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Abstract Lighting design is an essential process in

computer cinematography, games, architectural design

and various other applications for correctly illuminating

or highlighting parts of a scene and enhancing story-

telling. When targeting specific illumination goals and

constraints, this process can be tedious and counter-

intuitive even for experienced users and thus automatic,

goal-driven methods have emerged for the estimation

of a lighting configuration to match the desired result.

We present a general automatic approach to such an

inverse lighting design problem, where the number of

light sources along with their position and emittance

are computed given a set of user-specified lighting goals.

To this end, we employ a special hierarchical light clus-

tering that operates in the lighting goal coverage do-

main and overcomes limitations of previous approaches

in environments with high occlusion or structural com-
plexity. Our approach is independent of the underly-

ing light transport model and can quickly converge to

usable solutions. We validate our results and provide

comparative evaluation with the current state of the

art.

Keywords Light hierarchy · Lighting optimization ·
Inverse lighting problem

1 Introduction

Lighting design is a fundamental stage in the pipeline

of creating three-dimensional environments and is es-

sential for highlighting various aspects of an environ-
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Fig. 1 Input and output of our ILP method. Left: Illumi-
nation goals specified in an unlit scene. Right: The resulted
illumination from our ILP method.

ment or establishing a specific mood in numerous ap-

plications and fields such as the entertainment indus-

try (computer games and films) and architectural mod-

elling. In the latter in particular, lighting quality affects

human behaviour, comfort, safety and the energy pro-

file of the structure.

The configuration of luminaries can be a tedious,

counter-intuitive and time consuming process that is

usually performed by skilled and experienced lighting

specialists. It requires the manual and careful place-

ment and parameterization of light sources in an iter-

ative basis and a knowledge of the complex nature of

lighting transport in order to achieve the desired visual

result. To assist the designer in this task, interactive

feedback for realistic rendering and automated meth-

ods that solve the Inverse Lighting Problem (ILP) have

emerged.

The inverse lighting problem is usually formulated

as a high-dimensional non-linear optimization problem

with respect to the number and parameters of the lu-
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minaries, which is difficult to solve due to its dimen-

sionality. The problem becomes even more complex if

the number of lights is unknown and the goal is to ei-

ther find the correct number of light sources to use or

minimize them. Typically, the latter is desired in real-

time rendering applications, where shading cost and

resources must be kept to a minimum. A similar con-

strained optimization holds for the architectural design,

where the emissive power (and therefore, consumption)

of light sources must be minimized for energy efficiency.

In this paper, we propose a complete ILP framework

that solves the complex lighting problem in arbitrarily

dense or expansive environments. As is typical in this

genre of simulation methods, the user provides the de-

sired illumination (light intentions) by directly painting

or otherwise specifying the irradiance values onto the

three-dimensional environment, which is subsequently

sampled and given as input to our algorithm. Then,

the ILP solver determines the number of lights, their

position and flux in order to satisfy the lighting inten-

tions at the measurement points. The algorithm also

provides controls to strike a balance between the num-

ber of generated light sources and the error produced

by the difference of the resulting and desired illumina-

tion. Furthermore, our approach does not depend on a

specific underlying radiance estimator, allowing for the

adoption of any suitable rendering approach to meet

the needs of a particular application, be that simple di-

rect rendering with shadow maps, stylized rendering or

physically-based light transport.

Our method generates a light hierarchy by merging

light source with a similar contribution to the environ-

ment. In each clustering operation the representative

light is chosen so that the residual error with respect

to the illumination goal is minimized. This strategy di-

rectly optimizes coverage and quickly converges to a

high-fidelity solution. The idea of relying on the best

energy complement to optimize a solution was initially

exploited by Gkaravelis et al. [6] in their light radiant

flux optimization framework for a fixed number of light

sources. In this paper, we exploit the same principle

in a light hierarchy construction method that simul-

taneously also computes the optimal number of light

sources. To summarise, our main contributions are:

– A novel and generic hierarchical light clustering ap-

proach that prioritises light coverage and thus over-

comes limitations of previous methods in environ-

ments with high occlusion or structural complexity.

– A general framework that solves both the number

of lights along with their position and radiant flux

for arbitrary radiance estimators.

– Optional constraining of luminaries near geometry,

for plausible architectural results.

