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Figure 1: Our approach learns the user’s habitual behavior (e.g., reading while lying in bed) in an indoor scene from his/her
immersive virtual experience (left). The learned behavioral data are applied to generate an optimized lighting solution (right).

ABSTRACT

A good indoor lighting solution should fit with people’s habitual
activity and have a low energy cost. However, it’s challenging to cap-
ture and model human activity in reality due to its high complexity,
let alone incorporating it into lighting planning. As a result, indoor
lighting designing still relies on professional’s hands, which is la-
borious and inefficient. To solve this problem, we propose a novel
framework for automatic indoor lighting generation driven by human
activity learned from virtual experience. We first harnesses Virtual
Reality to simulate and model the user’s daily activities within an
indoor scene, and then devises a robust objective function which
encompasses multiple activity-driven cost terms for lighting layout
optimization. With the objective function and the collected user
behavioral data, such as trajectory and head pose, an optimization
algorithm is applied to search for the optimal solution. Experiments
under different indoor scenes demonstrate that the proposed method
can generate lighting solutions that meet personalized behavioral
needs in an energy-economic way, which are competitive against
those designed by professionals.

Keywords: Human-centered Design, Virtual Reality, Interior De-
sign, Remodeling.

1 INTRODUCTION

Research shows that people spend up to 18 hours indoor on average
every day [12]. Ensuring optimal indoor lighting is thus essential for
maintaining high living and working standards. In indoor lighting
designing, human factors such as visual performance and visual
comfort are at a central position, which has been delineated in light-
ing standards set by the International Commission on Illumination
(CIE) [6]. Common standards include that the bedroom needs soft
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light to protect sleep, while the light in a study room should be
sufficient to enable activities like reading and writing. However,
such rules only apply to general scenarios and can hardly meet per-
sonalized demands. For example, some people prefer to work in
the dining room rather than in the study, which could cause signifi-
cant changes in the lighting layout of the corresponding functional
area. Furthermore, additional factors, such as energy consumption
and aesthetic considerations, exacerbate the complexity of the issue.
As a result, designing indoor lighting properly is nontrivial, and it
still relies on experienced professionals at present [7, 23], which is
labor-intensive and time-consuming.

Recent studies resort to deep learning to achieve automatic gener-
ation of indoor lighting layout. The paradigm [5, 37] utilizes neural
networks to model lighting’s impact on key factors like space usage,
aesthetics, and visual comfort. It achieves this by learning from
numerous manually crafted lighting solutions and then optimizes
an objective function based on lighting standards and predefined
assumptions related to these factors. Despite their efficiency, ex-
isting methods neglect the effect of human activity when planning
lighting, hence they yield solutions that are fixed to the indoor space
layout and cannot fit with different occupants’ needs. In reality, peo-
ple move around the scene and interact with objects following their
unique routines. This has posed a big challenge to capture and model
human activities due to the intricacy of indoor scene and the variety
of activity, thereby seriously obstructing the integration of human
activity into lighting scheming algorithms. In comparison to record-
ing real-life activities, capturing and modeling various activities
in a virtual environment [27, 28] proves to be more feasible. Vir-
tual Reality (VR) technology offers a cost-effective and controlled
method for simulating real-world environments and immersive user-
environment interactions. This capability facilitates efficient human
data collection, paving a promising pathway to integrate human
activity into lighting layout generation.

In this paper, we leverage virtual reality to simulate and model a
person’s daily activities within an indoor scene, and devise a robust
objective function to optimize lighting layout with the collected
behavioral data. Specifically, we build up high-fidelity virtual indoor
scenes and let the user to immersively interact with the virtual scene
using an HMD and a corresponding gamepad. The user’s core
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behavioral data including moving trajectory, gaze and head pose are
simultaneously recorded. These data are then utilized to construct
multiple novel human-centered cost terms to measure the degree
of alignment between the received illumination intensity and the
recommended one when the user is doing an activity, if lamps are
placed on the user’s moving pathway, and the energy consumption,
etc. Additional cost terms on illumination smoothness over the space
and lighting layout symmetry are further developed to strengthen
the objective function. Finally, we apply an optimization algorithm
to search for the optimal layout from a roughly-initialized state. We
have evaluated the proposed method under different indoor scenes
and validated its results with a rigorous user study.

The major contributions of this work are summarized as follows:

• We propose a novel framework for automatic indoor lighting
generation driven by human activity data learned from immer-
sive virtual experience.

• We devise a novel objective function for lighting optimization,
which incorporates constraints on several crucial factors in-
cluding human activity, energy consumption, illumination’s
spatial smoothness, and lighting layout symmetry.

• We conduct qualitative and quantitative experiments on mul-
tiple scenarios to validate the effectiveness of the proposed
approach. The results show that our approach is able to gener-
ate comfortable and energy-saving lighting solutions.

2 RELATED WORK

We provide a succinct overview of the aspects of personalized inte-
rior design and lighting evaluation. Additionally, we review previous
works in human behavior modeling, which are highly related to our
problem [15, 22, 36, 48].

2.1 Personalized Interior Design

There are many elements to consider in interior design, including
furniture layout [32], materials [8], style [17] and so on, which affect
the user’s perception and experience. Different people have different
preferences, so the same design may be evaluated differently by dif-
ferent users. In order to satisfy users’ personalized needs, designers
carry out user-centered design [25]. Some traditional methods are
time-consuming in practice, include questionnaires [33], face-to-face
interviews [2] and focus groups [1].

