
Journal of

Imaging

Article

Evaluating Human Photoreceptoral Inputs from
Night-Time Lights Using RGB Imaging Photometry

Alejandro Sánchez de Miguel 1,2,3,* , Salvador Bará 4 , Martin Aubé 5, Nicolás Cardiel 2,
Carlos E. Tapia 2, Jaime Zamorano 2 and Kevin J. Gaston 1

1 Environment and Sustainability Institute, University of Exeter, Penryn, Cornwall TR10 9FE, UK;
k.j.gaston@exeter.ac.uk

2 Departamento de Física de la Tierra y Astrofísica, Instituto de Física de Partículas y del Cosmos (IPARCOS),
Universidad Complutense, 28040 Madrid, Spain; cardiel@ucm.es (N.C.); ceta@ucm.es (C.E.T.);
jzamorano@fis.ucm.es (J.Z.)

3 Instituto de Astrofísica de Andalucía, Glorieta de la Astronomía, s/n, C.P.18008 Granada, Spain
4 Departamento de Física Aplicada, Universidade de Santiago de Compostela, 15782 Santiago de Compostela,

Galicia, Spain; salva.bara@usc.es
5 Physics Department, CEGEP de Sherbrooke, Sherbrooke, QC J1E 4K1, Canada;

martin.aube@cegepsherbrooke.qc.ca
* Correspondence: a.sanchez-de-miguel@exeter.ac.uk

Received: 13 March 2019; Accepted: 12 April 2019; Published: 16 April 2019
����������
�������

Abstract: Night-time lights interact with human physiology through different pathways starting
at the retinal layers of the eye; from the signals provided by the rods; the S-, L- and M-cones; and
the intrinsically photosensitive retinal ganglion cells (ipRGC). These individual photic channels
combine in complex ways to modulate important physiological processes, among them the daily
entrainment of the neural master oscillator that regulates circadian rhythms. Evaluating the relative
excitation of each type of photoreceptor generally requires full knowledge of the spectral power
distribution of the incoming light, information that is not easily available in many practical applications.
One such instance is wide area sensing of public outdoor lighting; present-day radiometers onboard
Earth-orbiting platforms with sufficient nighttime sensitivity are generally panchromatic and lack the
required spectral discrimination capacity. In this paper, we show that RGB imagery acquired with
off-the-shelf digital single-lens reflex cameras (DSLR) can be a useful tool to evaluate, with reasonable
accuracy and high angular resolution, the photoreceptoral inputs associated with a wide range of
lamp technologies. The method is based on linear regressions of these inputs against optimum
combinations of the associated R, G, and B signals, built for a large set of artificial light sources by
means of synthetic photometry. Given the widespread use of RGB imaging devices, this approach is
expected to facilitate the monitoring of the physiological effects of light pollution, from ground and
space alike, using standard imaging technology.

Keywords: light pollution; imaging; artificial light at night; night-time lights; DSLR cameras; RGB
sensors; non-visual effects of light; circadian phototransduction

1. Introduction

Interest in the physiological effects of artificial light at night has steadily grown in recent years.
The alteration of natural cycles of light and darkness, brought about by the widespread use of
artificial light, has been shown to contribute to circadian rhythm disruption, sleep disorders, and other
potentially relevant public health outcomes [1–9]. Increasing awareness of the unwanted effects of
light pollution and the quest for a sustainable approach to outdoor lighting have fostered the search
for practicable methods of evaluating human exposure to artificial light at night.
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Although the existence of non-image-forming effects of light on the human body had long
been known, it was not until the turn of the century that a major breakthrough in understanding
these interactions was achieved, after a novel non-rod, non-cone type of photoreceptor was first
predicted and then found in the mammal retina [10–13]. This recently discovered photoreceptor, an
intrinsically photosensitive subset of different varieties of retinal ganglion cells (ipRGC), expresses a
light-detecting photopigment, melanopsin, not found in classical rods and cones. The ipRGC project
via the retinohypothalamic tract to the suprachiasmatic nuclei of the hypothalamus, where the master
oscillator of the central circadian clock is located. With a smaller absolute responsivity to light than
rods and cones and a spectral sensitivity band centered about 484 nm, the ipRGC are, as presently best
understood, the main photoreceptors for the daily entrainment of the circadian clock.

The ipRGC output, however, is not entirely determined by melanopsin light detection. The ipRGC
synapses receive additional inputs from both rods and cones, through the intermediate layers of
horizontal, bipolar, and amacrine retinal cells [14,15]. The overall ipRGC response is then a generally
nonlinear combination of the excitations of the five classes of photoreceptors (rods; S-, L- and M-cones;
and the ipRGC themselves), whose particular details depend on the physiological outcome under
study. In order to make possible the quantitative comparison of experimental results and the realization
of meta-analyses of clinical and epidemiological studies, it has been strongly recommended that the
precise spectral power density of the irradiance incident on the eye, as well as the detailed exposure
conditions for each experimental session, should be carefully recorded. In the absence of such detailed
spectral information, at least some quantities reflecting the excitations of the five individual classes
of photoreceptors should be calculated and reported [16]. The suggested quantities of choice are the
in-band photoreceptor irradiances (W m−2) at the subject’s cornea, i.e., the incident spectral irradiance
(W·m−2

·nm−1) weighted by the spectral sensitivity function of the corresponding photoreceptor
(dimensionless) and integrated across wavelengths (nm) [16,17].

The accelerated pace of substitution of the traditional gas-discharge lamps (mostly high-pressure
sodium vapor and metal halides) by LED streetlights, with the associated shifts in illumination
levels and spectral power density distributions, has reinforced the need for monitoring the changes
in the nighttime light environment since some of their side-effects could be potentially relevant to
human health. Wide-area sensing of public outdoor lighting for different light pollution research
applications is routinely carried out using the radiometers already onboard Earth-orbiting satellites (see,
e.g., [18–25]). However, most operating spaceborne radiometers with sufficient nighttime sensitivity
are panchromatic [26–30], lacking the required spectral discrimination for assessing health effects.
One way to partially overcome this limitation is the use of RGB imagery, such as the well-known
images of the Earth at night obtained by astronauts on the International Space Station (ISS) with
off-the-shelf digital single-lens reflex cameras (DSLR) from the Crew Earth Observations facility
(CEO) [31]. After suitable camera calibration, the DSLR raw images allow the radiance reaching the
ISS from the streetlights located within the camera field-of-view to be determined, with a spatial
resolution of the order of tens of meters, and a limited but extremely useful RGB multi-spectral
capability [32,33] (see also [34]). The use of DSLR cameras for light pollution research has expanded
significantly in recent years, and its effectiveness has been demonstrated in applications such as all-sky
night sky brightness monitoring [35–39], cloud reflection and screening studies [40], and nighttime
lights dynamics assessment [41–43], among others.

