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Abstract. This work presents a novel method for inferring the main directional light source in a 3D scene, given
only 2D inputs, namely a camera image and a rough shadow mask. A two stage algorithm is proposed, in which the
first stage handles the inputs and makes an initial estimation for the light source. The second stage refines this first
estimate to find a new vector assumed to be closer to the real directional light vector. One virtual object is rendered
into the real scene in both stages. In the first stage, an external shadow estimator produces a coarse shadow for the
virtual object, enabling the computation of an initial directional light vector. Next, our proposal is to compare the
coarse shadow with the virtual shadow computed from the object. Thus, in the second stage, we seek to maximize
the intersection over union (IoU) between both shadows. We assume that the best directional light vector provides
the best shadow matching. The experiments are made both in virtual and real environments, in scenes with different
levels of control and known data. Results show that our method is capable of finding the 3D light vector from the

2D scene, enhancing the initial rough shadow input.
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1 Introduction

Augmented Reality (AR) has experienced significant growth
in the past decades, together with related technologies on
which AR can be based, such as computer vision and artificial
intelligence [Chen et al., 2019]. AR can be defined as a
variation of Virtual Reality (VR) in which the user can still
see and interact with the real world environment, thus merging
virtual objects and real ones in real time [Azuma, 1997]. A
major challenge when dealing with AR is to correctly light
the virtual objects in a scene.

AR applications must be capable of extracting the light
properties of the real world and correctly placing them in the
virtual scene. Usually, researchers employ more specialized
hardware, such as a multiple camera setup [Frahm et al.,
2005], depth cameras [Kan and Kaufmann, 2019], or more
specialized methods, such as Simultaneous Localization and
Mapping (SLAM) [Whelan et al., 2016], or a combination of
multiple methods [Meilland et al., 2013]. In general, this can
be seen as a costly problem.

With the advent of deep neural networks, there are recent
works that, based on known shadowed objects into a real
scene, estimate the shadow of one virtual object inserted in
the scene [Liu and Wu, 2022]. In some works, only one
image is needed for the neural network to extract the shadows
of real objects [Liu et al., 2020]. However, as this is an
ill-posed problem due to the use of 2D information to infer
3D projections, these works do not define well the shadow’s
shape for the virtual object. However, such methods are
observed to be capable of approximating the direction and

length of the shadow.

In this work, we insert a virtual object into a real image us-
ing a fiducial marker typical of AR systems. The marker plane
defines the support onto which the virtual object’s shadow
should be cast. Therefore, the input to our method consists of:
an image of a scene with real objects their respective real shad-
ows and a fiducial marker that defines a plane and a position
for a virtual object; the geometric model of a virtual object;
and an image that contains its coarse shadow estimate in the
real scene. We assume that any shadow estimator can be used
to compute the image with a coarse shadow approximation
of the virtual object.

Since we have the virtual object model, its coarse pro-
jected shadow and a fiducial marker that provides the plane
of shadow projection, it is possible to estimate a 3D direc-
tional light vector of the real scene. With this vector, we can
render the virtual object and its expected shadow over the
plane to improve visual quality. Thus, the estimation of a
suitable directional light vector is a contribution of our work.

The directional light vector is obtained from 3D geometry.
In this work, the 3D plane given by the marker is the main
reference for determining the light vector. The 2D pixels
of the coarse shadow mask are projected onto this 3D plane
by using camera calibration matrices. Combining these 3D
points with the 3D model of the virtual object, it is possible to
calculate which vector obtains the highest Intersection over
Union (IoU) between the rendered shadow and the 3D points
from the coarse shadow. The size of the search space is a
major challenge, requiring a heuristic to find the best vector.

Our main contribution is a method to improve a coarse
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shadow input and acquire the main 3D light vector of the
real environment, using a single 2D image with a fiducial
marker. The proposed method outputs a valid directional
light vector for the input real scene given that: there is a
single directional light producing the shadows of the real
objects; the real shadows are cast on a single plane; the plane
is coplanar with the fiducial marker’s plane; both the shadow
and the virtual object are within the visible frame and are not
occluded by any other objects; finally, we assume that the
object is placed exactly on top of the fiducial marker.

This paper extends the work presented at SVR 2025 [Ya-
covenco et al., 2025]. The main difference lies in the introduc-
tion of a more elaborate subdivision strategy. In our earlier
approach, the search space was subdivided recursively into
four regions, following a quadtree-like structure. In contrast,
the new proposed method performs an initial subdivision by
shifting a fixed-size section across the search space. Subse-
quent subdivisions then compute a new subsection centered
on the selected region. These two refinements result in an
improvement in the overall accuracy of the directional light
vector.

2 Related works

Approaches for light estimation are very diverse and have
many levels of complexity. Most methods retrieve either the
directional light vector, point light positions in 3D space or
the spherical harmonics (SH) representation of the whole illu-
mination conditions of the scene. For example, it is possible
to obtain global illumination maps from a whole scene using
light probes [Nguyen and Le, 2012; Lopez-Moreno et al.,
2013]. Other approaches use specialized hardware, as RGBD
cameras, to reconstruct directional lighting vectors [Boom
et al., 2017; Chotikakamthorn, 2015; Gruber et al., 2012].
The estimation of multiple light sources and their interaction
with objects in the scene are beyond the scope of our work.
Our proposal aims to find the directional light vector by using
a single RGB image of a scene.