In recent years, deep learning has begun to be applied in various
industries, including the design field. Xin et al. proposed an indus-
trial furniture layout dataset that combines the individual needs of
the owners, in which each furniture automatic layout sample corre-
sponds to the individual needs of the owners [11]. Taking an empty
floor plan and personalized needs as input, some jobs apply neural
networks to automatically select furniture and automatically lay out
furniture in indoor scenes to meet personalized needs [26, 47]. In
addition, there are some studies on capturing users’ personal habits
and optimizing furniture layout [28] and object layout [29] through
VR devices, which take into account the human consumption caused
by user habits caused by layout. N. Vitsas [43] proposed a method
to optimize furniture arrangement by combining lighting targets
with functional constraints. Among other design elements, Yu et al.
propose a method for texture assignment and colorization of virtual
scenes based on user mood [38].

In the previous personalized interior design, little attention was
paid to lighting, which is also an important part of interior design.
Different from the previous personalized interior design, we propose
a framework to optimize the indoor light source layout based on the
user’s personal habits, which makes the user feel comfortable.

2.2 Lighting Standards Assessment
Good lighting can not only illuminate a space, but also effectively
prevent fatigue and accidents. In the field of interior design, there
are many effective methods for evaluating indoor lighting effects
[10, 41]. Some approaches suggest following standard practical
guidelines in interior layout design [23, 42]. Others use indicators
such as illuminance, brightness and color rendering to measure the
effectiveness of lighting design. Illuminance measures the amount of
light falling on a surface, while luminance measures the amount of
light reflected from the surface [16]. Color rendering measures the
ability of a light source to accurately render colors in its environment
[19]. The combination of these metrics can provide a comprehensive
assessment of lighting layouts and help designers identify areas for
improvement, but these are not intuitive to the non-specialist.

Nowadays, some commercial software has emerged to simulate
and visualize lighting layouts, such as DiaLux [31], SketchUp [9],
and LucidShape. Guerry et al. [18] used DiaLux to optimize the
luminous environment. PG Ellis [13] designed an energy design plu-
gin for SketchUp. These applications leverage computer-generated
models to simulate lighting conditions and visually represent the
lighting layout. Designers can efficiently experiment with different
lighting scenarios, assessing both suitable layouts and energy con-
sumption [24, 30]. However, these evaluation methods still measure
the lighting layout from the perspective of designers, without taking
into account the evaluation of the lighting by the people who use the
space in the scene activities in real. Considering people’s feelings in
the environment, some assessments incorporate ergonomic indica-
tors, such as the Unified Glare Rating (UGR) [3], which quantifies
discomfort caused by glare in the lighting environment.

In this paper, we design a loss function to evaluate interior design
lighting layout, including indoor lighting evaluation criteria, energy
consumption evaluation and human experience evaluation. This
lighting evaluation aims to provide users with a personalized and
adaptive lighting environment, presenting a promising avenue for
future research in lighting assessment.

2.3 Human Behavior Modeling
According to the user’s behavior sequence over a period of time,
user portraits can be described, which is very helpful for improving
many estimated effects. User behavior can be obtained through many
aspects, such as system collection, video detection, etc. In the early
days, some people regarded user historical behaviors as an unordered
collection and then established a behavior pool. Someone proposed
to flexibly capture the connection between global and local behaviors
based on the Attention mechanism [14,49]. Others propose to regard
user behavior as a sequence with time attributes and use networks
such as RNN and LSTN to extract behaviors [20, 44]. Accurate user
behavior modeling can assist the model to better understand the key
links of users.

With the development of virtual reality, virtual devices can accu-
rately collect user operation data to model human behavior. Given
the immersive nature of virtual reality, some studies use virtual
devices (such as HTC Vive) to immerse people in the virtual envi-
ronment and then collect data to model user behavior [28,45]. Based
on behavioral data that is close to reality, users’ operating habits
can be corrected in a targeted manner, such as driving, surgery [4],
etc. In addition, Peck et al. studied the redirection problem of walk-
ing trajectories, allowing users to roam better in the scene [35, 40].
These methods have consolidated and verified the effectiveness of
modeling user behavior in virtual reality.

In this paper, we propose to use an HMD and a corresponding
gamepad to capture and model users’ interactive behaviors, which
is then employed for optimizing indoor lighting layouts. Our ap-
proach ensures that the resulting lighting layout is better aligned
with the user’s personalized requirements, addressing both energy
consumption control and user experience.

277

Authorized licensed use limited to: Zhejiang University. Downloaded on November 06,2026 at 06:13:36 UTC from IEEE Xplore.  Restrictions apply. 



Figure 2: Overview. Given an indoor space layout (Input), the users wear HMD and hold the corresponding gamepad to complete some daily
tasks in the virtual scene, just as they do in real life. Their moving trajectory, gaze and head pose are recorded during virtual experiencing
(Activity Simulation). The collected behavioral data are utilized to construct novel cost terms to guide an optimization process (Lighting
Optimization), which iteratively updates the light’s position, intensity and direction to achieve a comfortable and energy-efficient lighting
solution (Output).

3 OVERVIEW

Given an initial scene, our approach aims to find an optimal lighting
configuration L∗ that conforms to user habits while saving energy.
The user habits refer to the activities that users frequently do in the
scene, such as interactive objects, interactive locations, orientation of
head posture, trajectory, and so on. Energy refers to the consumption
of light energy provided for user activities. Lamps are available in
various types and in varying numbers. However, the upper limit of
the number of different lamps is directly related to the type and area
of the furniture. For example, there is at most one bedside lamp on a
bedside table. We specified the maximum number of various lights
according to the type and area of furniture in the scene. The specific
calculation process can be found in the supplementary materials.

