
Bio-signals based occupant-centric lighting control for cognitive 
performance, visual fatigue and energy consumption

Dahyun Jung , Seunghoon Jung , Jongbaek An , Taehoon Hong *

Department of Architecture and Architectural Engineering, Yonsei University, Seoul, 03722, South Korea

A R T I C L E  I N F O

Keywords:
Cognitive performance
Visual fatigue
Energy consumption
Predictive model
Multi-objective optimization

A B S T R A C T

While artificial lighting significantly impacts occupants’ health and productivity in commercial buildings, cur
rent fixed lighting conditions lack the adaptability to real-time occupant status, highlighting the need for a more 
responsive and data-driven approach. This study presents the Cognitive Performance (CP), Visual Fatigue (VF), 
and Energy consumption Optimization (CVEO) model for occupant-centric lighting control. The CVEO model 
aims to search for correlated color temperature and illuminance that maximize CP while minimizing VF and 
energy consumption using non-dominated sorting genetic algorithm-II. In this study, the objective functions 
involve stacking ensemble models that predict CP and VF based on occupants’ bio-signals (i.e., heart rate 
variability, brain waves, and ocular response) and tree-based machine learning algorithms. For model evalua
tion, experiments were conducted based on the collected data from 15 subjects. As a result of evaluating stacking 
ensemble models, personal models outperformed general models, with root mean squared errors averaging 0.023 
and 0.012 for CP and VF predictions, respectively. Additionally, in 2,000 scenarios with randomly determined 
presence of the 15 occupants, the CVEO model showed better performance in objectives than fixed lighting 
conditions from previous studies. The CVEO model can dynamically reflect real-time occupant status through 
bio-signals, thereby optimizing lighting to enhance work productivity, alleviate eye-related symptoms, and 
achieve energy savings. This approach offers significant potential for improving indoor environmental quality 
and occupants’ well-being.

1. Introduction

1.1. Research background

Artificial lighting in buildings has advanced beyond its initial pur
pose of providing visibility, contributing to sustainable building prac
tices by enhancing occupants’ health [1,2], productivity [3,4], and 
energy saving [5,6]. As lightings facilitate various tasks, demands for 
diverse lightings for different purposes have also emerged, a compound 
annual growth rate of the smart lighting market increasing to 22.1 % 
from 2023 to 2030 [7]. Meanwhile, artificial lighting energy con
sumption accounts for 16.5 % of the world’s annual electricity pro
duction, indicating significant potential for energy savings [8]. 
Consequently, interest has increased in developing smart lighting con
trols that adjust lighting conditions based on occupancy or daylighting 
to improve occupants’ well-being and reduce building energy con
sumption [9–12].

In addition to building energy consumption, lighting significantly 

affects biological mechanisms and emotions [13–16], leading to a surge 
in demand for occupant-centric lighting control. Unlike existing lighting 
control focused on energy saving, occupant-centric lighting control ad
justs the correlated color temperature (CCT) of lighting according to 
occupants’ preference or controls lighting conditions based on occu
pants’ behavior [17]. Particularly, occupant-centric lighting control has 
become an essential technology to be incorporated into the lighting 
design of commercial buildings such as classrooms and offices [18,19]. 
Introduction of occupant-centric lighting control in commercial build
ings is driven by two major motivations. First, lighting control in com
mercial buildings targets occupants primarily performing visual tasks 
such as learning and working; therefore, the lighting environment must 
be designed to consider occupants’ work productivity and learning ef
ficiency. Thus, numerous studies have been conducted to observe and 
analyze occupants’ physiological responses and cognitive test scores in 
relation to lighting conditions, making occupants’ cognitive perfor
mance (CP) a crucial aspect of occupant-centric lighting control 
[20–23]. Consequently, lighting control technologies that not only 
minimize energy consumption but also enhance occupants’ work 
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productivity or learning efficiency have been developed [24]. Secondly, 
unlike the past when paper-based work was predominant, occupants in 
modern classrooms and offices mainly use visual display terminals, 
necessitating lighting conditions that also consider occupants’ eye 
health [25]. Particularly, research has been conducted to create lighting 
environments that can reduce eye-related symptoms such as computer 
vision syndrome, addressing the issue of persistent visual fatigue (VF) 
and ensuring visual comfort [26].