Remote sensing of nighttime lights is increasingly being used in public health research [44–48].
In particular, ISS imagery in the RGB bands has been instrumental for recent epidemiological studies
regarding the association between light at night and some pathologies [49,50]. Whereas in [49] the
R, G, and B signals were used as independent input variables, in [50] these signals were used to
estimate several spectral indices deemed relevant to human health. A practical method for estimating
band-weighted radiometric quantities using linear relationships to the B/G or G/R inputs has been
described in [51]. In the present paper we significantly expand the scope of that method by (i) taking
advantage of the additional non-redundant information available when using as input variables
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optimum linear combinations of the R, G, and B chromatic channels and (ii) applying this approach to
determine, from RGB imagery, the values of the photoreceptor-weighted exposures in the photometric
bands of sensitivity of the human rods; S-, L- and M-cones; and ipRGC. That way, RGB images can be
used to assess the contribution of each light source present in the field of view to the relative excitation
of the five human photoreceptors, which is presently believed to be the basic information required to
evaluate the non-image-forming effects of light at night.

2. Materials and Methods

2.1. Photoreceptoral and RGB Spectrally-Weighted Radiant Quantities

Several radiant magnitudes are of interest for light pollution studies dealing with the physiological
effects of optical radiation. The most basic one is the spectral radiance distribution at the entrance pupil
of the eye (units W·m−2

·sr−1
·nm−1), which determines the spectral irradiance at each particular retinal

location (W·m−2
·nm−1) and hence the radiant spectral flux incident on individual photoreceptors

(W·nm−1). The effective dose absorbed by each photoreceptor depends on the spectral composition of
the incident beam weighted by the photoreceptor-specific spectral sensitivity. Human photoreceptors
act like filters whose spectral sensitivity functions are determined by the absorption characteristics
of the receptor opsins and the spectral transmittance of the pre-receptoral ocular media, including
the retinal pigments. A set of standard spectral sensitivity functions for the five photoreceptors
has been experimentally determined and proposed for general use [16,17]. Figure 1 displays the
functions Cy(λ), Me(λ), Rh(λ), Ch(λ), and Er(λ), corresponding to the cyanopic (S-cone), melanopic
(ipRGC), rhodopic (rod), chloropic (M-cone), and erythropic (L-cone) transmittance-corrected opsins,
respectively. These "alfa-opic" functions are normalized to 1 at their peak, compliant with the SI
criterion stated in CIE TN 003:2015 [17]. Thus, if L(λ) is the spectral radiance (W·m−2

·sr−1
·nm−1)

incident on a given photoreceptor with spectral sensitivity Y(λ), the corresponding band-weighted
radiance Y (in units " W·m−2

·sr−1 within the Y(λ) band") will be:

Y =

∫
Y(λ)L(λ)dλ, (1)

where Y(λ) stands for any of the alfa-opic Cy(λ), Me(λ), Rh(λ), Ch(λ), and Er(λ) functions, and Y is
the effective radiance exciting the corresponding photoreceptor (which we will denote by Cy, Me, Rh,
Ch, and Er, respectively). Note that the same type of weighted integral can be applied to other radiant
magnitudes of interest, like irradiance, radiant flux, or radiant exposure, among others.J. Imaging 2019, 5, x FOR PEER REVIEW 4 of 13 
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In an analogous way, the camera pixel readings in the R, G, and B bands are proportional to

R =

∫
R(λ)L(λ)dλ,G =

∫
G(λ)L(λ)dλ,B =

∫
B(λ)L(λ)dλ, (2)

where R(λ), G(λ), and B(λ) are the corresponding spectral sensitivity functions of the camera pixels
spatially arranged in the Bayer matrix (see an example, corresponding to a Nikon D3s camera (Nikon,
Sendai, Japan), in Figure 2). Note that after suitable calibration the camera pixel readings can be
converted to band-weighted pixel radiant exposure (units J). The corresponding radiant flux (units W)
can be obtained as the radiant exposure divided by the exposure time. This flux can, in turn, be used
to compute the pixel irradiance (W·m−2) by dividing it by the pixel area. The radiance (W·m−2

·sr−1)
incident on each pixel can be computed by dividing the irradiance by the solid angle (sr) of the beam,
which in turn depends on the camera lens numerical aperture (f -number). The band-weighted radiance
incident on the camera is obtained by dividing the radiance incident on the pixel by the transmittance
of the camera lens in the corresponding photometric band. These last two steps can be performed at
once if there is information available about the band-weighted T-stops. The weighted irradiance at the
input pupil of the camera can be deduced easily using standard photometric transformations.
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Figure 2. R(λ), G(λ), and B(λ) functions of a Nikon D3s camera, measured at LICA facility (Laboratorio
de Instrumentación Científica Avanzada of Universidad Complutense de Madrid).

The problem to solve can then be stated as follows: estimating the values of Y (Cy, Me, Rh, Ch,
and Er) for the light sources within the field-of-view, from the camera readings R, G, and B.