Assuming that there are M pieces of furniture in the initial scene
and the maximum number of placeable lights is N, where each
light belongs to a piece of furniture in the scene. A complete indoor
lighting layout is denoted as L, which includes the position (xi,yi,zi),
the direction oi, and the intensity value of each light Ii. Therefore,
L = {li|li = (xi,yi,zi,oi, Ii)}, where i ∈ {1,2, · · · ,N}. To achieve
our goal, our framework consists of two stages: activity simulation
and lighting layout optimization, which is shown in Fig 2.
Activity Simulation. With an Oculus helmet and a gamepad, the
user is immersed in a virtual scene with even and uniform light-
ing. Users control directions and select some actions through the
gamepad to perform daily activities. We collect activity data in the
virtual environment to model user behavior, which is then used to
optimize interior lighting layouts. We will discuss the details in
Section 5.
Lighting Layout Optimization. Lighting is divided into general
lighting and local lighting. General lights provide overall illumina-
tion of the room, while local lights illuminate specific activity areas,
which are described in Section 4. Based on the initialization of
indoor lighting, we regard indoor lighting layout as an optimization
process. A cost function is designed in the optimizer to generate a
personalized lighting layout solution suitable for the user. Lighting
standards, user behavior and energy consumption are combined to
assess the quality of indoor lighting layouts. We will discuss the
details in Section 6.

4 LIGHT TYPES

There are various types of lamps in indoor scene. However, they
are divided into seven categories functionally: floor lamps, ceiling
lamps, pendant lamps, bedside lamps, cabinet lamps, table lamps,
and wall lamps. As shown in Fig.3, we built a lighting library for
indoor lighting design.

The light of indoor lighting is divided into general light and local

Figure 3: Lights used in this work. (a) Floor lamp. (b) Ceiling lamp.
(c) Pendant lamp. (d) Bedside lamp. (e) Cabinet lamp. (f) Table
lamp. (g) Wall lamp.

light in effect. Among them, the general light ensures the overall
brightness of the environment, which is provided by ceiling lights;
the local light illuminates the specific area of each activity, which is
provided by other types of lights.

4.1 General Light
General light mainly makes the overall uniform lighting in the space.
Each space has a different recommended illuminance level accord-
ing to different regional functions [34]. Taking the average recom-
mended illumination value of the entire space as the standard, the
number of ceiling lamps is calculated by the following formula.

Nceil =
Irec

Iceil
×S. (1)

where Nceil is the number of ceiling lamps, Irec is the recommended
illuminance value and Iceil is the illumination value provided by
the ceiling lamp, which is the same as the illumination of a general
ceiling lamp in the real environment. S is the area of scene.

During initial placement, ceiling lights are placed at equal inter-
vals in the room. In the optimization of lighting layout, the position
change of local lights will also affect the position of ceiling lamps,
especially pendant lamps. They are all mounted on the ceiling. If
the ceiling lamp is too close to the pendant lamp, somewhere in
the room will become too bright and strong shadows will be cast
around the pendant lamp. Therefore, when the position of the ceil-
ing lamp is too close to the position of the pendant lamp, we will
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Figure 4: An example of the user’s moving trajectory. We use
heatmap to visualize the time the user spend on a location. The
redder the color, the longer the user interacts with the scene on that
point.

move the ceiling light. If the pendant lamp is moved further away
from the ceiling lamp, the ceiling lamp will be restored. During the
optimization process, the ceiling lamp is moved along the ceiling
and is removed when the intensity is 0.

4.2 Local Light
Local lights provide illumination for the spatial areas of specific
activity, which are weaker than general lights. Through observa-
tion, it can be found that in indoor scenes, furniture and local lights
usually appear in pairs. Each type of lamp has a maximum number
on the corresponding furniture, which can be found in the supple-
mentary material.. During initial placement, each type of lamp is
randomly placed on the corresponding furniture, but cannot exceed
its maximum value. During the optimization process, the lights can
only move along the furniture to which they belong. When the light
intensity drops to 0, it is removed from the scene.

5 IMMERSIVE VIRTUAL EXPERIENCE

With the popularity of consumer virtual reality, more and more
people are using VR equipment in games, life, and even work, and
have gradually mastered the method of controller control. Therefore,
we use an HMD and the matching gamepad to experience it in the
virtual environment. The HMD provides users with an immersive
experience perspective, while the gamepad controls direction and
selects actions.

In this section, we discuss how to learn activity habits that affect
indoor lighting from user simulated experiences in virtual environ-
ments. We take an indoor bachelor apartment as an example to
illustrate our approach in detail. More results of other scenes are
shown in Sec. 7.4. It’s crucial to emphasize that lighting conditions
within the scene significantly impact user activities (for more details,
refer to the supplementary document). Variations in lighting lead to
deviations in user behavior data. To maintain consistency in human
activity during both data collection and lighting optimization, we
implement global illumination with uniform brightness and disable
the shadow effect during activity simulation. These measures ensure
that human activity is predominantly influenced by furniture layouts.

5.1 Activity Simulation
In the daily activities, we define 15 commonly object categories
and establish a model library in the virtual environment, including
computer, mouse, book, pen, notebook, teacup, pot, rag, broom,
laptop, bowl, fruit, and mobile phone. We invited the participants to
select objects for daily activities according to their preferences from
the model library and place them in the initial interior scene with

Figure 5: The position distribution when the user interacts with
scene components. The redder the color, the bigger the probability
of the user is doing an activity in that area.

our assistance. The participants then wear the Oculus and hold the
gamepad to simulate the daily routines in the virtual scene.

It should be noted that in the initial process, the body proportions
of the characters in the scene would be set according to the measured
body proportions of the participants. We record the height of Oculus
h0 when the user is standing in the natural state and the height of
Oculus h1 when sitting on a chair, which are regarded as fixed eye
heights. In this way, the user’s perspective switching from standing
to sitting in the virtual world will be more natural.

Similar to the control method of mobile games, participants con-
trol the walking status and direction through the left button on the
handle, and select actions through the right button. Specifically, the
selection of actions is triggered when the participant is stationary,
which advances according to the character’s state. Participants select
objects on the furniture in front of them and then select an actionable
action based on the object. If it is a movable object such as a book,
cup, etc., it is first picked up and put down, and then the next action
is, such as moving, or reading for the book, drinking water for the
cup, etc. If it is an immovable object such as a bed or chair, the
actions are lying down, sitting down, standing up, etc.