The first approaches to retrieve illumination information
from the scene are mainly based on the geometry of the scene
[Cao and Foroosh, 2007; Wang and Samaras, 2002]. They
rely on known points of a controlled scene as well as one or
more 2D images to be able to estimate the main light vector
using triangulation or similar methods. Early approaches
also make use of image processing techniques, such as image
filtering and thresholding, to extract useful features from the
image.

The work presented in [Cao and Foroosh, 2007] is based on
two known 3D points to extract the directional light from the
scene. Along with the projected shadow of these points and
two 2D pictures taken from different angles, they can estimate
not only the light source, but also the camera parameters.

Wang and Samaras [2002] also rely on geometric features
of the scene. The authors work with an arbitrary object of
known geometry. Their method searches for critical points in
the geometry and for shadows cast from those points, exclud-
ing occluded and partially occluded shadows. The output of
the method is a set of unit 3D light vectors in spherical space.
Both methods need partial information of the scene geometry
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which, in most cases, is not a trivial task.

Recently, deep learning has become one of the most com-
mon approaches for light estimation in the literature. The
most recent works employ some form of neural network in
their methods [Kan and Kaufmann, 2019; Liu and Wu, 2022;
LeGendre et al., 2019; Sun et al., 2020; Wang et al., 2022; Liu
et al., 2022; Marques et al., 2022]. Deep learning methods
provide better experimental results than previous approaches
and can work in less constrained environments. For exam-
ple, neural networks can usually estimate some information
about the scene geometry. In addition, most deep learning
approaches use a single monocular image as input.

The approaches of [LeGendre et al., 2019], [Sun et al.,
2020], [Wang et al., 2022], [Liu et al., 2022] and [Marques
etal.,2022] are very similar: they retrieve the SH light from a
single monocular image using one or more CNNs. Each work
uses a neural network architecture that is trained from a spe-
cific dataset, which is the key part of the proposals. The work
of [LeGendre et al., 2019] uses spheres of known materials
to collect image samples for the dataset. The resulting neural
network can estimate a relative light map for arbitrary input
images. Similarly, [Wang et al., 2022] uses outdoor HDR
panoramas to estimate light fields to train their architecture.
The resulting neural networks are used to insert virtual objects
into street scenes. In a more specific scenario, the work [Kan
and Kaufmann, 2019] relies on RGBD input and employs
a residual convolutional neural network to extrapolate the
position of light. In general, works based on Deep Learning
use the strategy of training neural networks from multiple
images that provide an extensive variation of light fields for
a target application. Considering that arbitrary scenes have
arbitrary lighting conditions, the datasets end up being very
restricted to specific scene contexts.

A different but related approach is to train a neural net-
work to learn the shadows cast for the objects in the scene
[Liu et al., 2020] instead of its light sources. The task of
the neural network is to generate the shadow of virtual ob-
jects inserted into the scene. This strategy is promising since
the cast shadows furnishes hints about the scene geometry
and light source. Our work is based on this possibility and
is designed to estimate the directional light vector from a
generated shadow.

Finally, in our previous work [Yacovenco et al., 2025],
the 3D light vector was computed based on an initial shadow
mask approximation, where a neural network was employed
to generate the input shadow mask. The initial directional
light vector estimation was improved through a recursive
space subdivision strategy based on a quad tree.

3 Proposed method

In this section, we discuss our proposal to solve the problem of
light vector estimation. To ensure our method works properly,
we need to enforce the following conditions: we assume there
is a single directional light acting on a known virtual object;
the shadow cast by that directional light is projected on a
single plane; the plane is coplanar with the fiducial marker’s
plane; both the shadow and the virtual object are within the
visible frame and not occluded by any other objects; finally,
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we assume the object is placed exactly on top of the fiducial
marker.

To begin the process, our method needs two inputs: a 2D
frame of the scene with the fiducial marker present; and the
3D virtual object. These inputs are then passed onto a shadow
estimator and an AR system. The AR system is responsible
for the 3D scene reconstruction and it provides important data
such as the marker’s 3D position and orientation, as well as the
camera position relative to the marker. The shadow estimator
is responsible for estimating the shadow in 2D image space. It
retrieves the initial shadow estimation M, which is a shadow
mask. Since we know the shadow is cast on the same plane
where the object is placed, denoted as plane PP, we can retrieve
that shadow’s 3D points given the marker’s position and
orientation is over P. The 3D points of the shadow compose
a set that will be denoted as B.

The virtual object and its cast shadow points in 3D space are
used to make the initial light vector estimation. Essentially,
we separate some points over the object’s surface (blue dots)
and all shadow points (green dots) in two sets (Figure 1),
respectively A and B, and those points are combined to make
vectors that start somewhere on the object’s surface and end
somewhere on the cast shadow. This combination set C
can be expressed as C' = {cg, ¢y, ...,Ck }, K = m - n where
Ci = afi/n] — bi mod n- M, 1 and k are respectively the
number of elements in sets A, B and C. Each vector in this
new set C' is a valid candidate for an initial directional light
vector v, and v is updated to match the vector ¢; which casts
the shadow that covers the most area compared to the initial
shadow estimation M.

Figure 1. Pictures from the same scene taken with Rubik’s cube (a) and
a virtual cube (b). The blue dots on the cube’s surface and the green dots
on the shadow are a subset of the ones which are paired to compute the
preliminary candidates, presented in Section 3.2.1. To aid the visualization,
not all shadow points are shown, as they would be overly dense.