2.2. Linear Estimation of the Photoreceptoral Weighted Radiances from RGB Signals

An exact, analytic solution to the problem of determining the Y radiances from the R, G, and B
signals would be obtained by finding the (Y-dependent) coefficients cR, cG, and cB that fulfill the equality

Y = cRR + cGG + cBB (3)

for any arbitrary incident radiance L(λ). However, the general validity of Equation (3) requires that
the corresponding weighting functions strictly conform to

Y(λ) = cRR(λ) + cGG(λ) + cBB(λ) (4)

for all wavelengths λ. It is easy to see that there are no exact solutions for cR, cG, and cB allowing
conformation to Equation (4) for any of the Cy(λ), Me(λ), Rh(λ), Ch(λ), and Er(λ) photoreceptor
functions and the R(λ), G(λ), and B(λ) bands. In other words, the photoreceptoral Y(λ), considered as
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Hilbert space vectors, do not belong to the subspace spanned by
{
R(λ), G(λ), B(λ)

}
. Real values for cR,

cG, and cB allowing approximate conformity to Equation (4) can be obtained by a linear least-squares
fit (LSQ) of R(λ), G(λ), and B(λ) to Y(λ) over all wavelengths. However, for light pollution studies,
this homogeneous LSQ fit over wavelengths, with all spectral λ equally weighted, turns out to be a
suboptimal choice. Present-day outdoor lighting sources are manufactured using a restricted set of
technologies and, in consequence, their light spectra belong to a finite set of basic patterns. This makes
it reasonable to find the best fit of R(λ), G(λ), B(λ) to Y(λ) for these lamp spectra, such that the
squared differences between the two sides of Equation (4) is minimized over the relevant lamp dataset.

To proceed in this way let us use a wide set of N different light lamps, with known spectral radiance
distributions, Li(λ), i = 1, . . . ,N, and let us determine by numerical integration the corresponding
values of the band-weighted radiances Cyi, Mei, Rhi, Chi, Eri, and Ri, Gi, Bi, using Equations (1) and (2),
a procedure commonly known in astrophysics as synthetic photometry. Ordering these band-weighted
radiances as N × 1 column vectors Cy, Me, Rh, Ch, Er, and R, G, B, respectively, we can rewrite
Equation (3) in vector form, for the generic photoreceptor Y, as

Y = cRR + cGG + cBB (5)

which is an overdetermined linear system of N equations with three unknowns (cR, cG, and cB).
This system has no exact solution, both for the fundamental reason outlined above regarding Equation
(4) and because in practice all relevant radiant magnitudes involved are affected by measurement
noise (in our case, the noise present in the experimentally measured lamp spectra used to compute the
weighted radiances by means of synthetic photometry). However, Equation (5) can be solved in an
LSQ sense by minimizing the squared differences between both sides of the equation over the whole
lamp database. To do so, let us define the N × 3 system matrix M = [R G B] formed by the three N × 1
column vectors, and c = (cR, cG, cB)

t the coefficient 3× 1 column vector, where t stands for ’transpose’.
In terms of these newly defined objects, Equation (5) can be rewritten as

Y = M c (6)

that can be solved, in the LSQ sense, as
^
c = M+ Y (7)

where M+ = (Mt M)
−1Mt is the Moore–Penrose pseudoinverse (size 3×N), and

^
c denotes that the

coefficients obtained by this procedure are a least-squares estimation, rather than an exact solution.
Besides the option of calculating M+ using the explicit formula indicated above, most commonly
available mathematical software packages provide efficient built-in routines for computing the
pseudoinverse of M, generally based on singular value decomposition (SVD) algorithms.

In practice, it is often convenient to slightly reformulate this problem in terms of dimensionless
quantities. This situation arises when one wishes to compute the (cR, cG, cB) coefficients from lamp
spectral data expressed in homogenous but otherwise arbitrary units. To that end, it is advantageous
to normalize all weighted integrals to one of them, e.g., G, such that Equation (3) becomes

Y/G = cRR/G + cBB/G + cG (8)

This expression lends itself well to graphical display since the dimensionless quantities
(R/G, B/G, Y/G) can be interpreted as the (x, y, z) coordinates of a point representing a lamp
in a three-dimensional (3D) space. All lamps in the database then form a cloud of points in this space.
From this standpoint Equation (8) is the equation of a plane, and, for the whole set of lamps, finding
the optimum (cR, cG, cB) coefficients is equivalent to the problem of finding the plane that best fits
the cloud of points. The procedure to solve this issue is completely analogous to the one outlined
above. Let us define the G-normalized vectors YG = Y./G, RG = R./G, and BG = B./G, where
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the symbol ”./” denotes division element by element, such that Equation (8) in vector form can be
rewritten as YG = cRRG + cBBG + cG. Defining now the N × 3 system matrix MG = [RG 1 BG], the set

of Equations (6) becomes YG = MG c, that can be solved in the LSQ sense as
^
c = M+

G YG by means of

the pseudoinverse MG+ = (MG
t MG)

−1MG
t. The coefficients

^
c thus determined are identical to the

ones obtained using Equation (7).
In Section 3 we will take advantage of this G-normalized formulation to represent the results

as two-dimensional scatter plots of Y/G versus the independent variable X = cRR/G + cBB/G + cG.
Note that, by definition, the straight line fit of Y/G versus X has unit slope and zero intercept. Note
also that once the (cR, cG, cB) coefficients have been determined, the absolute, non-normalized value of
Y for any lamp can be immediately obtained by multiplying its Y/G by its value of G.

2.3. Lamp Spectra Database

A total of 205 lamp spectra, comprising 28 compact fluorescent (CFL), 7 ceramic metal-halide
(CMH), 3 T-type fluorescent (FL), 31 halogen (HAL), 6 high-pressure sodium vapor (HPS), 17
incandescent (INC), 97 light-emitting diode (LED) with CCT in the range 1900–7400 K, 15 metal
halide (MH), and 1 mercury vapor (MV) lamps with native 5 nm wavelength resolution were used
for this work. These belong to two different spectral libraries, the LSPDD database [52] and the LICA
UCM spectra database [53]. Whereas the former consists of spectra measured in the laboratory, the
latter relies mainly on field measurements of the spectra of outdoor lights. All spectra were linearly
interpolated to 0.5 nm intervals before performing the required weighted integrations.

3. Results

The synthetic photometry calculations described by Equations (1) and (2) were performed for
all the lamps contained in the sample used in this study. The results, displayed as point clouds in
the G-normalized 3D space (R/G, B/G, Y/G) are shown in the left-hand column of Figure 3 for the
cyanopic, melanopic, rhodopic, chloropic, and erythropic band-weighted radiances. These clouds
of points can be fitted with reasonable efficacy by planes of the type described by Equation (8),
determining the fit coefficients (cR, cG, cB) by the procedures above described. The results are displayed
in the right-hand column of Figure 1, where the values of Y/G are plotted against the independent
variable defined by optimum linear combination X = cRR/G + cBB/G + cG. Table 1 summarizes the
coefficient values and the standard deviation of the residuals of the fits.