The experience time is divided into two stages, day and night.
Each time is 10-15 minutes. Choose the stage to experience based
on the habits of the participants. For example, when he is at home
during the day but not at night, he only experiences the daytime
once. If he is home all day, he will experience it twice.

5.2 Habit Extraction
During activity simulation, the user’s operations are mapped to
the activities of the agent in the virtual environment, which are
recorded with the help of HMD and gamepad. We attempt to extract
personal behavior habits from activities, denoted as H, including
path, interaction, and head pose.
Trajectory. We record the location sequence of the agent in the
virtual scene as the trajectory of the user, which is refreshed every
20 seconds. On the one hand, the trajectory can reflect the path of
the character in the scene. On the other hand, the position sequence
can also represent the time the user stays at each location in the
scene. Specifically, we define the waist of the agent as a key point
to mark the agent’s position. The trajectory of user is written as
P = {p1, p2 · · ·}, where pt is the set of 3D coordinate of the waist
at time t. Figure 4 shows an example of a user’s trajectory in the
scene, represented by a heatmap. The redder the color, the longer
the user stays.
Interaction. The sequence of where and what activities the user
performed is represented as the user’s interaction, which reveals the
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Figure 6: An example of head pose distribution when the user reads
book on the sofa. (a) is a schematic diagram of the user’s head
rotation. (b) is a heatmap to visualize the head posture. The white
dot represents the center point of the head. The redder the color, the
more likely it is that the head posture will turn to that point.

distribution of each activity in the scene. The triggering of activities
can be recorded through the operation of the gamepad. For each
type of activity, we record the user’s location when it occurred. The
locations recorded for different activities are different. For example,
the position of the agent’s hands when writing is recorded, and the
position of the head while sleeping is recorded. These are the main
photosensitive locations during activity. For each type of activity,
a heatmap is obtained as shown in Fig 5. The redder the color, the
more frequently the user interacts with it.
Head Pose. The eyes are the direct channel for human beings to
perceive light, and the posture of the head determines the direction
of human perception of light. Different people turn their heads at dif-
ferent angles during activities. The Oculus captures the user’s head
pose. We stipulate that the vertical upward direction is the positive
direction, and the head rotation direction recorded every 20s is Fi.
The rotation direction data is then clustered around each furniture
object, such as tables, sofas, etc. It is written as Fi = {θ1,θ2, · · ·},
where i ∈ {1,2, · · · ,M}. Fig 6 visualizes the distribution of head
poses for a user interacting at a desk. Oculus provides a visual
frame rate of 70 fps with a tracking error of less than 1 degree. We
calibrated the headphones before each test.

6 LIGHTING LAYOUT OPTIMIZATION

After setting an initial lighting layout in the virtual scene, we treat
the lighting layout problem of the scene as an optimization problem
similar to the furniture layout. Combined with the user’s behavioral
habits in the virtual scene, we use optimization algorithms to explore
personalized lighting layout solutions in the space that conform to
the user’s behavior. In this section, the definition of the cost function
and the process of optimization on the lighting layout are discussed
in detail.

6.1 Costs
To obtain a lighting environment that is comfortable for users and
saves energy consumption, we attempt to optimize the lighting layout
denoted as L by analyzing the trajectory, interaction and head pose
of the user denoted as H in the scene. We define a cost function that
considers human constraints and interior constraints as follows:

Ctotal(H,L) = ωhCh(H,L)+ωinCin(L). (2)

Ch(H,L) is the human cost associated with personal habitual
behavior, which is to penalize those lighting layouts that are not con-
ducive to personal habitual behavior or increase energy consumption.
Cin(L) is the interior cost associated with the spacial layout design,
in order to make the lighting in the scene more harmonious in the
whole space. The ω coefficients determine the relative weighting of
each item; in practice, we set ωh = 0.5 and ωs = 0.5.

6.1.1 Human Cost
In the human cost, we mainly consider the interation area of hu-
man behavior, the trajectory and the head pose of user in human
interaction. In terms of energy use, we also estimated the energy
consumption of lighting in the scene when human interact. It is
defined as follows:

Ch(H,L) = ωacCac(H,L)+ωmCm(H,L)+ωeCe(H,L), (3)

where Cac(H,L) is the activity cost, Cm(H,L) is the move cost and
Ce(H,L) is the energy cost. The ω coefficients determine the relative
weighting of each item; in practice, we set ωac = 0.3, ωm = 0.3 and
ωe = 0.4.
Activity. Inappropriate lighting affects the user’s mood and even
activity efficiency. Lighting studies show that different activities
have different recommended illuminance values [21]. Since the eyes
are the direct receptors for light, the angle of the head posture and the
light source will directly determine the intensity of light received by
the user. To simplify the problem, we assume here that the direction
of light intensity is mainly determined by the main light source,
which is the nearest light. Under identical lighting conditions, users
experience the most comfortable light intensity when their line of
sight is perpendicular to the main light source. Gazing directly at the
main light source may dazzle the user, while turning away reduces
the received light intensity. Therefore, the user’s head posture habits
influence the position and intensity of the main light source during
an activity. This local light serves as illumination for the activity.
For each activity, we initially sample the user’s potential activity
location based on the activity probability map (Fig 5). We then
predict the user’s head angle during the activity using the activity’s
head angle probability map. The duration of each activity during
the experience acts as its weight. Specifically, the activity cost is
defined as follows:

Cac(H,L) =
1

X ∑
x

tx
T
|Irecx − Ii(1−|φ(oi,hi)|)|

Imax
, (4)

where Irecx the recommended specific illumination value when doing
activity x. i is the sampled coordinate of the location where the
activity occurs, and Ii is the intensity value at i , including both local
and global light. hi is the predicted head pose and oi is the vector
from the position of nearest local light where the activity occurs to
i. φ(oi,hi) is the cosine value of the angle between oi and hi. Imax
is the maximum value in the entire Irecx . tx represents the length of
time that activity x occurs during the experience. T is the total time
of user interaction. X is the total number of activities.
Move. Different types of lamps are placed on different planes.
Improper placement of lights affects user interaction in the scene. If
the lights on the ground are placed on the path that users often walk,
it will affect the user’s movement trajectory. If the desktop lights
are placed where users often interact, users will be forced to change
their habits. We penalize lights placed on user interactive behaviors
based on the heatmap of interactions and trajectory on each plane as
extracted in Section 4.2. The move cost is defined as:

Cm(H,L) =
1

N ∑
i

pi , (5)

where i are local light i and pi is the position of the light i projected
onto the plane of corresponding furniture. pi is the value of the
position of lamp i on the furniture on the interactive heat map. Nor-
malize the corresponding values of the heat map to 0-1. The redder
the color, the larger pi is. N is the number of the local lights in the
scene.
Energy. The distribution of user activities directly affects the power
consumption in the scene. The lighting layout in real life should
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not only make users’ activities comfortable, but also reduce lighting
energy consumption as much as possible and control living costs.
Different activity distributions in the same lighting layout will cause
differences in energy consumption. It is assumed that general lights
are turned on and off uniformly to ensure the brightness of the room,
and when the user moves in the corresponding area, the local lights
of the furniture are turned on, just like an intelligent sensing system.
The energy cost is defined as:

Ce(H,L) =
1

N ∑
i

ti
T

Ii +λ Ig, (6)

where Ii is the light intensity of local light i and Ig is the light intensity
of general light. ti is the total duration of activities occurring around
light i. T is the total time of user interaction. N is the number of
the local lights in the scene. λ is the coefficient of general lighting.
We assume that the lights are generally turned on at night and not
during the day. That is, when the user is only active during the day,
lambda is 0, and when the user is only active at night, λ is 1. When
he is at home all day, λ is equal to 0.5.

6.1.2 Interior Cost
In the interior cost, we consider the average illumination provided
by the lighting and the symmetry of the lamp group. It is defined as
follows:

Cin(L) = ωaCa(L)+ωsCs(L), (7)

where Ca(L) is the illumination cost. Cs(L) is the symmetry cost.
The ω coefficients determine the relative weighting of each item; in
practice, we set ωa = 0.5 and ωs = 0.5.
Illumination. The large difference between light and dark in the
scene makes people visually uncomfortable. Uniform lighting is
very important to the overall feel of a scene. First, we determine the
sampling points uniformly in the scene, and then calculate the light
intensity they receive. Here, we use the variance of the illumination
intensity at each point in the scene to measure whether the illumi-
nation in the scene is uniform. The illumination cost is defined as
follows:

Ca(L) =
1

Q ∑
j
(I j − Ī)2, (8)

where I j is the illuminance value at the sampling point j. Ī is the
average illuminance value of the whole sampling points. Q is the
total number of sampling points.
Symmetry. Some furniture in the room usually appears in pairs
and rarely exists alone, such as tables and chairs. The division of
furniture groups can be manually defined based on real life or found
using the connection strength calculation suggested by Xu et al. [46].
The lamps are arranged symmetrically in the furniture group so
that the light can evenly cover each piece of furniture. Specifically,
after obtaining the center point of the furniture group, we combine
the lamps on the ceiling to which the furniture group belongs and
calculate their center points. The goal is to have the center point of
the furniture group and the center point of the light fixture coincide
in horizontal dimensions. The symmetry cost is defined as:

Cs(L) =
1

M ∑
i

d( fi, li), (9)

where fi is the center coordinate of the furniture group where fur-
niture i is located. li is the center coordinate of the lighting group
corresponding to the furniture group where furniture i is located.
Both of them are projected horizontal 2D coordinates without height
information. d( fi, li) is the distance between fi and li, etc. M is the
number of furniture.

Figure 7: An example of the optimization process. The red curve
shows the cost change during the optimization, while the green circle
exhibits the lighting layout generated on the specific optimization
point.

6.2 Optimization
To avoid falling into local optima, our approach applies a Simulated
Annealing algorithm to search a good light layout. Based on the
designed cost function, we explore the number, position, direction
and intensity of lamps with a certain sampling strategy during the
optimization process, and finally obtain a good lighting arrangement.

6.2.1 Lighting Adjustment
In the simulated annealing algorithm, new solutions are generated by
adjusting the lights in the scene. Specifically, we define three opera-
tions to generate solutions: position movement, direction movement
and light intensity adjustment. Light k is selected and the sampling
process performs these three actions alternately.
Position. The movement of the position is to modify the position of
the light according its type. There are two steps for the movement
of each type of lamp: First, we determine the furniture that the lamp
belongs to and obtain the size of the furniture ( fx, fy, fz). Then
two variables (Δm,Δn) are generated through Gaussian distribution,
which is used to determine the updated position of the light.

Assuming that the position of light i are (xi,yi,zi), each light
should update its positions according to the following rules. Ceiling
lamps and pendant lamps always belong to the ceiling, and floor
lamps are always on the ground. Their z-coordinates remain the
same. The updated positions of them are (xi+Δm,yi+Δn,zi). Table
lamps and bedside lamps are placed on the tabletop in the scene.
Their z value is the height of the selected furniture in the scene.
The updated positions of them are (xi +Δm,yi +Δn, fz). Wall lights
and cabinet lights are placed on the wall. Assume that the walls
in the scene are regular. For the vertical walls, their x-coordinates
are consistent with the wall surface and the updated position is
( fx,yi +Δm,zi +Δn); for the horizontal walls, their y-coordinates
are consistent with the wall surface and the updated position is
(xi +Δm, fy,zi +Δn).
Orientation. The movement of the orientation is to modify the
direction of the lamp. The sampler generates a new orientation oi
based on the current orientation o′i. For the selected lamp i, the
rotation change Δo is generated by a Gaussian distribution. Then
update the direction of the light by setting its rotation value to
(oi +Δo).
Intensity. The adjustment of the intensity is to adjust the illumina-
tion of the light.The sampler generates variable values ΔI based on
a Gaussian distribution, and the intensity of the light is (Ii +ΔI).

