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Abstract

Spectral reflectance is often derived from a sequence of
images acquired under different, narrowband, infinitely far
away illuminants, which means their intensity is constant
throughout the scene. When small LEDs, located close to
the target are used the light intensity becomes scene depth
dependent. We propose to use an RGB+depth camera which
lets us model the spatial light intensity falloff and conse-
quently reliably recover scene reflectance irrespectively of
the object’s distance to the light source. The algorithm in-
cluding the effects of illuminant non-uniformities allows us
to achieve RMS error performance comparable to systems
using distant light sources.

1. Introduction

Spectral reflectance describes the ratio between the in-
cident and reflected light intensity at different wavelengths.
The reflectance spectrum is an intrinsic property of the ma-
terial and therefore it is much more informative that just its
RGB image. This additional information can be used for
image analysis and classification purposes and can be help-
ful in a variety of computer vision tasks in fields such as
biology, medicine or industrial quality control [1, 3].

One popular method to estimate spectral reflectance is
to acquire images of a scene with an RGB camera and
with a small number of narrowband lights. The reflectance
can be derived by solving an inverse estimation problem,
provided the spectral characteristics of the camera and the
light sources are known. So far all implementations of this
method operated under the assumption that the narrowband
lights are infinitely far away, and consequently the light in-
tensity is constant and invariant across the imaged scene
[4, 5]. This condition is clearly violated when point sources,
such as LEDs, located close to the target scene are used
instead. At a particular spatial location the light intensity
emitted form a point source depends on its distance from

this light source. This means that the light intensity distri-
bution depends on the scene geometry and cannot be cali-
brated for in advance. There are many applications where
applications where point light sources are used, and hence
light falloff models are indispensable for correct reflectance
estimation. One example is the medical field where en-
doscopes, laparoscopes or microscopes use their own LED
source [2].

In this paper we address the problem of non-uniform illu-
minant energy distribution in the observed scene. Our solu-
tion adds a depth sensing camera the original active illumi-
nation reflectance estimation setup. This additional compo-
nent will allow to measure the distance between the imaged
object and the light source and model the spatial light inten-
sity falloff thus providing a reliable light intensity estimate
for every image pixel. To the best of our knowledge this
is the first hardware system and estimation algorithm that
allows to reliably recover scene reflectance under illumina-
tion from point sources.

2. Reflectance estimation

The linear image formation model [10] is used in all
active illumination reflectance estimation systems. This
model allows to express the measured pixel intensity mij

captured by a camera as a linear function of the illuminant
intensity lj and the scene reflectance r

mij = gij

Λ∑
λ=1

qλci,λrλlj,λ, (1)

where qe is the sensor quantum efficiency and ci is the trans-
missivity of the ith color filter. The scalar gij represents
the effects of cameras ISO gain, exposure duration, aper-
ture setting and spectral sampling step. Furthermore, real
world reflectances are smooth and slowly varying functions,
therefore they are often approximated with a small number



of linear basis functions [6]

r =

K∑
k=1

bkwr,k = Brwr, (2)

where bk is the kth reflectance basis function and wr,k is
the corresponding weight. When a particular surface is im-
aged through I filters and under J illuminants, the surface
reflectance may be estimated by solving an inverse problem
[4]

minimize ‖M − CTdiag(Brwr)L‖2F + δ‖RBrwr‖22
subject to 0 ≤ Brwr ≤ 1, (3)

whereR is a bi-diagonal matrix computing the discrete, first
order difference. The first term of the objective function
represents how well the model fits the data. It is supple-
mented by a penalty, adjusted with a scalar δ, on solutions
with large variations. Finally, the solution space is restricted
to nonnegative vectors with entries no larger than one. This
constraint follows from the fact that light is a non-negative
quantity and that passive surfaces cannot generate new pho-
tons.

The image formation model (5) is accurate only when
the light source is infinitely far away, in which case the light
intensity is constant and independent of the position in the
scene. This assumption is violated when point sources close
to the imaged scene are used. The light intensity Id at some
distance d from the point source is governed by the inverse-
square law and can be expressed as [7]

Id =
I0
d2
. (4)

The effects of this phenomenon are illustrated in Figure 1
which shows an image of a white test target placed at
four different distances away from the camera and the light
source. The overlay shows green channel intensity profiles
measured along a single scan line marked in cyan. There
is a clear difference between pixel intensities in the close
and far away images, as the far away image is much darker
than the close one. Furthermore, there is a large amount of
intensity variation even across the same planar surface.

In addition, the perceived intensity of a point on a surface
will also depend on the surface orientation and will depend
on the the angle between the surface normal and a vector
directed towards the light source. The augmented image
formation model, including the light intensity falloff and
surface orientation effects becomes

mij = gij cos θ
Λ∑
λ=1

qλci,λrλ
l0j,λ
d2

, (5)

where θ is the angle between the surface normal and the unit
vector pointing from the surface towards the light source.

3. Intensity estimation
It is important to note that the depth d in (4) is not the

distance between the scene and the camera, but rather then
distance between the light source and the camera. For this
reason, in order to correctly estimate the distance light trav-
els, it is necessary to know the position of the light source,
relative to the camera. Let dcam represent a distance between
a point in the scene and the camera, and t be the position of
the point source with respect to the camera, then

d2 = d2
cam + t2 − 2dcamt cosφ, (6)

where φ is the angle between the lines joining the point in
the scene with the camera and the light source and the cam-
era.