Table 1. Optimum fitting coefficients 1 of Y = cRR + cGG + cBB for the five human photoreceptors.

Band/Coefficients cR cG cB Residuals (std)

Cy −0.0812(3) 0.0164(5) 0.7528(5) 0.0527
Me −0.0156(3) 0.2147(5) 0.7374(5) 0.0409
Rh −0.1090(5) 0.6727(7) 0.5023(7) 0.0358
Ch 0.1807(7) 1.0166(11) 0.0815(10) 0.0183
Ery 0.6939(8) 0.8999(13) −0.1029(11) 0.0270

1 Note that these coefficients strictly apply to the particular lamp dataset used in this study. Samples with different
lamp composition may require the use of different fitting coefficient values. The n-digit values in parentheses
represent the standard deviation of the last n-digits of each fitting coefficient, due to the propagation of the
uncertainties in the measurements of the lamp spectra, for a signal-to-noise ratio of 100:1.
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4. Discussion

Our results suggest that the band-weighted radiances in the photoreceptoral bands Cy(λ), Me(λ),
Rh(λ), Ch(λ), and Er(λ) can be estimated (in a least-squares sense) with reasonable precision from the
R, G, and B weighted radiances. This opens the way for using calibrated off-the-shelf DSLR cameras to
estimate, from the raw RGB images, the at-the-sensor cyanopic, melanopic, rhodopic, chloropic, and
erythropic radiances. These are presently deemed to be the fundamental inputs required to describe
the non-image-forming effects of light on human physiology. This work further develops the recently
published [51], by taking advantage of the non-redundant information contained in the three RGB
bands to find the optimal estimations of these physiologically relevant quantities.

The relative sizes of the (cR, cG, cB) coefficients in Table 1 are roughly indicative of the closeness of
each photoreceptoral band to the R(λ), G(λ), and B(λ) ones. In those cases where one of the coefficients
is much smaller than the other two, the two independent variables fit Y/G = cRR/G+ cBB/G+ cG can
be satisfactorily approached by one variable fits as, e.g., Y/G = cRR/G + cG or Y/G = cBB/G + cG,
depending on the case, an approach that was basically followed in [51] although using different
variable normalizations (i.e., G/R and B/G, respectively). The two independent variables fitting
procedure presented in this work allows, however, for reducing the fit residuals at no relevant additional
computational cost.

At first glance, the chloropic/G vs. X fit in the right-hand column of Figure 3 could seem to be
slightly worse than the remaining ones. Note, however, that the vertical axis of this figure spans a
range of values noticeably smaller than those of the other plots. Indeed, this fit is the one with smallest
residuals (see Table 1 for Ch). Besides, the cR and cB coefficients are noticeably smaller than cG, which
in turn is of order 1. The reason is that the chloropic and G spectral sensitivity curves are very similar,
so that the chloropic exposure turns out to be mostly determined by G, with some minor R and B
adjustments to account for the different spectral content of the different types of lamps.

With regard to the negative sign of several of the fitting coefficients in Table 1, note that we are
working in a (R/G, B/G, Y/G) space, each point of which corresponds to a given lamp spectral signature,
irrespective of its absolute radiant flux. The set of lamps under consideration also does not completely
fill the whole 3D space. Rather, the lamp points are contained within a bounded subspace, which
turns out to be satisfactorily approximated by a 2D surface (in our case, and as a first fitting option, a
plane). Moving from any point of this subspace to a neighboring one with higher value of R/G means
considering a new lamp whose spectrum has comparatively more power within the R band (relative to
the G one) than the original spectrum. Whether a given alfa-opic Y/G ratio will increase or decrease
as a consequence of this change (or, equivalently, whether its cR fitting coefficient will be positive or
negative) will depend on whether the new spectrum has comparatively more or less power in the
alfa-opic Y band (relative to G) than had the original one. For typical lamp spectra it would not be
unexpected that an increase of R/G could give rise to an effective decrease of the Y/G ratio for some
alfa-opic channels centered in the blue region of the spectrum. This is consistent with the negative
values of the cR coefficients for the Cy, Me, and Rh channels found in Table 1. The same effect (but
swapping the spectral regions) could be expected for the cB coefficient of the Er channel, as is also
observed in this Table. Therefore, negative fitting coefficients simply reflect the fact that, for the set of
common lamp technologies used in this study, the cloud of points in the (R/G, B/G, Y/G) space is well
fitted by a plane tilted toward the spectral region where the alfa-opic channel is centered. Negative
values of the Y/G exposures are avoided because these fitting coefficients are only valid for the range
of (R/G, B/G) defined by the sample of lamps. Any extrapolation of the Y/G fits outside this (R/G, B/G)
subdomain is in principle not allowed.

Note that although we have chosen the spectral radiance L(λ) as the most appropriate input
function due to its basic role in radiometry, the formal developments described in this paper can equally
be applied, as previously mentioned, to any radiant magnitude of interest (e.g., the spectral irradiance,
the radiant flux, or the radiant exposure) with no change in the expressions nor in the algebraic
procedures. It has become a customary practice in experimental studies of non-image-forming effects
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of light to report as input variable the spectral irradiance at the corneal vertex plane, instead of the most
basic spectral radiance. This corneal spectral irradiance is taken as a proxy for the spectral irradiance
incident on the photoreceptors (after pre-receptoral filtering has been conveniently accounted for). As a
matter of fact, however, the actual validity of this proxy depends on choosing very specific experimental
illumination conditions. In the general case it is the corneal radiance and not the corneal irradiance
that determines the retinal irradiances and, consequently, the actual photoreceptor exposures.

The present study has been made for the alfa-opic spectral sensitivity functions defined in [16,17].
CIE has recently issued a new standard (S 026/E:2018) for the metrology of optical radiation for
ipRGC-influenced responses to light [54], where slightly different cone and rod sensitivity functions
are proposed (their alfa-opic curves are replaced by the very similar S-, L-, and M- cone fundamentals,
and the scotopic sensitivity curve), whereas the ipRGC (melanopic) function remains unchanged.
The method described here can be adapted with no difficulty to this similar set of spectral curves.