2 Related Work

Due to its complexity, the ILP is usually partitioned

into sub-problems that are addressed separately. Simi-

lar to [12], we categorize here ILP approaches into the

light emittance problem, light positioning problem and

the combined problem and briefly present some repre-

sentative techniques and applications from each cate-

gory. A recent and comprehensive survey of the field is

presented in [16].

Light Source Emittance Problem. The inverse light

source emittance problem (EP) was the first to be ad-

dressed by the scientific community. In the EP, the light

source positions, along with their characteristics such

as type, shape and size, are preconfigured and only the

emittance and colour of the light sources are calculated.

Schoeneman et al. [17] define the lighting of a sur-

face by prompting the user to paint the desired colour

directly onto surfaces of a scene. Then, using a con-

strained least squares solver, they determine the light

intensities and colours of a set of light sources with

known positions. The method is based on the observa-

tion that when the positions and directional profiles of

a set of candidate luminaries are fixed, the determina-

tion of the final number of lights to use along with their

emittance is a linear optimization problem. The same

observation is key to a number of publications that fol-

lowed and we also take advantage of it in locally resolv-

ing the emittance of a particular light configuration in

our optimizer.

Kawai et al. [7] proposed a radiosity-based inverse

lighting method that aims to minimize the global en-

ergy of the scene as well as achieving perceptual goals.

By using constraints and subjective design goals, they

optimize the intensities, direction and distribution of a

set of light sources as well as the reflectivity of surfaces.

Light Source Positioning Problem. This inverse

lighting sub-problem (LSP) optimizes the location and

orientation of luminaries of known emittance in order to

achieve a desired effect. Poulin and Fournier [14] pro-

posed a method to indirectly control the light source

positions in a scene by directly manipulating their shad-

ows and highlights. Inspired by this work, Poulin et al.

[15] proposed a system that controls the positions of a

number of light sources by sketching shadows and high-

lights in a scene. The user sketches the desired light-

ing intent using strokes and the system creates a light

source or configures an existing one in order to match

the desired effect. It also offers anti-sketch strokes, to

mark areas where a shadow or highlight should not be

placed. The placement of light sources is performed via

a non-linear constraint optimization algorithm.
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Inverse Lighting Problem. The full inverse light-

ing problem is considered complex to solve, due to its

high parameter space dimensionality. Due to its rele-

vance, here we present several methods that have been

proposed that aim to simultaneously address both the

emission and the position computation problems, with

an emphasis on the two recent methods our work is

mostly related to.

Costa et al. [3] introduced a custom scripting lan-

guage to define illumination constraints and form an

objective function and used the Adaptive Simulated

Annealing algorithm to find the light source positions

and intensities. Pellacini et al. [13] presented a work-

flow, where artists can paint the desired lighting effects

directly onto the current image of the scene. An impor-

tance map is obtained from the painted target image

plane and the system applies the non-linear simplex al-

gorithm to adjust the lighting parameters of various

light sources by minimizing the goal function, which is

the weighted average of the difference between the com-

puted and desired illumination. Schwarz and Wonka

[18] solve the inverse lighting problem for specialized di-

rectional sources using an optimization algorithm, but

with a highly-constrained light parameter space.

The minimization of total emission power is intro-

duced in the ILP by Castro et al. [1]. They substi-

tute the distance function of the computed and de-

sired illumination with a set of constraints and min-

imise the total emissive power using local search algo-

rithms, such as Hill Climbing and Beam Search. For

calculating the emittance values, they used the radios-

ity algorithm. Later, the authors improved the method

[2] by using global approaches to search the solution

space and avoid getting stuck in local minima. They

offered an implementation based on variants of Genetic

and Jumping Particle Swarm optimization algorithms

and experimented with a hybrid approach that com-

bines local and global search methods.

Fernández and Besuievsky [5] presented an inter-

esting formulation of the objective function to simul-

taneously estimate optimal light sources and skylight

openings, by modelling the latter as area lights. The

objective function is to keep the energy consumption of

the light sources at a minimum or/and maximize the

contribution of the skylights. They used the radiosity

algorithm to compute the illumination in the scene and

solve the optimization problem by using the VNS meta-

heuristic algorithm.