Given a point source an iso-intensity surface forms a
sphere centered at the light position in 3D space. There-
fore, given a set of equal light intensity points 3D coordi-
nates, the position of the sphere (xs, ys, zs) and its radius d
can be found by minimizing [9]

minimize
∑
i

‖
√
(xc − xi)2 + (yc − yi)2 + (zc − zi)2 − d‖22.

(7)

The localization process can be made more robust by ob-
serving that all iso-intensity spheres will differ by their radii
only and that the radii are related through point intensities

I1
I2

=

(
d2

d1

)2

. (8)

This means that the center and the radius can be fitted to
multiple iso-intensity clouds of 3D points at the same time,
as long as the corresponding radii are scaled accordingly

minimize
∑
i

‖
√
(xc − xi)2 + (yc − yi)2 + (zc − zi)2 −

√
I1
Ii
d1‖22.

(9)

We arbitrarily chose the distance to the first point in the set
as d1 the reference value.

Rather than propagating light intensities from the point
source intensity I0, it is simpler to acquire a reference im-
age of a white target Iref and the corresponding depth map
dref. To compute the intensity at a particular distance dq it
is sufficient to scale that reference image by the ratio of the
distances

Iq = Iref

(
dref

dq

)2

. (10)

Even this simple model can produce very good light in-
tensity estimates as demonstrated in Figure 2. The refer-
ence intensity is sampled using a white target was placed



Figure 1: Light intensity decreases with scene depth. A sequence of white target images taken at depths of 50cm (left), 70cm,
90cm and 110cm (right).

about 50cm away from the light source. We then compute
the light intensity distribution for a flat white surface that
is about 90cm away from the source. Since image uses a
depth map obtained from an actual depth camera some of
the pixels are missing and pre-processing block artifacts are
also visible. Note however, that the intensity distribution is
very similar to a ground truth image acquired for that depth.

4. Experiments

The experimental setup consisted of an Intel RealSense
R200 RGB + depth camera and seven narrowband LEDs
in the 400 to 700nm range. The RealSense camera con-
tained a full HD (1920× 1080) Bayer sensor and two VGA
resolution near-infrared (NIR) sensors. The depth was esti-
mated through stereo matching and triangulation using the
NIR images and then projected onto the RGB stream using
cameras intrinsic parameters and relative positions and ori-
entations. Since a low resolution image was projected onto
a high resolution one, missing depth values were estimated
by image closing.

Spectral properties of the RGB sensor were derived ex-
perimentally by imaging a white reference surface illumi-
nated with narrowband lights generated with a monochro-
mator (Oriel Cornerstone 130). Lights spectra were mea-
sured with a PR715 monochromator. Responsivity curves
were derived by solving a ridge regression problem as de-
scribed in [8]. Figure 3 shows the spectral responsivity
curves of the camera and the spectral distributions of the
LED lights.

We conducted a simple experiment which consisted of
two phases. In the first phase images of a white target,
placed at three different distances away from the camera,
and under all seven illuminants were acquired. This set
of images was used for calibration purposes: to determine
LEDs positions relative to the camera using the described
sphere fitting algorithm and to capture, for every pixel, a
reference intensity Iref at reference depth dref. In the sec-
ond part of the experiment targets placed at 50, 70, 90, and
110 cm away from the camera were acquired. The targets
were a Macbeth color test chart and uniform white surface
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Figure 3: Spectral characteristics of the experiment setup.

to measure the ground truth illuminant intensity.

4.1. Results

Macbeth spectral reflectance was estimated using an un-
constrained version of the estimation algorithm (3) and 12
basis functions derived from the Macbeth reflectances set
[5]. Estimation RMS error values, averaged over 24 Mac-
beth patches, are presented in Figure 4. This figure plots
the errors for three different cases. The ideal case, plot-
ted in blue, represents the reflectance estimates using the
ground truth light intensity data, these errors are invariant
of the scene depth. The second curve plots the errors when
the light intensity falloff is ignored altogether and it is as-
sumed that it remains constant as the depth varies. The er-
rors rapidly accumulate and are substantially higher than for
the ideal case. Finally, the green curve shows the results ob-
tained with the proposed algorithm. The performance is just
slightly inferior to the ideal case and is significantly better
than the naive estimate.

Figure 5 plots the reflectance curves for two different
Macbeth chart patches at the four tested depths. Again,
the results obtained using the ideal data and the proposed
method are very close to ground truth reflectances. As
the depth increases the naive method consistently underesti-
mates the reflectance. This is not surprising since the algo-
rithm overestimates the light intensity reflected of a white
patch.



Figure 2: Spatial Light intensity estimation. Reference intensity image Iref at about 50cm (left), estimated intensity image at
about 90cm (middle) and the true intensity image at 90cm (right).
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Figure 5: Macbeth reflectance estimation examples.
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Figure 4: Macbeth reflectance estimation RMS errors.

4.2. Conclusions

In this paper we presented system capable of reliably re-
covering surface reflectance when illuminated with point
light sources located near the scene. Our method uses an
RGB+depth camera to estimate relative lights positions and
then to model light intensity falloff as a function of the point
source to object distance. We demonstrated that our method
is almost as accurate as when the ground truth intensity is
known and is vastly superior to a naive case, when light in-
tensity is assumed to be constant.

Future work will focus on more accurate spatial light
models, as many discrete light sources such as LEDs are not
emitting light uniformly in all directions. Furthermore, the
algorithm also needs to be evaluated when the target depth

and surface orientation vary.
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