Three main restrictions limit the scope of this work. First, only first order linear regressions have
been used to determine the optimum Y versus R, G, and B estimators. Other approaches involving
higher powers of R, G, and B could additionally be considered, with the proviso that over-fitting has
to be avoided. Second, our study has been restricted to the spectra of a large but particular series of
lamps widely used in lighting applications, both indoor and outdoor. Note that the R, G, and B to
alfa-opic conversion coefficients obtained by linear fits are dependent on the statistical composition of
the lamp sample, hence the values provided in Table 1 are applicable to the particular mixture used in
our example (mostly composed of LED with low presence of HPS sources), and its validity for other
lamp compositions should not be taken for granted. It is advisable that researchers using this approach
recalculate the (cR, cG, cB) according to the a priori knowledge available about the relative percentage
of each lamp type in their actual samples. Third, actual human light exposure does not depend only
on the lamp spectra, but also on the spectral reflectance of the environment surrounding the observer
(walls, façades, etc.). The key role of the environment in shaping the resulting spectral irradiance
at the entrance pupil of the observer’s eyes has been theoretically and experimentally verified [55].
Wide-field DSLR panoramic images have the potential to provide estimates of the overall corneal
band-weighted irradiance by means of the solid-angle integration of the radiance contributions of each
pixel located in the hemisphere in front of the observer. In this way, we can account for the fact that not
only the direct light from the sources but also the light reflected from the walls and other material
media around the observer contributes to building up the total light exposure. Evaluating the DSLR
performance for this application remains the subject of future work.

Notwithstanding these limitations, our results suggest that RGB photometry with DSLR cameras
can be a useful technique for obtaining relevant information on the physiological inputs to the eye in
the lit nightscape. Although DSLR cameras cannot compete in spectral resolution with hyperspectral
devices such as the ones that have been successfully employed in this field of research (see [56]
regarding the use of hyperspectral cameras for urban lamp identification in New York and [57] for
their application to the determination of the streetlights band-weighted radiances, Cy, Me, Rh, Ch,
and Er in the Barcelona nightscape and the resulting band-weighted irradiances at the eyes of the city
dwellers), DSLR cameras offer clear advantages in terms of overall sensitivity and cost, with the same
high angular resolution capability. The fact that a high number of photographers, astrophotographers,
and citizen scientists alike, besides the professional light pollution research community, are frequent
DSLR users can help to significantly expand the present capacity of acquiring extensive datasets for
assessing physiological responses, which is information of key importance for epidemiologic studies
addressing the health effects of human exposure to light at night.

Author Contributions: Conceptualization, A.S.d.M. and S.B.; methodology, A.S.d.M., S.B., J.Z. and N.C.; synthetic
photometry software developed by S.B., A.S.d.M. and N.C.; validation, S.B. and A.S.d.M.; formal analysis, A.S.d.M.
and S.B.; investigation, A.S.d.M., M.A., C.E.T. and S.B.; resources, M.A., J.Z., C.E.T. and A.S.d.M.; data curation,
M.A., J.Z., C.E.T., and A.S.d.M.; writing—original draft preparation, S.B. and A.S.d.M.; writing—review and
editing, S.B., A.S.d.M., M.A., N.C., J.Z. and K.J.G.; visualization, S.B.; supervision, S.B., A.S.d.M., J.Z. and K.J.G.;



J. Imaging 2019, 5, 49 10 of 12

project administration, S.B., M.A., J.Z., A.S.d.M., and K.J.G.; funding acquisition, S.B., M.A., J.Z., A.S.d.M., and
K.J.G. Criteria of “CRediT taxonomy” is used.

Funding: We acknowledge the support of the Spanish Network for Light Pollution Studies (MINECO
AYA2011-15808-E) and also from ACTION, a project funded by the European Union H2020-SwafS-2018-1-824603.
This work has been partially funded by the Spanish MICINN, (AYA2016–75808–R), by the Madrid
Regional Government through the TEC2SPACE-CM Project (P2018/NMT-4291), by Xunta de Galicia/FEDER
(grant ED431B 2017/64), by the EMISSI@N project (NERC grant NE/P01156X/1) and the ORISON project
(H2020-INFRASUPP-2015-2), the Cities at Night project, the European Union’s Horizon 2020 research and
innovation program under grant agreement no. 689443 via project GEOEssential, FPU grant from the Ministerio
de Ciencia y Tecnologia and F. Sánchez de Miguel.

Conflicts of Interest: The authors declare no conflict of interest. The funders had no role in the design of the
study; in the collection, analyses, or interpretation of data; in the writing of the manuscript, or in the decision to
publish the results.

References

1. Pauley, S.M. Lighting for the human circadian clock: Recent research indicates that lighting has become a
public health issue. Med. Hypotheses 2004, 63, 588–596. [CrossRef] [PubMed]

2. IARC (International Agency for Research on Cancer). Painting, Firefighting, and Shiftwork: IARC Monographs
on the Evaluation of Carcinogenic Risks to Humans; World Health Organization: Lyon, France, 2010; Volume 98,
p. 764.

3. AMA (American Medical Association). Light Pollution: Adverse health effects of nighttime lighting. In
Proceedings of the American Medical Association House of Delegates, 161st Annual Meeting, Chicago, IL,
USA, 16–20 June 2012; pp. 265–279.