Methods based on aesthetic goals have been also

proposed, such as the approach of Shacked and Lischin-

ski [19] and Leon et al. [10], where the lighting

configuration targeted the optimization of custom,

perceptually-driven metrics.

A hierarchical coarse-to-fine ILP solver was pro-

posed by Lin et al. [9]. They break the scene into sur-

face samples, which are painted by the user with the de-

sired illumination. Subsequently, they iteratively spread

unit-intensity lights in a volume grid, optimize their in-

tensity using a constrained linear least squares solver

and prune lights with low contribution. Using the re-

maining lights, they build a light hierarchy top to bot-

tom, by splitting the sparse cells that are occupied by

these light sources. Finally, they traverse the hierar-

chy, optimizing each cut using a non-linear least squares

method [11], aiming to minimize the number of lights.

Finally, Gkaravelis et al. [6] presented a hybrid non-

linear/linear optimization strategy to solve the inverse

lighting problem. Given a set of user-painted lighting

samples on surfaces and the number of light sources to

optimize, they solve the problem using a nested Simu-

lated Annealing / linear solver. In the outer loop, they

find a light position configuration using Simulated An-

nealing (SA) on the discrete light source positions. The

key idea in this optimization step is that the probability

of transition to a better state in the annealing scheme is

linked to the selection of best-ranking mutations. These

candidates are provided by a specially constructed in-

dex that prioritizes new light configurations with the

least residual error to the goal, given a current con-

figuration as input. In each SA iteration a constrained

linear least squares solver modulates the light sources’

emittance.

3 Method Description

Our method exploits the idea of optimizing the coverage

of light sources, presented in [6] to formulate a complete

method for estimating both the number and the light

parameters of luminaries (position, emittance). To this

end, we propose a novel special hierarchical light clus-

tering approach that prioritises light coverage and thus

overcomes limitations of previous methods in environ-

ments with high occlusion or structural complexity. As

an additional constraint, placement of luminaries can

be optionally limited to locations near geometry, for

plausible architectural results.

The light hierarchy is built bottom-up, similar to

many other approaches that address the many lights

problem [4]. However, in contrast to these approaches,

whose goals are different, during light clustering, rep-

resentative (aggregate) nodes are selected among exist-

ing light sources that best compensate the energy loss

at the measurement points. With this strategy, we di-

rectly optimize light coverage and quickly converge to

a high-fidelity solution.
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It is worth noting here that although the proposed

light clustering method was conceived for solving the

ILP problem, it can be directly applied to typical light

or virtual point light clustering scenarios, if we consider

as a target illumination (goal) irradiance samples mea-

sured using the initial set of light sources.

3.1 Problem Formulation

Let Ires(P, si) be the illumination result of a lighting

configuration P at the measurement point si. The light-

ing configuration P consists of k light sources which

can be described by a central position lj and an emis-

sion distribution Le(lj , ω) = ajL̃e(lj , ω), where aj is a

colour presence factor and L̃e(lj , ω) a unit output radi-

ance distribution. The measured contribution of a light

source j to the illumination of a given point is linearly

dependent on aj . Now, we can define ILP as an opti-

mization problem, resulting in a lighting configuration

P for which a distance function D between the result-

ing illumination Ires(P, si) and the goal illumination

Igoal(si) is minimized:

arg min
P

D(Ires(P ), Igoal) (1)

D is expressed as the `2 norm of the difference of the

illumination values at all measurement positions si.

The light intentions are directly painted or oth-

erwise specified as irradiance values onto the three-

dimensional environment, which are subsequently uni-

formly sampled and given as input to our algorithm in

the form of a discrete set of Ns measurement points

si, and their associated lighting goal Igoal(si). Igoal can

be radiance, irradiance or radiosity depending on the

needs of the underlying application. In our implemen-

tation, we use irradiance.

3.2 Method Outline

Our algorithm searches the solution space and tries to

find an optimal lighting configuration that produces an

illumination distribution similar to the goal by simul-

taneously minimizing the number of light sources used.

In our implementation, for a given light source we only

optimize its position and emittance and consider its

directional emittance distribution fixed. Although an

extension to include directional optimization would be

possible by also discretizing the directional domain, the

dimensionality increase would render the global opti-

mization cycle very hard to converge, due to the far

too many local optima.