6.2.2 Solution Constraints
To speed up the optimization, we constrain the solution by three
conditions:
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Range Constraints. The location of each light should be limited
to its assigned furniture area. When the updated position of the
light is outside the bounds of the region, a new position should be
sampled. For example, when the desk lamp is moved outside the
desktop or the height of the wall lamp exceeds the height of the wall,
the movement strategy should be regenerated.
Collision Constraints. In the solution, attention should also be
paid to preventing collisions between the lamp and other objects.
Collisions can be easily detected between objects in the virtual
engine. During the sampling process, we need to perform collision
detection on each lamp in the scene. If the lamp collides with objects
or other lamps in the scene, the position and direction of the lamp
are resampled.
Illumination Constraints. To imitate real lighting, we specify
some parameter ranges for the lights. The intensity of the general
light in the scene is set to 0-10, and the intensity of the local light is
set to 0-5.

6.2.3 Sampling
Given an initial configuration of a light L0, our approach explores
the solution space by iterating in two steps. First, we adjust the
lights in the scene as described above, which is from Li → L∗. Then
new solutions are accepted by Metropolis criterion with a certain
probability, which avoids falling into local minima. Specifically,
the acceptance rule of Metropolis-Hastings can be calculated by the
following formula:

α(Li,L∗) = min

{
p(L∗)
p(Li)

,1

}
, (10)

p( ·) is computed by the defined cost:

p( ·) =
1

Z
exp

−Ctotal( ·)

T
, (11)

where Ctotal( ·) is defined in Section 6.1. T is the temperature of the

annealing process. Just like physical cooling, T is first set to a large
value, then gradually decreases during the optimization process,
and finally returns to a very small value close to 0. By default, we
empirically set T to 1.0 and decrease it by 0.05 every 10 iterations
until it reaches zero. Z is a constant for normalization. We terminate
the optimization if the absolute change in the total cost value is
less than 5% over the past 20 iterations. In our experiments, a full
optimization takes about 200 ∼ 300 iterations.

7 EXPERIMENTS

7.1 Implementation
We implemented our approach using C# and Unity 2020 and ran
the optimization approach on a PC equipped with 32GB of RAM, a
Nvidia Titan X graphics card with 12GB of memory, and a 2.60GHz
Intel i7- 5820K processor. Participants experienced a virtual space
of about 50-60 square meters, where they control the character’s
direction through Oculus and select actions with the gamepad.

7.2 Qualitative Experiment
To evaluate the lighting arrangement generated by our approach, we
compared our approach with other approaches:

Our Approach: The lighting arrangements were optimized by our
approach, which is based on personal activities.

Professional Approach: The lighting arrangements were manu-
ally organized by a professional designer who had about 3 years
experiences in interior design, which is based on his own experience.

Customized Approach: The lighting arrangements were manually
arranged by the user according to their own preference, which is
operated with the help of us.

Participants. We invited 24 participants who did not know the
purpose of experiment to join in the experiment, including 13 males
and 11 females whose aged ranged from 16 to 48. 11 participants
mentioned that they were only home at night, 5 participants were
only home during the day, and the remaining 8 participants were
usually home all day. In addition, 7 participants had experience
designing the interior layout of their own homes. All participants re-
ported normal or corrected-to-normal vision with no color-blindness,
and have experience in using VR devices. It is worth noting that
they all often play games, especially action games, to ensure smooth
control of agents.

During the experiment, all participants were randomly divided
into three groups of 8. They were randomly assigned to experience
three single-person apartments, including three traditional square
apartments with areas of 50, 60, and 80 square meters, respectively.
The quantity of furniture in each scene remains constant, while the
layouts differ.

Metrics. We define three metrics to investigate the comparison:

(1)Harmony: it refers to the harmony of light perceived by the
user visually, which is used to evaluate whether the light is uniform.

(2)Comfort: it refers to the user’s comfort level of local lighting
when doing activities, which is used to evaluate whether the local
lighting suits the individual.

(3)Overall, it refers to the comprehensive indicators of indoor
lighting, which is used to evaluate the overall feeling of the user on
the lighting arrangement.

The score range of each metric is from 0 to 10. Before users score,
Prior to scoring, each participant were introduced the meaning of
each metric and then scored the lighting arrangement produced by
each approach. It is noted that the order of the three experienced ar-
rangements was randomized to mitigate the influence of participants’
subjective awareness.

Procedure. Participants do activities in the virtual environment
through Oculus and gamepad.To make them more familiar with the
use of the equipment, each participant will conduct a 5-minute warm-
up before the formal experience. The warm-up procedure is carried
out under the guidance of us. During this process, participants
are introduced to the functions they will use during the experience,
including controlling the direction and selecting actions.

During the formal experience, in order to avoid dizziness, partici-
pants were invited to experience the scene twice, for 15 minutes each
time. Oculus controls direction and gamepad selects activity. Our
approach is then applied to synthesis lighting arrangement combined
with the personal behaviours. To avoid the impact of lighting on
user behavior, users experience each approach according to their
operations in the activity simulation.