We cannot guarantee this estimation is the best available
since we have worked with discrete points to find v. There-
fore, to further improve the directional light estimation, the
preliminary vector v corresponding to that initial estimation
is set as the center of a radial search space S in which we
search for the best available directional light vector v/. We re-
peat this process recursively by diminishing the search space
until we reach the maximum number of repetitions or until
the directional light can no longer be improved.

Figure 2 is an overview of our method’s steps and data flow.
The colored rectangles and all processing steps are explained
in the following sections.
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3.1 Scene reconstruction and shadow estima-
tion

The scene with the fiducial marker and the 3D virtual object
are used to acquire an estimation of the shadow cast by the
virtual object. This object is rendered on top of the marker,
which must be present in the scene. Also, both the object and
its estimated shadow must fit inside the image.

First, the 2D image of the scene with the marker present
is passed onto the AR system. The AR system returns the
marker’s position and orientation relative to the camera. We
render the 3D virtual object on top of the marker by using the
projection matrices from the AR system.

We need the 2D mask of the virtual object as input for
the shadow estimator. The shadow estimator then outputs
a 2D shadow mask. By using the AR system output and
the fiducial marker’s plane, these points form 3D points in
camera reference space. A list of all pairs containing 3D
points of the shadow combined with the vertices of the virtual
object is produced. These data pairs are then used to compute
the preliminary candidate directional light vectors, which is
discussed in Section 3.2.

In our method, we assume the marker to be at ground level
and coplanar to the ground. The marker’s center defines the
origin of the plane where the shadow is projected. We need
the camera parameters, the plane position, and the orientation
relative to each other to define the virtual 3D scene. The
camera and the plane are used to map points from 3D to 2D
and vice versa.

When the virtual object is placed on top of the marker, we
can compute: 1) the 3D virtual object in camera’s coordi-
nates; 2) the 2D image with the virtual object inserted in the
scene from the estimated camera’s perspective; 3) the virtual
object’s 2D mask by coloring it white on a black background.
The object’s mask is needed for the shadow estimation.

3.1.1 Shadow estimation

In this step we employ a known shadow estimator to compute
the 2D shadow of a virtual object, given one or more real
shadows of true objects of the scene image.

The particular shadow estimator chosen in our study, AR-
ShadowGAN [Liu ef al., 2020], outputs the estimated shadow
mask and only needs the image with the virtual object present
and the object’s mask as input. It has a pre-trained model
and its inputs are easier to handle: the real scene image, the
real scene image with the virtual object rendered, and the 2D
virtual object mask. Any other shadow estimator can be used
instead.

The ARShadowGAN provides a gray scale image where
black pixels are background and all other pixels form esti-
mated shadow regions. The closest the pixel is to white, the
closest is the confidence that it is indeed a shadow point. We
employ Otsu’s thresholding method [Otsu, 1979] to get a
binary shadow mask. Next, we employ Suzuki’s algorithm
[Suzuki et al., 1985] to find the multiple shadow contours
whose inner pixels are set to white. The region with highest
average intensity in the shadow estimation image is selected,
and all other pixels are set to black.
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Figure 2. Diagram indicating the steps of the method and data flow.

3.1.2 Extract 3D points from shadow mask

The final shadow needs to be passed from 2D space to 3D
space. This is done by mapping the white pixels of the shadow
mask to the corresponding points on the marker’s 3D plane.
We denote this set of 3D points as B.

3.2 Initial directional light estimation

In this step, the 3D object and its 3D estimated shadow are
already available. From here, we start our main contribution,
which is composed of multiple steps. First, we need a set of
candidate directional light vectors. We compare the shadows
produced by each vector with the initial shadow estimation
mentioned in Section 3.1.1. Then, the best directional light
vector is chosen and the next and final step of the method can
take place.

In principle, if there is an object projecting a shadow on a
plane, the directional light vector can be computed by finding
the correct correspondence of a point on the object’s surface
and a point on the shadow. This is valid, of course, if we as-
sume a continuous space and that the shadow is perfectly cast.
With discrete objects and imperfect shadow estimation, the
directional light vector cannot be easily retrieved by looking
for correspondences. However, it is still a reasonable starting
point.

After acquiring the candidate directional light set, we need
a criterion to compare each vector in the set and decide ob-
jectively which one is a reasonable initial guess. Every can-
didate vector provides a shadow of the virtual object over the
marker’s plane. We propose to evaluate them based on how
they intersect the estimated shadow. A suitable directional
light vector must maximize the area of intersection but also
minimize the area of union. In other words, the best candidate
vector generates a shadow that best fits the estimated shadow
mask.

3.2.1 Compute preliminary candidates

We combine the 3D points of the set B (Sec. 3.1.2) with a set
of points A sampled from the virtual object’s surface. The
set of points A is composed of the virtual object’s vertices,
edges midpoints and faces midpoints. We then connect all
the points sampled from the virtual object’s surface to all the
3D points from the shadow mask, forming set C. The list
of candidates are the unit vectors from this list of pairwise
connections.

3.2.2 Initial directional light estimation

Each vector in the candidate set is used to cast a shadow of the
virtual object over the marker’s plane. These shadows are then
compared to the initial estimated shadow mask, considered as
a subset of the true shadow. The vector that casts the shadow
that is closest to the estimated shadow mask is selected as the
initial directional light vector.