SceneGoal Illumination

Initialization

User Input

Final Configuration

Final Refinement

Light Clustering

Optimal Configuration Estimation

Light Tree Traversal

Optimize Cut

Fig. 2 Our ILP method outline.

First, an initial light configuration is computed

(Sec. 3.3), which is used to build a light hierarchy

(Sec. 3.4). Next, the hierarchy is traversed to obtain

an optimal configuration (Sec. 3.5), which is further re-

fined to produce a non-discretised solution (Sec. 3.6).

The above method outline is also presented in Fig. 2.

Our approach does not depend on a specific underlying

radiance estimator, allowing for the adoption of any

suitable rendering approach to meet the needs of a par-

ticular application.

3.3 Initialization

We first discretise the domain of all the potential light

source positions into a fine grid of NL cells and initialize

a representative unit flux light source at the center of

each cell. We avoid using a coarse-to-fine approach, like

the one used by Lin et al. [9], because such a technique

usually fails in medium- or high-occlusion environments

due to the initial under-sampling of the scene that can

result in the exclusion of certain areas.

The contribution vector. For each one of these po-

tential light sources j, we compute the light contribu-

tion Ires(j, si) to each measurement point si and store it

to be used later in the process. The combined contribu-

tion from a single light source j to all Ns measurement

points is compacted into a (tri-chromatic) contribution

vector cj ∈ R3×Ns

≥0 .

Initial lighting configuration. Similar to some previ-

ous approaches, an initial lighting configuration Pinitial

is obtained by optimizing the presence factor (aj) of

all NL lights using a non-negative linear least-squares

solver on Eq. 1:

arg min
a1...aNL

||Igoal − Ires(P )||2 (2)
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Near-zero presence factors aj imply the absence of the

corresponding light sources, which are therefore ex-

cluded from P to form Pinitial.

While the above solution will give the best lighting

configuration based on the discretisation of the 3D en-

vironment, it has two major issues. First, Pinitial has

too many light sources. Second, as a result of the abun-

dance of candidate lights, the solution is biased towards

light sources very close to si. This is one reason why Lin

et al. [9] favour a coarse-to-fine strategy, which limits

the candidate luminaries at each level. Unfortunately,

this also leads to localized non-globally optimal solu-

tions with high error.

3.4 Light Clustering

Starting from the dense population of candidate lights

Pinitial from the initialization step, we build a hierar-

chical light tree in a bottom-up approach. In our work,

at each hierarchical clustering step we merge two light

nodes which have similar contribution vectors, unlike

other light clustering techniques, which prioritize nodes

with the least error or nodes that are close in the spa-

tial domain. This way, we cluster lights that are likely

to produce the same effect on the measurement points,

leading to a wider exploration of the sample coverage

space and more separable light configurations.

We measure similarity of two lights s, t as their `2-

norm distance of their contribution vectors cs, ct:

D(m,n) = ||cs − ct||2 (3)

To select a representative light for lights s, t, we re-

move the two lights from the current configuration P ,

resulting in a reduced one P ′. Then, we compute its

illumination Ires(P
′), where the emitted radiance and

hence the radiant flux of each light source in P ′ is op-

timized using Eq. 2. The residual vector Idiff (P ′) be-

tween Ires(P
′) and the goal Igoal is subsequently cal-

culated and normalized per color channel separately.

Finally, we search for a light r, from the initial set of

NL light sources, whose normalized contribution vector

cr is closer to the normalized Idiff (P ′) (Algorithm 1,

findSimilarContribution function). Any search mecha-

nism can be used in this procedure, although in our

implementation we did not use any query acceleration

structure (for the justification, see Section 4). The light

clustering principle is illustrated in Figure 3 and also

presented in Algorithm 1.

In other words, we seek the best complementary

light to fill in the residual error left by removing the

s, t light sources. We investigate solutions in coverage

space, where neighbouring light sources are not neces-

sarily adjacent in the spatial domain, thus exploiting

(a)

(b)

(c)

(d)

Fig. 3 Light clustering step example. For a given lighting
configuration (a), we remove two light sources (blue and ma-
genta) and compute the illumination from the remaining light
sources. Then, we subtract the incomplete illumination from
the goal illumination (b), find a light source that best comple-
ment the missing illumination (c) and add it to the lighting
configuration. (d) shows the resulting lighting configuration.
Grey blobs indicate the resulting error at the measurement
locations.