Therefore, this study proposed an occupant-centric lighting control 
method that simultaneously considers occupants’ CP, VF and energy 
consumption based on bio-signals. Firstly, a framework of a multi- 
objective optimization model for occupant-centric lighting control was 
proposed. Then, experiments were conducted to evaluate the perfor
mance of the stacking ensemble models and multi-objective optimiza
tion model using collected data. The CVEO model showed significant 
effects in maximizing occupants’ CP and minimizing VF and energy 
consumption.

1.2. Related works

In previous studies, various research efforts have been conducted for 
occupant-centric lighting control in commercial buildings. Firstly, 
studies have proposed specific lighting conditions to enhance occupants’ 
cognition-based work productivity or learning efficiency, and to prevent 
eye-related symptoms (refer to Table 1). These studies conducted ex
periments to analyze impact of lighting conditions on CP and VF. The 
aim of these studies was to narrow down the range or value of optimal 
lighting conditions for specific objectives (i.e., CP or VF).

As described in Table 1, the proposed lighting conditions for occu
pants’ CP and VF lack consistency. The range of the proposed lighting 
conditions yielded by the previous studies is quite large, from 3,300K to 
6,500K and from 200lx to 2,500lx. Some studies reported that medium 
illuminance such as 500 – 750lx is more effective than other illuminance 
levels [36,38], while several studies have demonstrated that increased 
illuminance can positively influence CP [47]. Yet there are studies that 
showed higher illuminance can result in reduced CP [28], including 
research suggesting that 200lx is more effective than 500lx when using 
visual display terminals [48]. Lan et al.(2021) measured creativity and 

Nomenclature

BA Blink amplitude
CBR CatBoost regressor
CCT Correlated color temperature
CP Cognitive performance
CVEO Cognitive performance, visual fatigue, and energy 

consumption optimization
ECG Electrocardiography
EEG Electroencephalography
EOG Electrooculography
GBM Gradient boosting regressor

HR Heart rate
MAPE Mean absolute percentage error
NSGA-II Non-dominated sorting genetic algorithm-II
PCA Principal correlation analysis
PSD Power spectral density
PUI Pupillary unrest index
RFR Random forest regressor
RMSE Root mean squared error
RMSSD Root mean square of successive differences
SDNN Standard deviation of NN intervals
VF Visual fatigue
XGR XGboost regressor

Table 1 
Proposed lighting conditions suggested by previous studies.

Objective Experimental set up Proposed lighting condition Measured indicators Ref.

Environment Subject CCT Illuminance

Cognitive 
performance

500lx and 2,500lx 15 None 2,500lx Attention and concentration [27]
200lx and 500lx 30 None 200lx Computing power, attention, and vigilance [28]
4,500K and 200-1500lx 33 None 1500lx Attention, reaction time, executive ability [29]
4,000-6,500K and 500-750lx 20 4000K 700lx Cognitive efficiency [30]
200-800lx 20 None 500-800lx Reading comprehension [31]
2,700-6,500K and 100- 
2,500lx

24 4000K None Perception, memory, number calculation and executive 
function

[32]

2,500-6,500K and 40lx 16 6500K None Sustained attention and executive function [33]
3,000-6,000K and 75-500lx 18 4000K None Work efficiency (e.g., reading efficiency) [34]
3,000-6,500K and 200- 
1,200lx

60 6,500K None Executive function, working memory, and emotional 
congruence

[35]

2,000-6,500K and 200-750lx 36 4,000-6,500K 750lx Task performance [36]
3,000-6,500K 32 5,100-5,800K None Attention [37]
75-1,200lx 28 None 500–750lx Executive functions [38]