We need to objectively measure the similarity of two
shadow masks by computing the overlap of the estimated
shadow and a rendered shadow projected from a given candi-
date directional light vector from C. We classify the pixels
marked as shadow in both masks as false positive (FP), false
negative (FN), and true positive (TP).

The union of true positives, false positives and false neg-
atives are the union of the two shadow sets. True positives
are the intersection. Thus, we use the intersection over union
(IoU) as comparison criterion:

TP

ToU = .
V= TP FPTFN

M

3.3 Improving the directional light vector

The vicinity of the initial directional light vector estimation
v can be used to find a vector that improves the IoU criterion.
Consider a unit sphere S containing the unit vector v. We
define the search space as the sphere cap S.,, over the unit
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sphere S, centered at v with azimuthal angle ¢ = «, where
« is a parameter that defines the size of the cap. A sample of
this cap is seen as blue in Figure 3.

Figure 3. Sphere cap SZ, (blue) in i, j, k reference system.

We parametrize S, using a local coordinate system F' =
(i,j,k):

Z XV

j=ixv, k=v, Q)

=,

||z x v
where vector z is a unit vector in the positive z axis. When
v is aligned with z, the canonical coordinates are used. The
parametric equation for the sphere cap S, is:

S ={(i,j,k) | i =sin¢ - cosf, j =sing - sinb, 3)
k=cos¢, 0< ¢ <a,0<6< 2},
where we need to compute the IoU. Consider we have a
smooth function p., that computes the IoU for any point in
S?,. We propose to search regions over the cap where the
total IoU w given by the integral:

02 o2
w = / / Ly (sin @ - cos @, sin ¢ - sin 6, cos @) df do,
91 1
“)

are a local maximum, where the angles 61, 05, ¢1, ¢2 define
a sector over the cap. The total IoU w is the density of IoU in
the sector. Higher the w, higher the chances to find a better
directional light vector inside the sector. Unfortunately, the
function p, cannot be solved in continuous space. We need to
proceed with a numerical solution for the integration (Eq. 4)
and a method to search for a local maximum IoU. Therefore,
the sphere cap is discretized for loU computation.

3.4 Discretization of the spherical cap search
space

Consider C' a matrix of m x n elements. We sample S!, by
mapping the C onto the sphere cap, where m represents the
phi with angles from 0 to «, and n represents 6 with angles
from 0 to 27r. The ranges [0, ] and [0, 27r] are mapped to
A= {%wy,%mv,...,m;l -a,af and B = {%~27r,%~
2m, ..., ”;1 - 27, 27}, respectively. This sampling method is
illustrated by Algorithm 1.
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Algorithm 1 Sphere cap sampling

Input: center vector v, opening angle «, matrix dimensions m and
n

Output: discrete search space C'

Require: v is a unit vector; o, m,n > 0;m,n € N

function sphereCapSampling(v, o, m, n)
let C' be a m X n matrix
let u be a unit vector in R? perpendicular to v
for ¢ <— 0 to m do
cio < v-cos (£2) 4 (u x v) - sin (£2)+
u-(u-v)-(1—cos(%2))
for j < 1ton do
Cij < Ci,0 * COS (%) + (v x Ci’,o) - sin (%)—i—
v-(v-cio)- (1 —cos (%))
end for
end for
return C

end function

3.4.1 Search for a maximum IoU value

We propose evaluating regions around the highest IoU values
rather than considering sampled points in isolation. Initially,
a fixed-size section of 90° is shifted across the search space by
the parameter /3, and the section with the highest IoU integra-
tion per unit area is selected. Then this section is subdivided a
number of times as defined by the parameter s. After the final
subdivision, a smaller cap centered on the selected section is
sampled and the process is repeated recursively up to r times.
This subdivision strategy is illustrated in Figure 4.

Figure 4. Top view of the subdivision of the sphere cap S,, during the first
(a) and last (b) recursions for scene r14. Parameters are: m = 257,n =
513, = 3.0, = 3,s = 3,8 = 30°. The white circle indicates the
local maximum of SY, and the white star indicates the point selected by our
method.

For each recursion, the center point of the new cap v is set
at the center of the previous section, and its radius o/ is the
distance from its center to its furthest vertex. This ensures
that the new cap encompasses the previous section.

The Algorithm 2 provides an overview of how the method
searches for the maximum value, denoted as g. Each point of
the sphere cap S.,, when connected to the origin, represents
a vector, and each vector is associated with an IoU value, as
mentioned in Section 3.2.2. A discrete implementation of the
function ., was used to acquire the IoU value of a vector
by comparing the shadow mask produced by it to the first
estimation of he shadow mask M.