Algorithm 1 Light clustering procedure
while #P > 1 do

[s, t] = arg mins,t D(s, t), s, t ∈ P
P ′ = P − {s, t}
r = findSimilarContribution(Idiff (P ′))
P = P ′ + {r}

end while

the fact that light sources in completely different lo-

cations can provide the same lighting contribution to

the measurement points. We repeat the process, until

there is only one light source in the configuration. Using

normalized residuals and contribution vectors, factors

out the dependence on emittance and ensures a good
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Fig. 4 Steps of the hierarchical tree construction. Two light
candidates are selected and replaced by a light source that
best complements the missing contribution.

coverage of the measurement points in terms of light

transport efficiency.

In Figure 4 we present an example of the light tree

hierarchy construction steps, where we demonstrate

the strategy for selecting a light cluster representative,

based on similar coverage.

3.5 Determining the Optimal Configuration

We start traversing the light tree top to bottom, gener-

ating tree cuts in the reverse order of clustering. Despite

the fact that light clustering is performed in a non-local

manner in terms of the light parameterization space,

the resulting cut is not guaranteed to be a global opti-

mum given a specific error level. Therefore, for each new

cut, we further optimize its corresponding lighting con-

figuration Pcut using a hybrid non-linear optimization

algorithm similar to the one used in [6]. A simulated

annealing cool-down loop performs a mutation of the

configuration and at each step, an inner linear solver

computes the optimal mutated presence factor state

according to Eq. 2. Lower residual solutions are always

accepted and mutated states with a higher illumination

difference are accepted with a probability proportional

to the cooling temperature. The maximum number of

iterations for the annealing process was fixed to 1000,

which is sufficient, since the light hierarchy provides

near-optimal solutions.

Mutation Strategy. In the optimization process, for

a given lighting configuration Pcurr, we select and re-

move one light at random and compute the normalized

illumination residual to the goal, similar to Section 3.4.

Then we search for the m lights with the most similar

normalized contribution to the residual and select one

at random as a replacement to form the next lighting

configuration state Pnext. We typically set m to a value

between 8 and 16.

Determining the number of lights. The number of

lights is indirectly determined by the optimal cut. Dur-

ing the top-down traversal of the light tree, we stop

when the relative improvement is below a threshold

εimprov:

∇D(Ires(Pcut), Igoal)/D(Ires(Pcut−1), Igoal) < εimprov

(4)

Furthermore, cuts with high starting error are unlikely

to improve significantly during the non-linear optimiza-

tion. Therefore, to save computations, we skip all cuts

with an illumination error above εopt and only optimize

cuts that have a lower error value. In other words, the

εopt threshold determines the level of the tree below

which the optimization process is triggered. The user

can control the quality of the resulting lighting con-

figuration and indirectly constrain the number of lights

that will be used, by setting the εopt and εimprov thresh-

olds respectively. In our tests, εopt was set between 0.2

and 0.3, depending on the desired quality of the illumi-

nation. For the εimprov we use the value 0.1, throughout

all experiments.

3.6 Final Refinement Step

Finally, we refine the solution from the previous stage

with a continuous hybrid non-linear/linear optimizer,

with a nested linear optimization on the emittance, in

order to compute a non-spatially quantized light config-

uration. We used the non-linear simplex algorithm [11]

on the light positions and a constrained non-negative

linear optimizer [8] for the emittance and we re-evaluate

the contribution of each light source in every optimiza-

tion step. Since the solution from the light tree cut

determination stage provides a near-optimal configu-

ration, the refinement converges quickly.

4 Evaluation and Results

We performed our tests on scenes with varying geomet-

ric complexity. We mainly focus on environments with

a high degree of structural complexity, since such envi-

ronments are usually encountered in realistic ILP ap-

plication cases, where manually placing luminaries can

be challenging.