4. Haim, A.; Portnov, B. Light Pollution as a New Risk Factor for Human Breast and Prostate Cancers; Springer:
Heidelberg, Germany, 2013. [CrossRef]

5. Stevens, R.G.; Brainard, G.C.; Blask, D.E.; Lockley, S.W.; Motta, M.E. Breast Cancer and Circadian Disruption
From Electric Lighting in the Modern World. CA Cancer J. Clin. 2014, 64, 207–218. [CrossRef]

6. Fonken, L.K.; Nelson, R.J. The Effects of Light at Night on Circadian Clocks and Metabolism. Endocr. Rev.
2014, 35, 648–670. [CrossRef] [PubMed]

7. Zubidat, A.E.; Haim, A. Artificial light-at-night—A novel lifestyle risk factor for metabolic disorder and
cancer morbidity. J. Basic Clin. Physiol. Pharmacol. 2017, 28, 295–313. [CrossRef]

8. Touitou, Y.; Reinberg, A.; Touitou, D. Association between light at night, melatonin secretion, sleep
deprivation, and the internal clock: Health impacts and mechanisms of circadian disruption. Life Sci. 2017,
173, 94–106. [CrossRef]

9. Russart, K.L.G.; Nelson, R.J. Light at night as an environmental endocrine disruptor. Physiol. Behav. 2018,
190, 82–89. [CrossRef]

10. Provencio, I.; Rodriguez, I.R.; Jiang, G.; Hayes, W.P.; Moreira, E.F.; Rollag, M.D. A Novel Human Opsin in
the Inner Retina. J. Neurosci. 2000, 20, 600–605. [CrossRef]

11. Brainard, G.C.; Hanifin, J.P.; Greeson, J.M.; Byrne, B.; Glickman, G.; Gerner, E.; Rollag, M.D. Action spectrum
for melatonin regulation in humans: Evidence for a novel circadian photoreceptor. J. Neurosci. 2001, 21,
6405–6412. [CrossRef]

12. Hattar, S.; Liao, H.-W.; Takao, M.; Berson, D.M.; Yau, K.-W. Melanopsin-Containing Retinal Ganglion Cells:
Architecture, Projections, and Intrinsic Photosensitivity. Science 2002, 295, 1065–1070. [CrossRef]

13. Berson, D.M.; Dunn, F.A.; Takao, M. Phototransduction by retinal ganglion cells that set the circadian clock.
Science 2002, 295, 1070–1073. [CrossRef]

14. Rea, M.S.; Figueiro, M.G.; Bullough, J.D.; Bierman, A. A model of phototransduction by the human circadian
system. Brain Res. Rev. 2005, 50, 213–228. [CrossRef]

15. Rea, M.S.; Figueiro, M.G.; Bierman, A.; Hamner, R. Modeling the spectral sensitivity of the human circadian
system. Light. Res. Technol. 2012, 44, 386–396. [CrossRef]

16. Lucas, R.J.; Peirson, S.N.; Berson, D.M.; Brown, T.M.; Cooper, H.M.; Czeisler, C.A.; Figueiro, M.G.; Gamlin, P.D.;
Lockley, S.W.; O’Hagan, H.B.; et al. Measuring and using light in the melanopsin age. Trends Neurosci. 2014,
37, 1–9. [CrossRef]

17. CIE (Commission Internationale de l’Eclairage). Publication TN 003:2015 Report on the First International
Workshop on Circadian and Neurophysiological Photometry, 2013; CIE: Vienna, Austria, 2015.

http://dx.doi.org/10.1016/j.mehy.2004.03.020
http://www.ncbi.nlm.nih.gov/pubmed/15325001
http://dx.doi.org/10.1007/978-94-007-6220-6
http://dx.doi.org/10.3322/caac.21218
http://dx.doi.org/10.1210/er.2013-1051
http://www.ncbi.nlm.nih.gov/pubmed/24673196
http://dx.doi.org/10.1515/jbcpp-2016-0116
http://dx.doi.org/10.1016/j.lfs.2017.02.008
http://dx.doi.org/10.1016/j.physbeh.2017.08.029
http://dx.doi.org/10.1523/JNEUROSCI.20-02-00600.2000
http://dx.doi.org/10.1523/JNEUROSCI.21-16-06405.2001
http://dx.doi.org/10.1126/science.1069609
http://dx.doi.org/10.1126/science.1067262
http://dx.doi.org/10.1016/j.brainresrev.2005.07.002
http://dx.doi.org/10.1177/1477153511430474
http://dx.doi.org/10.1016/j.tins.2013.10.004


J. Imaging 2019, 5, 49 11 of 12

18. Cinzano, P.; Falchi, F.; Elvidge, C. The first world atlas of the artificial night sky brightness. Mon. Not. R.
Astron. Soc. 2001, 328, 689–707. [CrossRef]

19. Cinzano, P.; Elvidge, C.D. Night sky brightness at sites from DMSP-OLS satellite measurements. Mon. Not.
R. Astron. Soc. 2004, 353, 1107–1116. [CrossRef]

20. Kyba, C.C.M.; Tong, K.P.; Bennie, J.; Birriel, I.; Birriel, J.J.; Cool, A.; Danielsen, A.; Davies, T.W.; den Outer, P.N.;
Edwards, W.; et al. Worldwide variations in artificial skyglow. Sci. Rep. 2015, 5, 8409. [CrossRef]

21. Estrada-García, R.; García-Gil, M.; Acosta, L.; Bará, S.; Sanchez de Miguel, A.; Zamorano, J. Statistical
modelling and satellite monitoring of upward light from public lighting. Light. Res. Technol. 2016, 48,
810–822. [CrossRef]

22. Falchi, F.; Cinzano, P.; Duriscoe, D.; Kyba, C.C.M.; Elvidge, C.D.; Baugh, K.; Portnov, B.A.; Rybnikova, N.A.;
Furgoni, R. The new world atlas of artificial night sky brightness. Sci. Adv. 2016, 2, e1600377. [CrossRef]

23. Kyba, C.C.M.; Kuester, T.; Sánchez de Miguel, A.; Baugh, K.; Jechow, A.; Hölker, F.; Bennie, J.; Elvidge, C.D.;
Gaston, K.J.; Guanter, L. Artificially lit surface of Earth at night increasing in radiance and extent. Sci. Adv.
2017, 3, e1701528. [CrossRef]

24. Duriscoe, D.M.; Anderson, S.J.; Luginbuhl, C.B.; Baugh, K.E. A simplified model of all-sky artificial sky glow
derived from VIIRS Day/Night band data. J. Quant. Spectrosc. Radiat. Transf. 2018, 214, 133–145. [CrossRef]

25. Kumar, P.; Rehman, S.; Sajjad, H.; Tripathy, B.R.; Rani, M.; Singh, S. Analyzing trend in artificial light pollution
pattern in India using NTL sensor’s data. Urban Clim. 2019, 27, 272–283. [CrossRef]