We search for the maximum IoU by using the IoU in-
tegral image computed for a set of sectors. Each sector
comprises a region of area inside the cap. In this work,
the cap is partitioned into sectors regularly distributed in
¢,0 € [0,a] x [0,27]. Using an integral image of the sam-
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Algorithm 2 Enhanced directional light vector
Input: directional light estimation vector v; opening angle «; num-
ber of resamples 7; number of subdivisions s; matrix dimensions m
and n; shadow mask M shift angle 8
Output: enhanced directional light estimation vector v’
Require: r,m,n > 0;r,s,m,n € N; 3 | 360°

function enhanceDirectionalLight(v, o, 7, s, m, n, M, (3)

vi—v

// Compute sampling C' and its quantization )
let C' and Q be m X n matrices
C + sphereCapSampling(v, o, m, n)
for each vector ¢; ; in C do
Gi,; < computeloU(M, ¢; ;)
end for
// Compute integral image T’
let 7' be a m X n matrix
for each element ¢; ; in T" do
tij < Qij — Qi—1,5 — Qi,j—1 + Gi—1,j—1
end for
// Find vector with best IoU in the most dense IoU section
v/, a’ + retrieveSector(co,0, s, C, T, m, n, )
// If reached recursion limit, return this vector
if » < 0 then
return v’
else
// Reduce radius and repeat until conditions are met
return enhanceDirectionalLight(v', o/, 7 — 1, s, m, n,
M)
end if
end function

pled cap S.,, we can easily compute the ToU integral for each
sector in O(1). We search for the sector with the highest inte-
grated IoU integral per unit area, i.e. the sector with highest
average loU. We assume that this sector is likely to contain
the local maximum IoU g.

The Algorithm 3 computes the initial sector by shifting a
fixed-size region across the search space a predefined number
of times, as determined by the shift angle parameter /3. It then
selects the sector corresponding to the region with the high-
est IoU values and calls Algorithm 4 to perform subsequent
subdivisions.

Algorithm 3 Retrieve first sector

Input: center of space vector v; number of subdivisions s; discrete
search space C; integral image 7'; boundaries m, n; shift angle 3
Output: center vector of most dense subsection v/, opening radius
al

Require: unit vector v; s € N

function retrieveSector(v,s,C,T,m,n, )

5+ 360°

for i < 0to d do

Ti < tm,s(i+1) — to,s(i+1) — tm,50 + to,si

end for

Tmaz  max(z;)

let k be the index of £ ymax

return retrieveSubSector(v', s—1,C, T, 0, m, k6, ké + %)
end function

The Algorithm 4 recursively searches for an improved local
maximum loU value g. At each iteration, the area is subdi-
vided into four sectors using a quad-tree scheme, along with
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a fifth sector centered in the current region. The vertices of
this fifth sector are the center of the four quad-tree quadrants,
defining a centered region. Figure 12b shows one example
of this sector being selected twice in the recursive process.
Of the five sectors, the one with the highest average IoU is
selected. The process continues until the ToU value ¢’ no
longer improves or the maximum number of recursion steps
is reached.

Algorithm 4 Retrieve center vector of the most dense subsec-
tion from integral image
Input: center of section vector v; number of subdivisions s; discrete
search space C'; integral image 7'; boundaries ¢1, ¢2, 01, 02
Output: center vector of most dense subsection v/, opening radius
a/
Require: unit vector v; 8, ¢1, ¢2, 01,02 € N; g2 > ¢1;02 > 0;
function retrieveSubSector( v, s, C, T, ¢1, ¢2, 01, 02)

// Subdivide section, return subsection with highest IoU

B 1252, go e |252), gy e |22

0 [B52], 05 (P52, 00 | 2]

b() <« tgy@ — t¢1’§ — t$,91 + t¢1’91

by t¢275 — tag —tpo,00 + tg’el

bz < tE,GQ — t¢1792 — t$yg + td’l;g

bg < t¢2792 - tgﬂz - t¢27§ + tgyg

by Los,05 — tps,05 = Lo3,00 T 1gs,04

by max(bo,b1,b2,b3,b4)
mar (6—01)-(0—01)

let ¢}, ¢%, 071, 05 be the boundaries of by,qz

- b1+ 7 01403 /

¢<—|_ 12 QJ, 0(—\_12 2J, V<_c$l,5/

// If reached subdivision limit, return this vector and the new
opening radius

if s < 0 then

V/'C ’ ’
/ ¢1’91
o « arccos (

)

v/ e
| /‘ ‘ ¢/1,9/1‘
vV :C 7 ’
®! .0
aly < arccos (or—1t-2-),
[v/] ‘C¢/ o |
1772
VvV :C 7 ’
.0
oy < arccos (W),
#4607
, 2771
VvV :C 7 ’
.0
oy < arccos (W),
A
! ! /2 2/ !
Qpax < maX(ala Qp, (3, a4)
return v', o, 0
else// Otherwise, continue search
return retrieveSubSector(v/, s — 1, C, T, ¢}, ¢5, 01,
6)
end if
end function

The proposed heuristic proved to be effective and straight-
forward to implement. Despite that the search for the global
maximum could be improved, the time cost is prohibitive.
Our method provides a fair result with a low time complexity.
It is important to notice, however, that the cost for computing
IoU for each sample dominates the time complexity.

4 Experimental results

In this section, our goal is to evaluate the proposed method’s
accuracy when finding the highest IoU and the corresponding
directional light vector within the search space \S.,.
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4.1 Scene sets

We assembled real world scenes, gathered from photos, and
synthetic scenes, assembled virtually, to evaluate the method
in multiple environments. The synthetic scenes are divided
into two subsets: synthetic scenes with solid color back-
grounds; and synthetic scenes with textured background, as
explained in Section 4.1.2. Both scene sets and our source
code are available inhttps://github.com/yaleksander/
ar-server-app.

4.1.1 Real world scenes

For real world scenes, the photos were taken around 3p.m.
on a sunny day. The camera used to take the photos was a
Canon T5i with 18-55mm lenses. The directional light vector
is unknown for all images.