For the illumination evaluation we used a hybrid

CPU/GPU NVIDIA Optix-based path tracer of up to

2 light bounces. All experiments were conducted on an

Intel i7-4930 CPU with an NVIDIA Geforce GTX 780Ti

GPU and report times in seconds. The reported times

of our optimization algorithm are for a single thread,
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although a multi-threaded approach is feasible by split-

ting the solution space or execute many instances of the

algorithm concurrently. Finally, we have implemented

a GPU-accelerated k−Nearest Neighbour linear search

mechanism for the light source search phases of the al-

gorithm (mutation, light clustering), with an average

search time of 0.5 − 6ms for 200 to 500 measurement

points. We did not use a binary tree structure such a k-

D tree, due to its low performance on high-dimensional

data such as our contribution vectors cj .

Correctness. In this section, we evaluate the accuracy

of our method. Due to the fact that a designer or artist

may request an illumination level in a scene that is very

difficult or even impossible to achieve, for this purpose

we used irradiance levels at uniformly distributed sam-

pling points si that are determined by manually-placed

luminaries. Our algorithm computes an optimal con-

figuration (number of lights, light source positions and

colour emittance) and we compare the resulting config-

uration and lighting level with the original.

For the Apartment scene, shown in Figure 6, we

manually placed 10 light sources at typical fixture loca-

tions. Our algorithm computed a lighting configuration

almost identical to the manually-provided one, in 15

seconds, with 10 light sources and 0.9% illumination

error.

In the Office scene (Figure 7), we employed both a

direct-only and a global illumination irradiance estima-

tor, resulting in two individual goals Igoal, for 9 light

sources. For the case of direct-only illumination, the re-

sulting configuration consisted of 9 lights and an error of

1.4%, whereas the GI test resulted in 10 lights and 7.2%

error. The algorithm took 16 and 120 seconds respec-

tively to compute the lighting configuration, the latter

time mainly attributed to the light transport evaluation

cost. We also ran this experiment with the method by

Lin et al. [9] with a weak light contribution threshold

of 5% and reported an error of 38.0% for direct-only

illumination and 11.6% for the GI test.

We also present in Figure 5 the convergence rate

of our optimization method for the Office scene. It can

be seen that the error of the solution provided by our

method has converged to a minimum and more itera-

tions of our method are unnecessary.

Light tree error evaluation. In Figure 8, we evalu-

ate the behaviour of the error as the light tree is tra-

versed top to bottom to locate an optimal cut, using

the Apartment scene of Figure 6. As described in Sec-

tion 3.5, the tree is traversed using the stored residual

error from the clustering stage, until eopt is met (red

plot). For the rest of the traversal, we also enable the

hybrid linear/non-linear optimizer that reduces the er-
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Fig. 5 Example of the convergence rate of the optimization
phase of our method.

Fig. 6 Correctness test. Left: The manually-defined light-
ing configuration. Right: The computed lighting configuration
(0.9% error).

ror of each cut (shown in light red) down to the level

indicated by the green plot. In the same figure, we also

report the error of the method by Lin et al. [9] that

we compare our approach against, shown in grey and

marked as HLD. A first observation is that, since during

clustering we always select the best complement with

respect to the illumination residual, error is quickly sup-

pressed high in the light hierarchy. Second, moving to

a tree cut with more light sources can actually increase

the error. This behaviour is related to the bottom-up

build process of the tree: since we place a representative

light based on the illumination residual to the goal and

not the contribution of the two merged lights (removed

from the configuration), there are cases where the rep-

resentative light is actually better than the two sources

it substitutes.

Evaluation with user-defined goals. In this para-

graph, we measure the performance of our algorithm

with arbitrary illumination goals, by allowing the user

to paint directly onto the surfaces of the scene. First,

we measure the performance in the Sewers scene (Fig-

ure 9, left), which is a network of tunnels, where we
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Fig. 7 Correctness evaluation against a ground truth illu-
mination goal, using two different lighting estimators.
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Fig. 8 The optimal light determination progress for the
Apartment scene (Figure 6). HLD denotes the corresponding
error levels for the method in [9].

Fig. 9 The resulted configuration where the requested goal
was a uniform illumination on the tunnels of the Sewer and
the Cloister models.
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Fig. 10 Experiments with a user-defined illumination goal.
Left: uniform lighting experiment. Right: high-contrast illu-
mination target. From top to bottom: The user-provided light
intents, our results, lighting configurations using the method
by Lin et al. [9].

request uniform white irradiance values across the floor

surfaces. Our algorithm computed a lighting configura-

tion with 11 light sources and 7.3% illumination error,

in 13 seconds. In the same figure, a Cloister scene is

shown, where uniform illumination is requested on the

floor of the arcades and also we painted a bright de-

sired illumination on the centre of atrium to highlight

a statue. The computed lighting configuration consists

of 10 light sources and an illumination error of 13%.