Results and Analysis. 24 participants took part in the comparison
experiments. They were divided into three groups, and each group
was assigned to an initial single indoor home scene randomly. Fig. 8
shows the rating results on the three approaches. The blue, orange
and green boxes depict the rating on the Our, Professional, and Cus-
tomized approach, respectively. We compare the results generated
from the three approaches by the mean and standard deviation of
the users’ ratings. We also carried out ANOVA tests on the scores
to analyze the significance. Fig 8 shows the average scores and
standard deviation of the harmony, comfort and overall.

For the harmony rating item, our approach got the highest score
(M = 7.21, SD = 0.96), followed by Professional approach (M =
7.16, SD = 1.06) and Customized approach (M = 6.21, SD = 0.99).
Our approach incorporates some calculation of interior uniformity,
and the designer has professional interior design knowledge. The
ratings of our approach is very close to the Professional approach in
harmony, which demonstrates the effectiveness of the professional
rules of design used in our approach. Users are mostly based on
their own experiences in life, so our approach and the designer’s
approach score higher than the user’s own approach.
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Figure 8: User ratings on the generated lighting solutions. The
bottom and top edges of the colored box indicate the 25th and 75th
percentile, respectively. The horizontal lines indicate the median
rating. The whiskers indicate the most extreme data points.

For the comfort rating term, our approach(M = 7.54, SD = 0.82)
and Customized approach(M = 7.46, SD = 0.64) are better than
the Professional approach(M = 6.08, SD = 0.81). Professional de-
signers extract users’ personal habits and preferences by observing
user interaction videos, and then arrange indoor lighting. However,
some customary details may be ignored during extraction, such as
the user’s head orientation posture, the interaction point between
specific objects, etc., which even the user himself does not necessar-
ily pay attention to will only be revealed when acting. The results
reflect that our approach has basically learned the user’s behavior in
a comprehensive way.

For the overall rating term, our approach (M = 7.71, SD = 0.68)
is the best compared to Professional approach (M = 7.12, SD =
0.73) and Customized approach (M = 6.75, SD = 0.66). It proves
that our approach not only learns the expertise of the design field,
but also integrates the personal habits of the users. The similarity
of Professional approach and Customized approach also represents
that different from interior design, the importance of personal habit
preference in lighting layout is more prominent.

There is a significant difference among three approaches for
harmony(χ2 = 8.43,p < .05,d f = 2), comfort(χ2 = 27.17,p <
.05,d f = 2) and overall(χ2 = 14.29,p < .05,d f = 2). We also did
an ANOVA test on the harmony, comfort and the overall rating at the
α = 0.05 significance level. For harmony, the results showed statisti-
cally significant between Our and the Customized approach(F[1,23] =
12.02, p < .05). For comfort, the results showed statistically sig-
nificant between Our and Professional approach(F[1,23] = 36.93,

p < .05). For overall, our approach showed statistically signifi-
cant with Professional approach (F[1,23] = 11.98, p < .05) and Cus-

tomized approach (F[1,23] = 21.61, p < .05).

The results did not show statistically significant between Our and
the Professional approach in harmony(F[1,23] = 0.02, p = 0.88 >
.05). And our approach did not have statistically significant with
Customized approach in comfort(F[1,23] = 0.15, p = 0.70 > .05). It

illustrates that our approach effectively combines the strengths of
Professional approach and Customized approach. Our approach not
only reflects professional design knowledge through rule definition,
but also takes into account the user’s personal habits.

Interestingly, our approach takes longer to produce results for
larger apartments, but users of larger apartments seem to report
better results on our approach. In a scene with a larger area, the
solution space to be explored will be correspondingly larger, and the
user’s habits will be more difficult to obtain, which can reflect the
advantage of our method in learning user habits to a certain extent.

Figure 9: User ratings on the energy consumption of the generated
lighting solutions. The bottom and top edges of the colored box
indicate the 25th and 75th percentile, respectively. The horizontal
lines indicate the median rating. The whiskers indicate the most
extreme data points.

7.3 Quantitative Experiment
We quantitatively verify the effectiveness of our approach by calcu-
lating the scene lighting energy consumption for personal activity of
each approach.
Participants. The 24 participants are the same as in Sec 7.2. They
wore Oculus and gamepads and entered the corresponding scenes
according to the previously divided groups to experience it again.
Procedure. Each participant was invited to play another round of
the simulation in the original scenario. We estimate energy consump-
tion in the light layouts generated by each of the three approaches,
depending on the time period (e.g., day or night) and activity expe-
rienced by the participants. Local lights turn on when the user is
active in the area and general lights turn on at night. The processing
time for each approach was also calculated. For our approach, the
processing time is the time spent from light placement to optimized
generation; the time for the professional approach is the time spent
by the designer communicating with the user and designing the plan,
and the time for the customize approach is the process of the user
completing the lighting arrangement in the virtual scene.
Results and Analysis. We conducted energy consumption as-
sessments of user activities in our approach, professional approach
and customized approach. The energy consumption of each ap-
proach is divided into two parts: general light and local light. Figure
10 shows the energy consumption results of the three approaches.
Among the three approaches, our approach consumes less energy
(local light: M = 0.58 kw/min, SD = 0.27 kw/min; general light:
M = 0.82 kw/min, SD = 0.32 kw/min; total: M = 0.92 kw/min,
SD = 0.38 kw/min;) than the professional approach (local light:
M = 1.2 kw/min, SD= 0.3 kw/min; general light: M = 1.32 kw/min,
SD = 0.35 kw/min; total: M = 1.42 kw/min, SD = 0.39 kw/min;),
customized approach (local light: M = 1 kw/min, SD = 0.35
kw/min; general light: M = 1.21 kw/min, SD = 0.29 kw/min; to-
tal: M = 1.31 kw/min, SD = 0.34 kw/min;). Neither professional
designers nor users can quantify energy consumption based on hu-
man behavior when arranging lighting. Therefore, professional and
customized approach cannot save energy consumption in future life.