We empirically estimate the directional light vector from
the images. The Estimated Ground Truth (EGT) is defined
by the vector that best matches the shadow of the real objects
in the scene. The environment must allow for two pictures to
be taken in sequence, one with a fiducial marker present, and
one with a real cube of same size as the virtual cube placed
exactly on top of the marker. We use the Rubik’s cube and a
larger wooden cube as real objects. Everything in the scene
must remain the same in both pictures, except the real cube
and its shadow. The pictures were taken on a tripod. The real
cube’s shadow must be cast on a single plane. The EGT is the
vector that best replicates the real shadow by using a virtual
cube model in the same pose of the real one. In the following
experiments, the EGT is compared to our method’s output to
evaluate the estimation error.

This process can be visualized on Figure 5. Figure 5a is
the real world picture representing the ground truth (GT).
Figure 5b is the picture taken immediately after removing the
Rubik’s cube from the fiducial marker. Figure Sc is the same
picture but with the virtual cube placed on top of the marker,
with the EGT shadow.

@GT (b) Empty scene () EGT

Figure 5. Visualization of the GT (a), fiducial marker (b), and EGT (c) for
the real world scene r08.

The experiments are executed by submitting an image with
a fiducial marker to the method. There are 16 images in
total, labeled from r0O1 to r16. Each picture must also have
an associated initial shadow estimation, which is generated
by ARShadowGAN [Liu ef al., 2020]. A subset of the real
world images dataset is presented in Figure 6.

4.1.2 Synthetic scenes

The synthetic scenes complement the evaluation of the
method’s accuracy. It consists of 32 virtual scenes modeled to
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(a) r04

(b) 109 ©rl3 (d)rl6

Figure 6. Subset of the real world dataset. The green area is the input shadow
mask computed by the ARShadowGAN, the blue area is the shadow cast
by the initial directional light vector v and the red area is the intersection
between them.

mimic the real ones. We developed a simple ThreeJS applica-
tion to control the directional light and place objects of basic
shapes on the scene, such as cubes, spheres, and cylinders, to
generate the synthetic scenes.

In this set the ground truth directional light vector (GT)
is known and the object’s shadow cast by the GT can be
used as input for our method. Its purpose is to evaluate the
method’s accuracy under nearly ideal conditions. The syn-
thetic scenes were divided into two sets: scenes with solid
color background; and scenes with textured background. The
purpose is to assess the impact of the type of background.
The two sets are identical except for their background. Figure
7 presents a subset of these datasets.

w by
‘ ‘,
s f)s{ G

(a) s08

(@t

Figure 7. Subset of the synthetic datasets. The object’s shadow is cast by
the GT.

4.2 Quantitative results

In this section, we present and discuss the quantitative aspects
of our method. Two evaluation criteria are relevant when
analyzing the results: the angle between the ground truth light
vector and the output vector, and the IoU (Eq. 1) between the
shadow cast by the GT and the estimated shadow.

Our method has five parameters that can affect the final
result: cap opening angle «, shift parameter 5, number of
IoU resamplings , number of subdivisions s, and loU sam-
pling resolution m X n. To evaluate which set of parameters
provides the best and most consistent results on average, an
ablation study was performed by combining different values
for each parameter, as explained in Section 4.2.1.

4.2.1 Ablation

The ablation seeks to understand how various sets of pa-
rameters «, 3, r and s affect the output directional light
estimate. We have empirically chosen the angles for o €
{5,15,30,45}, and for 8 € {15,30,45}. Both r and s as-
sume values in the set {0, 1,2, 3}. The combination of this
set of parameters was applied to reconstruct the real world
scenes 101 to r16. In a preliminary investigation, we used
three different resolutions for the IoU sampling: 97 x 449,
129 x 513 and 161 x 577. In our experimental context, the
best average accuracy was found with 129 x 513 for all scenes.
This resolution is used in the following results.
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The IoU tends to increase as «, 3, r and s increase to a
certain value. The angle o = 5° gives the worst result in most
cases because the EGT is usually further away from the initial
vector v. The broader angle o = 45° tends to map more
cap area to each point of the fixed resolution 129 x 513 IoU
sampling matrix. Thus, different o angles result in different
IoU sampling, possibly providing slightly different maximum
IoU values. The best overall « is 30° for this experiment.

Taking into account all 16 scenes, the combination that
provided the most consistent results was o = 30°, 5 = 30°,
r = 3,s = 2. All ablation results can be reproduced from the
source code and datasets available inhttps://github.com/
yaleksander/ar-server-app.

Setting 5 = 15° results in more sectors shifted to find the
highest integral IoU in the first iteration. Interestingly, it in-
cludes all the sectors obtained by making 8 = 30°. However,
this parameter plays a role only for the first iteration. Thus
B = 15° provides a better initial IoU that does not lead to the
highest IoU in the subsequent subdivisions.

Among all 16 images of the dataset, we highlight the results
for three specific scenes: one considered an example with
low difficulty (r13), one of medium difficulty (r09), and one
considered a hard case for our method (r16).

In r13, the input is considered easier since the shadow
generated by ARShadowGAN is geometrically close to the
expected one, pointed to the correct direction (Fig. 6¢). The
best result yielded a light direction only 2.28° from the EGT
vector. In r09, the input has a concave shape that extends
beyond the expected shadow. This complicates the search
for the directional light. However, the error decreases as the
IoU increases because the EGT shadow is roughly a subset of
the input shadow. With a = 30°, the cap is large enough to
include the best IoU result, with an angle error of 11.87°. In
rl16, the input shadow (green area of Fig. 6d) has a different
direction than the EGT shadow (blue area of Fig. 6d). The
input is distributed towards the top right direction whereas
the real objects’ shadow points to the bottom right direction.