Visual fatigue 4,000-6,000K 20 5,000K None Subjective visual discomfort [39]
3,000-5,700K and 650- 
1050lx

60 4,000K None Subjective lighting comfort and glare [40]

2,000-6,500K and 200-750lx 36 4,000K None Subjective visual perception [36]
3,000-6,000K and 75-500lx 18 None 300lx Flash fusion frequency and subjective comfort [34]
2,700-5,500K and 100-900lx 16 5,005K 885lx Subjective satisfaction [41]
50-500lx 12 None 500lx Visual fatigue scale, blink rate, and pupil accommodation [42]
2,000-100,000K 12 6,236K None Subjective comfort [43]
2,700-6,300K 40 6,300K None Subjective satisfaction [44]
3,300–5,300K and 300-750lx 46 3,300K and 

4,300K
300lx Alpha wave and subjective comfort [45]

3,000-5,500K and 300- 
1,000lx

16 4,300K 500–1,000 lx Critical flicker fusion frequency and subjective visual fatigue [46]

Note: CCT stands for correlated color temperature and Ref. stands for reference
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analytical ability under various combinations of CCT and illuminance, 
analyzing that the lighting conditions at which the highest levels of both 
abilities were observed differed [49]. Similarly, there were cases where 
the lighting conditions suggested by previous studies conflicted with 
each other. The inconsistency of the proposed lighting conditions for VF 
also exists as shown in Table 1.

Additionally, this approach makes it difficult to reflect trade-offs 
between different objectives such as energy consumption. Therefore, 
research has been conducted to consider energy consumption alongside 
other objectives through multi-objective optimization. Zhang et al. 
(2024) proposed a lighting control system that simultaneously considers 
visual and non-visual effects and energy consumption in enclosed spaces 
[50]. Similarly, there were a number of studies that attempted to opti
mize lighting conditions for non-visual effects such as circadian rhythm 
and energy consumption [51–53]. Other studies have suggested lighting 
controls that maintain a certain level of illuminance while minimizing 
energy consumption [54], or that consider visual discomfort alongside 
energy savings [55]. However, the objective functions of these 
multi-objective optimizations often rely on mathematical equations 
derived from past studies that analyzed the relationship between light
ing conditions and occupants’ CP or VF. Thus, while these optimizations 
reflect trade-offs between various objectives, they still fail to account for 
occupants’ real-time status.

Studies proposing specific lighting conditions and those suggesting 
lighting control through multi-objective optimization share a common 
limitation: they do not consider the actual status of occupants in the 
space where the lighting conditions are applied. Occupants’ CP and VF 
can change over time due to various factors, even interactions between 
them. Liu et al. (2021) observed work efficiency and ocular performance 
under different lighting conditions [16]. Since ocular performance must 
accompany the completion of CP tasks at a certain level, both variables 
increase together until VF gradually occurs, causing CP to initially rise 
and then decline. Based on these research results and the experiments of 
previous studies, the variability of proposed lighting conditions can be 
attributed to differences in subjects’ characteristics, status, and the tasks 
assigned to them. Particularly, several previous studies indicate that 
personally controlled lighting conditions can bring greater benefits to CP 
and VF compared to fixed lighting conditions [56,57]. This suggests that 
deriving lighting conditions through a data-driven approach, which 
considers occupants’ status and changes in status over time or activities, 
is more appropriate than establishing fixed lighting conditions.

Based on the implications derived from previous studies, a new 
approach is needed for controlling optimal lighting conditions for CP, 
VF, and energy consumption. Firstly, due to the inconsistency in results 
from previous studies on lighting conditions for CP and VF, a data-driven 
approach is more efficient than setting fixed values or specific ranges. 
Additionally, a data-driven approach benefits from reflecting occupants’ 
real-time status. Numerous studies have confirmed that CP and VF have 
significant relationships with bio-signals such as heart rate variability, 

brain waves, and ocular responses [16,58–61]. Therefore, predicting 
occupants’ status (i.e., CP and VF) through bio-signals and applying this 
to multi-objective optimization could effectively derive optimal lighting 
conditions that reflect occupants’ real-time status.