Next, we measured the performance of our algo-

rithm in the Apartment scene, with two different tests.

In the first (Figure 10, left) we specified a uniform

white illumination on the floor across the entire scene.

This is a challenging goal because uniformity across the

surfaces of the scene is very difficult to achieve, un-

less many light sources are used, especially for high-

occlusion environments like this. Our method (middle

row) performs quite well in this difficult case, achieving

a near-uniform illumination with 15 light sources and

19.5% error. In the second test, we described an extreme

illumination condition goal, by requesting different light

colours in some rooms with abrupt transitions. The re-

sults can be seen in the right side of Figure 10, where

our method achieved an error of 17.3% with 18 lights.

Constrained light placement. Here, we experi-

mented with restricting the placement of light sources

only near objects, since in many realistic scenarios, light

fixtures are seldom placed far away from geometry. We
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Fig. 11 Achieving lighting configurations with the restric-
tion that lights should only be placed near surfaces. Left:
6.1% error. Right: 12.8% error.

implemented this constraint by voxelising the geometry

and dilating the volume up to the desired distance from

the surfaces. Only the dilated voxels were then marked

as candidate cells for the initial light placement.

In the example of Figure 11 (left), we wanted to

illuminate the top floor of the Museum scene as well

as the pedestal at the centre of the hall. Our algo-

rithm produced a lighting configuration with 6.1% error

and 43 light sources, spread throughout this large two-

storey environment of interconnected spaces. In Fig-

ure 11 (right) we wanted to restrict the uniformly bright

illumination to the arcade. Our method produced a rea-

sonable lighting configuration with an error of 12.8%

and 4 lights.

Comparative Evaluation. In the following text,

we compare our method with the recently published

method of [9]. The illumination improvement threshold

was fixed to 1.1 and the weak light contribution thresh-

old varied between 1% and 5% in order to achieve the

optimal results. Table 1 presents the results for the tests

using various scenes shown throughout the paper with

diverse illumination goals.

Indicatively, in Figure 7 (bottom row) we can see the

lighting configuration of the compared method, which

achieved an error value of 38.3% with 11 light sources

and 11.6% with 16 sources, for the direct-only and

global illumination cases, respectively. The method by

Lin et al. failed to put light sources in small rooms, due

to the choice of light clustering strategy and coarse to

fine light placement, which tends to avoid placing light

sources in small areas and usually places light sources

only in one side of barriers.

For the Apartment scene in Figure 10, the compared

method produced a lighting configuration with an error

quite close to ours but with double the light sources (30

instead of 15) for the uniform light intentions (left). In

the high-contrast case (right), our method produces a

configuration with approximately half the error value

of the compared method and fewer light sources.

Our method [9]

Scene Error Lights Error Lights
(Time) (Time)

Sponza 21.1 22 26.9 28

Uniform Igoal (30s) (19s)

Sponza 23.2 50 30.8 52

Multi-Color Igoal (37s) (29s)

Apartment 19.5 15 20.2 30

Uniform Igoal (16s) (21s)

Apartment 17.3 18 40.2 24

Multi-color Igoal (100s) (90s)

Sewers 7.3 11 27.1 24

(Direct) Igoal (13s) (6s)

Sewers 15.3 10 27.3 25

(GI) Igoal (136s) (160s)

Office (Direct only) Igoal 1.36 9 38.3 11

(16s) (10s)

Office (GI) Igoal 7.2 10 11.6 16

(110s) (120s)

Table 1 Illumination error/time and computed light sources
for our method and our implementation of the approach by
Lin et al. [9]. The first six rows present results of scenes
where the illumination goal is painted directly by the user. In
the last two rows, the illumination goal is calculated from a
known lighting configuration.

It is important to note here that although we borrow

the best-complement light selection idea of Gkaravelis

et al. [6], the two methods follow a different optimiza-

tion strategy to solve a different problem (we also opti-

mize the number of luminaries) and therefore, there is

no practical value or way to compare them.