The accuracy of the method depends directly on the input
shadow estimation. The r16 example shows that the final
direction light vector diverges from the EGT as IoU increases.
The angle error worsened from 14.63° (initial estimate) to
16.26° (maximum IoU). Taking into account the entire dataset
with 16 scenes, only two (r02 and r16) had angle error wors-
ened as loU increased.

4.2.2 Results for synthetic scenes

The experiments on synthetic scenes were executed in two
scenarios: with the GT cast shadow as input; and with the
shadow estimated by the ARShadowGAN as input. The goal
is to evaluate the impact of our method applied to the true
shadow, and applied to the ARShadowGAN output shadow.

Results for ground truth shadow input As Section 4.2.1
shows, the best average results are recorded for o = 30°, 8 =
30°,r = 3,s = 2 and resolution 129 x 513.

The experiments were executed on all synthetic scenes,
both with solid color and textured background. The results
were identical for both sets because the cast shadow is identi-
cal for their corresponding scenes.
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In this case, our method obtained directional light vectors
with an angular error below 1° when the true shadow is given
as input.

Results for estimated shadow input The results for esti-
mated shadow shows that the method’s accuracy depends on
the input shadow quality. Even with average angle errors of
10.07° (solid background) and 10.98° (textured background),
the shadow cast in the virtual scene is plausible and appealing
as discussed in Section 4.3.

4.2.3 Execution times

The experiments were executed on a computer with a GeForce
GTX 1050Ti Nvidia GPU, 17-11700K Intel processor and
48GB RAM. The average runtime for each loop of the method
given a certain m X n resolution is presented on Table 1.

Table 1. Average execution time in seconds for each loop of the
method’s implementation.

m X n resolution [ Rendered frames [ Avg. time (seconds)

10 x 36 360 2
97 x 449 43553 228
129 x 513 66177 337
161 x 577 92897 487

257 x 1025 263425 1447

The execution times were measured by running the method
on the real world scenes with fixed parameters a = 30°,
B8 =90° r =1, s = 0 and resolution according to the left
column of Table 1. The parameters that impact the execution
time are the resolution m x n and the number of resamplings
r. A higher resolution means more frames to render, and
more resamplings mean more loops to the method. The time
cost increases linearly as the resolution increases for a fixed
T.

4.3 Qualitative results

To qualitatively evaluate our method’s graphic output, we
compare the shadow cast by the output vector v’ to the input.
The results are divided in sections for each dataset: synthetic
with solid color background and real world pictures. Most of
our results are visually similar to the GT, for synthetic scenes,
or EGT, for real world scenes.

4.3.1 Synthetic pictures with solid color background

The objective of qualitative experiments is to evaluate how
our method improves on a rough input shadow shape. There-
fore, the estimated input shadow, and not the GT shadow, is
compared to the output shadow (Figure 8).

Figure 8 presents the results of two synthetic scenes. It is
divided in four columns: the initial estimation, the intersection
between input and output shadows, the output scene improved
by the computed directional light vector, and the GT shadow.
In the leftmost column, only a subset of the shadow points are
shown. That is because otherwise they would be too dense to
be seen as individual points.

In all experiments, the wooden cube is the known virtual
object, and the rest of the scene is treated as the background.
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Figure 8. Shadow estimation for two scenes with solid color background.
The leftmost column represents the object points (blue) and estimated shadow
points (green). The next column from left to right is the intersection (red)
between the estimated shadow (green) and the final output shadow (blue).
The last two columns are respectively the final output shadow and the ground
truth.

4.3.2 Real world pictures

The estimated shadows for the real world scenes have more
consistent direction and length, and it tends to produce suit-
able output shadows.

Output with
improved
directional

light

Initial
estimation

Output with

. . Ground truth
intersection

() r13

Figure 9. Shadow estimation of a subset of the real world scenes. The
leftmost column represents the object points (blue) and estimated shadow
points (green). The next column from left to right is the intersection (red)
between the estimated shadow (green) and the output shadow (blue). The
last two columns are respectively the final output shadow and the ground
truth.

The input shadow in Figure 9a is almost aligned with the
GT, and the output fits it very closely (angular error relative
to the EGT of 13.16°). It also has good visual quality. Figure
9b (angular error relative to the EGT of 11.87°) also produced
a shadow of good quality, although the shadows are slightly
shorter than the GT.

The results show that our method is capable of enhancing
the visual quality of the shadow. When examining the shape
of the input and output shadows, our method significantly
improves the ARShadowGAN shadow estimation.
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4.4 Comparison to the previous method

Compared with our previous method, the current approach
yields improved results (Table 2). For example, Figure 10
presents the first and last subdivisions for scene with the
previous method (Fig. 10a and 10b) and the proposed method
(Fig. 10c and 10d). The IoU obtained with the previous
approach was 0.677, whereas the new approach achieved an
IoU of 0.721.

Table 2. Improvement in IoU values for the last subdivision of the
last recursion.