2. Proposed model for occupant-centric lighting control

This study proposes CP, VF and energy consumption optimization 
(CVEO) model for occupant-centric lighting control. Fig. 1 shows the 
overall framework of the CVEO model.

First, occupant data (i.e., subject-label and bio-signals) are loaded 
into the CVEO model. Then, lighting conditions and the loaded occu
pants’ data are input into stacking ensemble models to predict occu
pants’ CP and VF, and into an interpolation model to predict energy 
consumption. Based on predicted CP, VF, and energy consumption, an 
optimization algorithm searches for the lighting conditions that maxi
mize CP and minimize VF and energy consumption. The CVEO model 
enables occupant-centric lighting control as the model optimizes CP and 
VF based on occupants’ bio-signals while considering energy con
sumption simultaneously. This CVEO model was constructed in four 
stages: (i) defining the optimization problem; (ii) defining decision 
variables; (iii) developing stacking ensemble models to predict CP and 
VF and presenting an interpolation model to predict energy consump
tion; and (iv) solving the optimization problem using the non-dominated 
sorting genetic algorithm-II (NSGA-II).

2.1. Optimization problem statement

The aim of the CVEO model is to maximize CP and to minimize VF 
and energy consumption. The multi-objective optimization problem of 
CVEO model is defined as shown at Eq. (1). 
⎧
⎨

⎩

Maximize Z1 = fcp(Lcct , Li, x1, x2, ..., xn)

Minimize Z2 = fvf (Lcct , Li, x1, x2, ..., xn)

Minimize Z3 = fenergy(Lcct, Li)

(1) 

Lcct ∈ [4000, 6500], Li ∈ [200, 800], xn ∈ [0, 1]

Where, fcp stands for objective function of cognitive performance; fvf 
stands for an objective function of visual fatigue; fenergy stands for an 
objective function of energy consumption; Lcct stands for correlated color 
temperature; Li stands for illuminance; x stands for subject-label and bio- 
signals

The decision variables of the CVEO model are lighting conditions, 
specifically CCT and illuminance (refer to Section 2.2). The objective 
functions of the CVEO model are as follows: (i) maximizing CP, (ii) 
minimizing VF, and (iii) minimizing energy consumption (refer to Sec
tion 2.3). Specifically, the objective functions for CP and VF are stacking 
ensemble models that predict CP and VF based on occupant data (i.e., 
subject-labels and bio-signals). For energy consumption, the 

Fig. 1. Overall framework of the CVEO model.
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interpolation model acts as the objective function. Lastly, NSGA-II was 
selected for the multi-objective optimization algorithm (refer to Section 
2.4).

2.2. Decision variables

The decision variables and their ranges of the CVEO model were set. 
Among various parameters representing lighting characteristics, CCT 
and illuminance, which are known to be relatively easy to measure and 
control, and significantly impact occupants’ experience, were defined as 
the decision variables of the CVEO model. [14,35,36,62]. The range of 
CCT was constrained from 4,000K to 6,500K. Based on previous studies 
that revealed the impact of CCT on CP, general values of CCT in class
rooms and offices range from warm white lighting to daylighting. Spe
cifically, CCT values ranging from 4,000K to 6,500K were found to be 
most preferred by occupants or most effective for CP in related works. 
[37,63–65].

In addition, the range of illuminance was set from 200 to 800lx. 
According to the WELL standard, the illuminance at workstations or 
desks must exceed at least 215lx [66]. Also, the minimum illuminance 
threshold for classrooms and offices presented by the United States 
Services Administration is approximately 320lx [67]. The illuminance 
standard of South Korea [68] presents three illuminance standard cat
egories for classrooms and offices, with the lowest illuminance category 
ranging from 150lx to 300lx, recommended for meeting rooms and 
auditoriums mainly using visual display terminals. Accordingly, the 
illuminance range of the CVEO model was set to a minimum of 200lx. 
Additionally, for spaces such as design areas in classrooms and offices 
that require detailed work, an illuminance range of 600lx or higher is 
recommended. Reflecting this, the maximum illuminance of the CVEO 
model was set to 800lx.