26. Miller, S.; Straka, W.; Mills, S.; Elvidge, C.; Lee, T.; Solbrig, J.; Walther, A.; Heidinger, A.; Weiss, S. Illuminating
the capabilities of the suomi national polar-orbiting partnership (NPP) visible infrared imaging radiometer
suite (VIIRS) day/night band. Remote Sens. 2013, 5, 6717–6766. [CrossRef]

27. Elvidge, C.D.; Baugh, K.; Zhizhin, M.; Hsu, F.C. Why VIIRS data are superior to DMSP for mapping nighttime
lights. Proc. Asia-Pac. Adv. Netw. 2013, 35, 62–69. [CrossRef]

28. Elvidge, C.D.; Baugh, K.; Zhizhin, M.; Hsu, F.C.; Ghosh, T. VIIRS night-time lights. Int. J. Remote Sens. 2017,
38, 5860–5879. [CrossRef]

29. Hsu, F.-C.; Baugh, K.E.; Ghosh, T.; Zhizhin, M.; Elvidge, C.D. DMSP-OLS Radiance Calibrated Nighttime
Lights Time Series with Intercalibration. Remote Sens. 2015, 7, 1855–1876. [CrossRef]

30. Jiang, W.; He, G.; Long, T.; Guo, H.; Yin, R.; Leng, W.; Liu, H.; Wang, G. Potentiality of Using Luojia 1-01
Nighttime Light Imagery to Investigate Artificial Light Pollution. Sensors 2018, 18, 2900. [CrossRef]

31. Stefanov, W.L.; Evans, C.A.; Runco, S.K.; Wilkinson, M.J.; Higgins, M.D.; Willis, K. Astronaut Photography:
Handheld Camera Imagery from Low Earth Orbit. In Handbook of Satellite Applications; Pelton, J.N., Madry, S.,
Camacho-Lara, S., Eds.; Springer International Publishing: New York, NY, USA, 2017. [CrossRef]

32. Sánchez de Miguel, A. Spatial, Temporal and Spectral Variation of the Light Pollution and its Sources:
Methodology and Results. PhD Thesis, Universidad Complutense de Madrid, Madrid, Spain, 2015.
[CrossRef]

33. Kyba, C.C.M.; Garz, S.; Kuechly, H.; Sánchez de Miguel, A.; Zamorano, J.; Fischer, J.; Hölker, F. High-Resolution
Imagery of Earth at Night: New Sources, Opportunities and Challenges. Remote Sens. 2015, 7, 1–23. [CrossRef]

34. Zheng, Q.; Weng, Q.; Huang, L.; Wang, K.; Deng, J.; Jiang, R.; Ye, Z.; Gan, M. A new source of multi-spectral
high spatial resolution night-time light imagery—JL1-3B. Remote Sens. Environ. 2018, 215, 300–312. [CrossRef]

35. Hänel, A.; Posch, T.; Ribas, S.J.; Aubé, M.; Duriscoe, D.; Jechow, A.; Kollath, Z.; Lolkema, D.E.; Moore, C.;
Schmidt, N.; et al. Measuring night sky brightness: Methods and challenges. J. Quant. Spectrosc. Radiat.
Transf. 2018, 205, 278–290. [CrossRef]

36. Jechow, A.; Kolláth, Z.; Lerner, A.; Hölker, F.; Hänel, A.; Shashar, N.; Kyba, C.C.M. Measuring Light
Pollution with Fisheye Lens Imagery from A Moving Boat, A Proof of Concept. Available online: https:
//arxiv.org/abs/1703.08484 (accessed on 22 March 2017).

37. Jechow, A.; Ribas, S.J.; Canal-Domingo, R.; Hölker, F.; Kolláth, Z.; Kyba, C.C.M. Tracking the dynamics of
skyglow with differential photometry using a digital camera with fisheye lens. J. Quant. Spectrosc. Radiat.
Transf. 2018, 209, 212–223. [CrossRef]

38. Jechow, A. Observing the Impact of WWF Earth Hour on Urban Light Pollution: A Case Study in Berlin 2018
Using Differential Photometry. Sustainability 2019, 11, 750. [CrossRef]

39. Kolláth, Z.; Dömény, A. Night sky quality monitoring in existing and planned dark sky parks by digital
cameras. Int. J. Sustain. Light. 2017, 19, 61–68. [CrossRef]

http://dx.doi.org/10.1046/j.1365-8711.2001.04882.x
http://dx.doi.org/10.1111/j.1365-2966.2004.08132.x
http://dx.doi.org/10.1038/srep08409
http://dx.doi.org/10.1177/1477153515583181
http://dx.doi.org/10.1126/sciadv.1600377
http://dx.doi.org/10.1126/sciadv.1701528
http://dx.doi.org/10.1016/j.jqsrt.2018.04.028
http://dx.doi.org/10.1016/j.uclim.2018.12.005
http://dx.doi.org/10.3390/rs5126717
http://dx.doi.org/10.7125/APAN.35.7
http://dx.doi.org/10.1080/01431161.2017.1342050
http://dx.doi.org/10.3390/rs70201855
http://dx.doi.org/10.3390/s18092900
http://dx.doi.org/10.1007/978-3-319-23386-4_39
http://dx.doi.org/10.5281/zenodo.1289932
http://dx.doi.org/10.3390/rs70100001
http://dx.doi.org/10.1016/j.rse.2018.06.016
http://dx.doi.org/10.1016/j.jqsrt.2017.09.008
https://arxiv.org/abs/1703.08484
https://arxiv.org/abs/1703.08484
http://dx.doi.org/10.1016/j.jqsrt.2018.01.032
http://dx.doi.org/10.3390/su11030750
http://dx.doi.org/10.26607/ijsl.v19i1.70


J. Imaging 2019, 5, 49 12 of 12

40. Jechow, A.; Hölker, F.; Kyba, C.M.M. Using all-sky differential photometry to investigate how nocturnal
clouds darken the night sky in rural areas. Sci. Rep. 2019, 9, 1391. [CrossRef]