Scene Old method | New method Improvement
IoU ToU

r01 0.719 0.717 —0.28%
r02 0.613 0.612 —0.16%
r03 0.745 0.784 5.28%
r04 0.604 0.598 —-0.99%
r05 0.664 0.690 3.92%
r06 0.704 0.703 —0.14%
r07 0.641 0.641 0.00%
r08 0.705 0.714 1.26%
r09 0.618 0.635 2.79%
rl0 0.529 0.549 3.81%
rll 0.677 0.721 6.55%
rl2 0.593 0.616 3.94%
rl3 0.703 0.716 1.87%
rl4 0.522 0.546 4.60%
rl5 0.502 0.517 3.03%
rl6 0.724 0.699 -3.41%

AVG | 0641 | 0654 | 200%

The distance between the center of the selected sector and
the local maximum is slightly larger in Figure 10a than in
Figure 10c. Another distinction can be observed when com-
paring Figures 10b and 10d. Figure 10d has a higher local
maximum than Figure 10b. This can be verified by comparing
the lowest and highest IoU values of each space, indicated by
the gradient scale on the right side (0.657 and 0.679 vs 0.718
and 0.721, as seen in Figures 10b and 10d, respectively). At
this stage, the search space becomes sufficiently restricted
that any further improvements are of marginal significance.

4.5 Limitations

The main problem of our method is when the length and/or
direction of the input shadow are very distinct from the ground
truth. In these cases, our method tends to output an incorrect
shadow.

In some cases, the results might be perceived as incoherent
when visually compared with the ground truth. Some exam-
ples are shown in Figure 11. Our method finds the directional
light vector that casts the shadow with highest IoU.

Figures 11a and 11b depict a scene in which the output
shadow has a visibly shorter length than expected when com-
pared side by side with the GT. In Figures 11c and 11d, the
visual error between the output shadows and the correspond-
ing GT is very clear. The output result when the input shadow
has a wrong direction is visually odd.
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(2)

©

Figure 10. Comparison between the previous and current subdivision strate-
gies for scene r11. The white circle indicates the local maximum of S, and
the white star indicates the point selected by our method. (a) and (b) are the
first and last recursions for the previous method, while (c) and (d) are the
first and last recursions for the current method, respectively.

@ ®) © )

Figure 11. Results with input shadows with incorrect lengths (a) and (b);
and with a input shadows with incorrect directions (c) and (d).

5 Discussion

Compared to our previous work [Yacovenco et al., 2025],
the proposed method demonstrates a general improvement in
finding the directional light vector. The average improvement
in ToU in the 16 evaluated scenes was 2% (Table 2). This is
due to more flexible subdivisions that tend to encompass the
local maximum.

In the previous method, the spherical cap !, was iteratively
subdivided into four sections in a quad-tree scheme, repeated
a number of times defined by the subdivision parameter s.
However, during the analysis of the results, it became evident
that the region with the highest average IoU was occasionally
partially excluded, as illustrated in Figure 12a.

To address this issue, the proposed method evaluates a
larger set of overlapping sections by considering regions that
intersect with their neighbors. The section size remains un-
changed relative to the previous approach; however, during
the first subdivision at each recursion level, starting from the
first quadrant, a 90° region is shifted across the search space
a predefined number of times until it returns to the initial
quadrant. In this work, the number of shifts of the best result
was 12, resulting in angular shifts of 30°.

From the second subdivision onward, the selected section
is subdivided into five subsections in a enhanced quad-tree
scheme. The average IoU of a fifth subsection is computed,
positioned at the center of the parent section (center of the
quad-tree), as illustrated in Figure 12b.

The proposed subdivision strategy yields notably improved
results during the selection of the initial section. However,
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() (b)

Figure 12. Difference in subdivision strategy between the previous (a)
and current (b) methods for scene r09. The white circle indicates the local
maximum of S¥, and the white star indicates the point selected by our method.

from the second subdivision onward, the accuracy gains be-
come less important, since the heuristic might select a sub-
optimal region with a lower loU compared to a neighboring
region.

6 Conclusions

In this work, we presented an extension of our previous
method for estimating the main directional 3D light vector
of a scene from a 2D shadow mask input. The proposed ap-
proach introduces a modified subdivision strategy aimed at
improving estimation accuracy.

The method needs an image with a fiducial marker present
and a 2D shadow mask as input. Assuming the shadow is
cast on the marker’s plane, it acquires the 3D contour of the
shadow. The shadow points are combined with the points of a
virtual object that is assumed to cast that shadow, generating
a set of candidates for the initial directional light estimation.
From this set, the vector that casts the shadow closest to the
input shadow mask with maximum IoU is chosen as the initial
estimation.

From this first estimation, our method looks for the best
directional light vector within a search space. The search
space is represented as a sphere cap 57, of the unit sphere S
centered at the origin (Section 3). S, is centered on the vector
v, which represents the initial estimation of the directional
light. The method then recursively enhances the directional
light by finding the maximum by recursively subdividing and
resampling the sphere cap.

The results show that our method can improve object shad-
ows by finding an overlap with high IoU with the input
shadow. Through this process, we can retrieve a suitable
directional light vector, producing coherent shadows of the
virtual object. Qualitative results show that our method pro-
duces a suitable output even when the angle error is high
(> 10°). In general, the experimental results indicate a gain
of 2% compared to the previous method.

The method proposed in this work is limited by its depen-
dence on the accuracy of the shadow input, particularly with
respect to its length and direction. This limitation may be
addressed in future work by exploring the use of multiple
shadow estimation techniques. An ensemble-based approach
could then be employed to select the shadow representation
and corresponding vector that best fit the scene.
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