5 Conclusions and Future Research

We presented a method to solve the inverse light-

ing problem by determining the number, position and

emittance of light sources. To this end, we proposed

a novel and efficient light clustering approach based

on light contribution complementarity with respect to

the desired illumination goal that quickly converges to

a high-quality configuration, after efficiently exploring

the search space. Key to the fidelity of the solution is

also the bottom-up light tree generation, which never

misses important lights. Currently, our method sup-

ports omni-directional point lights but in the future,

we would like to include other parameters, such as the

size, orientation and shape of luminaries. Since our light

clustering approach is generic enough, we believe it is

also worth evaluating its performance in the general

and interesting class of many light problems.
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Walter, B., Novák, J.: Scalable realistic rendering with
many-light methods. Computer Graphics Forum 33(1),
88–104 (2014)

5. Fernández, E., Besuievsky, G.: Technical section: Inverse
lighting design for interior buildings integrating natural
and artificial sources. Comput. Graph. 36(8), 1096–1108
(2012)

6. Gkaravelis, A., Papaioannou, G., Kalampokis, K.: Inverse
light design for high-occlusion environments. In: Pro-
ceedings of the 10th International Symposium on Smart
Graphics, SG ’09, pp. 128–139. Springer-Verlag, Berlin,
Heidelberg (2015)

7. Kawai, J.K., Painter, J.S., Cohen, M.F.: Radioptimiza-
tion: Goal based rendering. In: Proceedings of the 20th
Annual Conference on Computer Graphics and Interac-
tive Techniques, SIGGRAPH ’93, pp. 147–154. ACM,
New York, NY, USA (1993)

8. Lawson, C., Hanson, R.: Solving Least Squares Problems.
PrenticeHall (1987)

9. Lin, W.C., Huang, T.S., Ho, T.C., Chen, Y.T., Chuang,
J.H.: Interactive lighting design with hierarchical light
representation. Comput. Graph. Forum 32(4), 133–142
(2013)

10. Lon, V., Gruson, A., Cozot, R., Bouatouch, K.: Auto-
matic Aesthetics-based Lighting Design with Global Il-
lumination. In: J. Keyser, Y.J. Kim, P. Wonka (eds.)
Pacific Graphics Short Papers. The Eurographics Asso-
ciation (2014)

11. Nelder, J.A., Mead, R.: A simplex method for func-
tion minimization. The computer journal 7(4), 308–313
(1965)

12. Patow, G., Pueyo, X.: A survey of inverse rendering prob-
lems. Computer Graphics Forum 22(4), 663–687 (2003)

13. Pellacini, F., Battaglia, F., Morley, R.K., Finkelstein, A.:
Lighting with paint. ACM Trans. Graph. 26(2) (2007)

14. Poulin, P., Fournier, A.: Lights from highlights and shad-
ows. In: Proceedings of the 1992 Symposium on Interac-
tive 3D Graphics, I3D ’92, pp. 31–38. ACM, New York,
NY, USA (1992)

15. Poulin, P., Ratib, K., Jacques, M.: Sketching shadows
and highlights to position lights. In: Proceedings of the
1997 Conference on Computer Graphics International,
CGI ’97, pp. 56–. IEEE Computer Society, Washington,
DC, USA (1997)

16. Schmidt, T.W., Pellacini, F., Nowrouzezahrai, D., Jarosz,
W., Dachsbacher, C.: State of the art in artistic editing
of appearance, lighting, and material. In: Eurographics
2014 - State of the Art Reports. Eurographics Associa-
tion, Strasbourg, France (2014)

17. Schoeneman, C., Dorsey, J., Smits, B., Arvo, J., Green-
berg, D.: Painting with light. In: Proceedings of the 20th
Annual Conference on Computer Graphics and Interac-
tive Techniques, SIGGRAPH ’93, pp. 143–146. ACM,
New York, NY, USA (1993)

18. Schwarz, M., Wonka, P.: Procedural design of exterior
lighting for buildings with complex constraints. ACM
Trans. Graph. 33(5), 166:1–166:16 (2014)

19. Shacked, R., Lischinski, D.: Automatic Lighting Design
using a Perceptual Quality Metric. Computer Graphics
Forum (2001)