41. Dobler, G.; Ghandehari, M.; Koonin, S.E.; Nazari, R.; Patrinos, A.; Sharma, M.S.; Tafvizi, A.; Vo, H.T.;
Wurtele, J.S. Dynamics of the urban nightscape. Inf. Syst. 2015, 54, 115–126. [CrossRef]

42. Bará, S.; Rodríguez-Arós, A.; Pérez, M.; Tosar, B.; Lima, R.C.; Sánchez de Miguel, A.; Zamorano, J. Estimating
the relative contribution of streetlights, vehicles, and residential lighting to the urban night sky brightness.
Light. Res. Technol. 2018. [CrossRef]

43. Meier, J. Temporal profiles of urban lighting: Proposal for a research design and first results from three sites
in Berlin. Int. J. Sustain. Light. 2018, 20, 11–28. [CrossRef]

44. Kloog, I.; Haim, A.; Stevens, R.G.; Barchana, M.; Portnov, B.A. Light at night co-distributes with incident
breast but not lung cancer in the female population of Israel. Chronobiol. Int. 2008, 25, 65–81. [CrossRef]

45. Kloog, I.; Haim, A.; Stevens, R.G.; Portnov, B.A. Global co-distribution of light at night (LAN) and cancers of
prostate, colon, and lung in men. Chronobiol. Int. 2009, 26, 108–125. [CrossRef]

46. Portnov, B.A.; Stevens, R.G.; Samociuk, H.; Wakefield, D.; Gregorio, D.I. Light at night and breast cancer
incidence in Connecticut: An ecological study of age group effects. Sci. Total Environ. 2016, 572, 1020–1024.
[CrossRef]

47. Rybnikova, N.A.; Haim, A.; Portnov, B.A. Is prostate cancer incidence worldwide linked to artificial light at
night exposures? Review of earlier findings and analysis of current trends. Arch. Environ. Occup. Health
2016, 72, 111–122. [CrossRef]

48. Rybnikova, N.; Portnov, B.A. Outdoor light and breast cancer incidence: A comparative analysis of DMSP
and VIIRS-DNB satellite data. Int. J. Remote Sens. 2016, 38, 5952–5961. [CrossRef]

49. Rybnikova, N.; Portnov, B.A. Population-level study links short-wavelength nighttime illumination with
breast cancer incidence in a major metropolitan area. Chronobiol. Int. 2018, 35, 1198–1208. [CrossRef]

50. Garcia-Saenz, A.; Sánchez de Miguel, A.; Espinosa, A.; Valentin, A.; Aragones, N.; Llorca, J.; Amiano, P.;
Sanchez, V.M.; Guevara, M.; Capelo, R.; et al. Evaluating the association between artificial light-at-night
exposure and breast and prostate cancer risk in Spain (MCC-Spain study). Environ. Health Perspect. 2018,
126, 047011. [CrossRef]

51. Sánchez de Miguel, A.; Kyba, C.C.M.; Aubé, M.; Zamorano, J.; Cardiel, N.; Tapia, C.; Bennie, J.; Gaston, K.J.
Colour remote sensing of the impact of artificial light at night (I): The potential of the International Space
Station and other DSLR-based platforms. Remote Sens. Environ. 2019, 224, 92–103. [CrossRef]

52. Sánchez de Miguel, A.; Aubé, M.; Zamorano, J.; Kocifaj, M.; Roby, J.; Tapia, C. Sky quality meter measurements
in a colour-changing world. Mon. Not. R. Astron. Soc. 2017, 467, 2966–2979. [CrossRef]

53. Tapia, C.; Sánchez de Miguel, A.; Zamorano, J. LICA-UCM Lamps Spectral Database 2.6. 2017. Available
online: http://guaix.fis.ucm.es/lamps_spectra (accessed on 15 April 2019).

54. CIE (Commission Internationale de l’Eclairage). CIE S 026/E:2018. CIE System for Metrology of Optical Radiation
for ipRGC-Influenced Responses to Light; CIE: Wien, Austria, 2018.

55. Bará, S.; Escofet, J. On lamps, walls, and eyes: The spectral radiance field and the evaluation of light pollution
indoors. J. Quant. Spectrosc. Radiat. Transf. 2018, 205, 267–277. [CrossRef]

56. Dobler, G.; Ghandehari, M.; Koonin, S.E.; Sharma, M.S. A hyperspectral survey of New York City lighting
technology. Sensors 2016, 16, 2047. [CrossRef]

57. Alamús, R.; Bará, S.; Corbera, J.; Escofet, J.; Palà, V.; Pipia, L.; Tardà, A. Ground-based hyperspectral analysis
of the urban nightscape. ISPRS J. Photogramm. Remote Sens. 2017, 124, 16–26. [CrossRef]

© 2019 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
article distributed under the terms and conditions of the Creative Commons Attribution
(CC BY) license (http://creativecommons.org/licenses/by/4.0/).

http://dx.doi.org/10.1038/s41598-018-37817-8
http://dx.doi.org/10.1016/j.is.2015.06.002
http://dx.doi.org/10.1177/1477153518808337
http://dx.doi.org/10.26607/ijsl.v19i2.82
http://dx.doi.org/10.1080/07420520801921572
http://dx.doi.org/10.1080/07420520802694020
http://dx.doi.org/10.1016/j.scitotenv.2016.08.006
http://dx.doi.org/10.1080/19338244.2016.1169980
http://dx.doi.org/10.1080/01431161.2016.1246778
http://dx.doi.org/10.1080/07420528.2018.1466802
http://dx.doi.org/10.1289/EHP1837
http://dx.doi.org/10.1016/j.rse.2019.01.035
http://dx.doi.org/10.1093/mnras/stx145
http://guaix.fis.ucm.es/lamps_spectra
http://dx.doi.org/10.1016/j.jqsrt.2017.09.022
http://dx.doi.org/10.3390/s16122047
http://dx.doi.org/10.1016/j.isprsjprs.2016.12.004
http://creativecommons.org/
http://creativecommons.org/licenses/by/4.0/.

	Introduction 
	Materials and Methods 
	Photoreceptoral and RGB Spectrally-Weighted Radiant Quantities 
	Linear Estimation of the Photoreceptoral Weighted Radiances from RGB Signals 
	Lamp Spectra Database 

	Results 
	Discussion 
	References

