, and more specifically on detailed retinal circuitry, will certainly benefit from
the research in neuroscience. As such, choosing Virtual Retina appears to be a promising
idea since our goal is to pursue its development towards a better understanding of retinal processing (Cessac et al., 2017b). Indeed, one of our goal is to systematically investigate how new
mechanisms found in the retina could be interpreted and be useful in the context of artificial
vision problems. This conveys to this work a high potential for further improvements.
For static images our TMO works as expected, effectively compressing the dynamic range
to fit a normal 24-bit LDR image generating an equalized image. In the case of videos, the
TMO here proposed also work properly in the luminance information, being the CGC layer an
important step to guarantee the temporal coherence to the video. In videos, one of the limitations
of the TMO here presented is that the current colorization method generates color flickering
on the output. This limitation arises because the original Virtual Retina model is based on
luminance maps only, i.e., monochrome. A workaround of this problem could be either to include
color processing in retina model or maybe improve colorization method in post-processing stage.
The model here presented contains a series of parameters related to the different stages of
global and local adaptation of the input luminance image. We have observed in Section 3 the
effect of different parameters in the global and local contrast adaptation. Interestingly, the
parameters related to the IOPL (x, y, t) computation relating the balance between center and
surround, define the extent of local adaptation. Areas with low contrast looks brighter is the
size of the surround neighborhood increases. This type of computation shows similarities with
observations in neurophysiology data of sensory systems, where the system integrates information
inside a wider neighborhood if the signal to noise ratio is small, or more drastically, the shape of
the surround varies according to the input information (Pack et al., 2005; Fournier et al., 2011).
This behavior suggests that an adaptive selection of the surround size and shape, both at the
OPL and CGC could highly benefit the quality of the TMO.
We see three challenging perspectives for this work. First perspective is to include more
cells types to have a richer representation of the input and know how to exploit them. It
has been shown that the retina contains a wide variety of ganglion cell types simultaneously
encoding features of the visual world (Gollisch and Meister, 2010; Sanes and Masland, 2015;
Masland, 2011; Lorach et al., 2012). A natural extension of the model here proposed could be
to increase the types of retinal ganglion cells in order to expand its computational capabilities.
This extension should be also joined with the proposition of efficient readouts to obtain a single
retina output traduced on an output image. The readout of neural activity is related to a
decoding mechanism, which is an open research topic in the neuroscience community (Quiroga
and Panzeri, 2009; Warland et al., 1997; Pitkow and Meister, 2012; Graf et al., 2011). Second
perspective is to further investigate other nonlinear mechanisms in the retina such as Berry
et al. (1999); Chen et al. (2013); Souihel and Cessac (2017). These mechanisms have been
shown to account for temporal processing such as anticipation and we plan to study how they
would impact the quality of tone mapped videos. Third perspective is to include fixational eye
movements for the static image scenario (Martinez-Conde et al., 2013). Indeed, our eyes are
never at rest. They are continuously moving even in a fixation tasks. These eye movements,
and in particular the microsaccades part, are known to enhance visual perception. This idea
has been explored in the context of edge detection (Hongler et al., 2003), superresolution (Yi
et al., 2011) and coding (Masquelier et al., 2016). We think it is interesting to investigate their
effect also for tone mapping. Finally, the quantitative comparison through TMQI values with
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other bio-inspired methods suggested complementary behaviors as we observed in Fig. 10(b)-(c).
To analyze in detail the complementary contributions of each computation stage, projecting to
merge the better aspects of different TMOs in a single one, could be an interesting track to
explore. In particular, the color de/multiplexing scheme proposed by Benoit et al. (2010) is of
special interest for us to deal with videos and might reduce the flickering observed by our current
colorization approach.

A

Photoreceptor adaptation and pupil model

Photoreceptors adjust their sensitivity over time and space, providing a first adaptation step for
the incoming light. The Virtual Retina model proposed by Wohrer and Kornprobst (2009),
originally designed to process LDR images, does not have this adaptation in consideration at the
input stage so there is a need to provide it without interfering the mechanisms of the rest of the
model.
In the other hand, Dunn et al. (2007) showed that the photoreceptor adaptation is mutually
exclusive from the adaptation occurring further into the retina, since the latter happens as the
signal go from the cone bipolar cells to the ganglionar layer. Also, the authors provided a response
model for cones, which in light of the previous statement, would fit well with our model.
Using electrophysiological data recorded from L type cone response, Dunn et al. (2007) constructed an empirical model which relates the normalized response of a cone h(·) to the background intensity iB cast over it, presented in the following relation:
h(iB ) =
1+

1


i1/2
iB

(15)

n ,



where i1/2 means the half maximal background intensity, estimated at 45 · 103 ± 7 · 103 P s−1
on their data. On the other hand, n is the Hill exponent describing the relationship between
response amplitude and background intensity iB , value estimated at n = 0.7 ± 0.05.


The model proposed in (15) is expressed in Absorbed photons per cone per second - P s−1 ,


and to easily use it in our model we need to convert it into cd m−2 . The following formula is
used to convert between these units9 :
(16)

i = f (l) = 10π · l · ρ2pupil ,

where ρpupil is the radius of the pupil in millimeters and l is the luminance to convert.
There are several models to relate the radius of the pupil ρpupil with luminance covering different complexities (Watson and Yellott, 2012). For the sake of simplicity, we chose the de Groot
and Gebhard (1952) model defined as:

3 
ρpupil (L̄) = 3.5875 exp −0.00092 7.597 + log L̄
,
(17)
R
which relates the average incoming spatial luminance L̄(t) = x,y L(x, y, t)dxdy, with the radius
of the pupil ρpupil in millimeters. This model comes from an experimental fit which does not
consider additional factors such as age, contraction / dilation or adapting field size.
Thus finally, the response of the photoreceptos h(·) can be now expressed in terms of the
luminance background lB and the background luminance L̄ as follows:
1

h(lB , L̄) =
1+



i1/2
10π·lB ·ρpupil (L̄)2

n .

9 http://retina.anatomy.upenn.edu/~rob/lance/units_photometric.html
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Furthermore, since i1/2 is constant, we define a new expression l1/2 (L̄):
1

h(lB , L̄) =
1+
l1/2 (L̄) =



l1/2 (L̄)
lB

(19)

n

i1/2
10π · ρpupil (L̄)2

(20)

where l1/2 represents the half maximal background luminosity for the fitted data - now in


cd m−2 - and lB . Figure 12 shows how l1/2 depends on the average luminance L̄.

10 6

l1/2 (L̄)
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Figure 12: Characteristic curve of i1/2 (L̄). Plot of Equation (20) in function of the incoming
average luminance L̄. For each image i1/2 (L̄) behaves as a constant on Eq. (19), yet over a video
sequence the non-linear property of the curve helps to smooth luminance transients between
frames.
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