For the processing time of each approach, our approach and the
professional approach used about the same time. Our approach
took 4.2 minutes and the professional approach took 3.9 minutes.
The customized approach spent the longest time, near 8 minutes.
However, the professional approach relies heavily on the designer’s
experience in learning personal habits.

The quantitative results show that our method can learn the user’s
habitual behavior intelligently and generate the lighting arrangement
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Figure 10: Office Lighting layouts generated under different settings.
(a) is the given office scene, (b) is the lighting layout generated
from the combination of two users’ behavioral data, (c) and (d) are
lighting layouts generated for the two different users, respectively.

effectively, which is suitable for the user.

7.4 Extended Experiment
To verify the generality of our approach, we experiment in a multi-
person office, which is shown as Fig.10(a). Two people are invited
to simulate activities separately in an office, where their worksta-
tions are fixed. Our approach is then used to generate the lighting
arrangement of the office based on their behavior.

Fig. 10 shows the optimized results. Fig 10(b) shows the opti-
mized lighting arrangement based on the activities of two people,
while Fig 10(c) and 10(d) are based on the activities of individu-
als respectively. The workstation of user 1 is the red table in Fig
10(c). Her main job is to take files from the filing cabinet to her
workstation area to read and write, mostly in the middle area of the
desktop. She rarely went to the leisure area to get snacks except
to drink water. It can be observed that a floor lamp is placed next
to the water fountain. The workstation of user 2 is the red table in
Fig 10(d). He is more like a manager than user 1. Specifically, his
active area in the scene was mainly on the sofa in the reception area
for meeting, and he almost never went to the filing cabinet. He also
likes to move around the scene, so the overall brightness of the room
results in better results than user 1. We invited user 1 and user 2 to
experience and rate the two lighting layouts again. It is interesting
that Fig 10(b) has achieved higher evaluation. The reason is the
overall brightness of Fig 10(b) is better. Our approach considers the
control of energy consumption, so the average indoor brightness is
weaker in a lighting layout based on single-person activities.

Extensive results carried out show that our approach is still fea-
sible when applied to multi-person activities, which is not limited
to single-player scenarios. Furthermore, our approach will gener-
ate a more complete lighting layout of the scene when people with
different roles are invited to experience.

8 SUMMARY

In this paper, we propose a novel approach to optimize lighting
arrangements in a scene driven by human activity. The user simulates
daily routines through an HMD and a corresponding gamepad in
a given indoor scene, from which learn personal habitual behavior.
We initialize the lighting layout in a given scene, and then design a
cost function to evaluate whether the lighting layout in the scene is
reasonable and consistent with the user’s personalized habits.

In practical applications, this algorithm can be seamlessly in-
tegrated with automated furniture layout algorithms, such as [28].
Following the completion of furniture arrangement, users can be

invited to engage in simulated activities within the scene. By collect-
ing user habits during these simulations, an optimization algorithm
is then applied to adjust the lighting layout, generating a scheme
that prioritizes user comfort and energy conservation. Furthermore,
the versatility of the algorithm extends to utilizing 3D scanning
reconstruction techniques, allowing for the direct scanning of ex-
isting environments. Subsequently, the lighting layout of the real
environment can be optimized based on the collected data. Unlike
real life, diverse time periods can be seamlessly experienced in a
virtual environment. As VR becomes increasingly familiar, a variety
of VR devices can efficiently gather personal behavior data. In our
method, users employ Oculus and a gamepad to simulate interac-
tions, akin to mobile games. Gaze, trajectory, and interactions are
extracted from user activities for indoor lighting optimization, result-
ing in personalized lighting arrangements. Qualitative user studies
affirm the effectiveness of our approach, while quantitative energy
consumption evaluations demonstrate significant energy savings.
Furthermore, our method adeptly extends to multi-person scenarios.
Limitations. While virtual reality offers users an immersive experi-
ence, the perception of light effects may still differ between virtual
and real scenes. Traditional VR engines tend to simplify lighting
and shading. By integrating our framework with advanced lighting
engines such as DiaLux and KooLight, known for accurately simulat-
ing real lighting conditions, we anticipate a significant enhancement
in immersive experiences.

In practice, lamp placement must account for the indoor circuit
layout, considering the impact of other electrical appliances on
circuit balance. Our approach, however, does not factor in the
cost of indoor circuit layout. As 3D reconstruction advances, the
ease of scanning and reconstructing actual circuit structures brings
estimates of lighting arrangement costs and energy consumption
closer to reality.

The lighting sources of indoor scenes include lamps and natural
light. Besides weather, natural light is also affected by the sur-
rounding environment. For example, when there are many high-rise
buildings around, indoor light is greatly reduced. Due to computa-
tional power constraints, we did not take into account the effects of
natural light. As computing power improves, the impact of natural
light will be taken into account in indoor lighting.
Future Work. One possible extension is to consider more factors
in the optimization cost, such as color, style, mood, etc. In future
work, it would be interesting to extend the style of the lamp models
in the model library and then make the style of other indoor furniture
and lamps consistent in shape and texture. The color effect of light
affects the visual experience of the scene and even the user’s mood.
There should be different style tags for different types of scenes. For
example, the lights in a secret room are dim and scary, while the
lights in an office are bright and energizing.

Another possible extension is to transfer the lighting arrangement
of a user in a scene to an unknown scene, even a game scene. Wang
et al. [39] proposed a method to transfer the furniture layout to a
new scene. The transfer of users’ behavioral habits will be of great
value to the development of personalized design.

The impact of lighting on human activities is substantial. In this
paper, we simplified the problem by creating a bright environment
similar to the outdoors’ during the user behavior collection phase to
mitigate the influence of lighting. An intriguing avenue for further
exploration involves studying the dynamic interplay between human
behavior and evolving lighting conditions. Similar to smart lighting
systems, adjusting smart switches based on user habits can drive
innovation in the smart lighting industry.
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