2.3. Objective function

The optimization problem of the CVEO model considers three ob
jectives for lighting control in commercial buildings: (i) maximizing CP; 
(ii) minimizing VF; and (iii) minimizing energy consumption. Therefore, 
CP, VF, and energy consumption have to be defined. To solve the opti
mization problem, values of CP, VF, and energy consumption for all 
possible lighting conditions within the range of decision variables 
defined in the optimization problem are required. For CP and VF, values 
can be measured by occupants performing cognitive tests and surveys on 
VF. However, having occupants perform the test and survey in every 
environment is time-consuming and disrupts their daily lives and work. 
Hence, in this study, a machine learning approach was used to develop 
stacking ensemble models for predicting CP and VF based on occupants’ 
data (i.e., subject-label and bio-signals). Meanwhile, energy consump
tion values can be measured using an electricity meter. However, like CP 
and VF, measuring energy consumption values for all lighting conditions 
is inefficient, so energy consumption was predicted via the interpolation 
model based on measured lighting conditions. As a result, the developed 
models were used as objective functions in the CVEO model. Once the 
preliminary data collection is conducted to measure CP and VF via tests 
and surveys, the predictive models for CP and VF allow for prediction of 
the real-time occupant status.

2.3.1. Definition of objectives
The objectives of the CVEO models are defined to be (i) CP, (ii) VF, 

and (iii) energy consumption and Table 2 shows the components of each 
objective.

The first objective of the CVEO model is CP, which an extensive body 
of research has shown to be influenced by lighting conditions, primarily 
due to intrinsically photosensitive retinal ganglion cells circuit mecha
nisms [69]. The CP in this study consists of basic and complex CP. The 
American Psychiatric Association has defined key cognitive functions 
into six domains [70] and previous studies have revealed the influence 

of lighting conditions on each domain based on biological mechanism: 
(i) complex attention [71,72], (ii) executive function [73,74], (iii) 
learning and memory [75,76], (iv) language [77], (v) perceptual-motor 
function [78], and (vi) social cognition [79,80]. Furthermore, occupants 
generally engage in high-level mental activities that require a combi
nation of multiple basic CPs in commercial buildings. Therefore, crea
tivity and reasoning were defined as complex CPs in this study. A 
number of studies has investigated the effective lighting conditions for 
creative [49,81] and reasoning tasks [49,82], and reported the signifi
cant impact of lighting conditions. Detailed definitions of each CP are 
presented in supplementary materials. The final CP value used in the 
CVEO model is the average value of both basic and complex CPs and its 
value is also normalized to range from 0 to 1. Eq. (2) shows how the 
measured CP (i.e., ycp) is calculated. 
⎧
⎪⎪⎨

⎪⎪⎩

Z1 = ycp =
CP − CPmin

CPmax − CPmin

CP =
CPbasic + CPcomplex

8

(2) 

Where, CP stands for score of cognitive performance (CP); CPmin stands 
for minimum score of CP; CPmax stands for maximum score of CP; CPbasic 
stands for the score of basic CP; and CPcomplex stands for the score of 
complex CP.

The second objective of the CVEO model is VF, a primary symptom of 
computer vision syndrome, which frequently occurs in modern com
mercial buildings. Since VF encompasses a range of ocular symptoms 
and visual difficulties that arise during visual tasks, it is evaluated using 
multiple metrics rather than a single metric [28,42]. Consequently, VF 
includes self-reported (i) eye fatigue [83], (ii) eye pain [84], (iii) eye 
dryness [28], (iv) eye itchiness [85], (v) blurred vision [86], (vi) double 
vision [87], and (vii) glare [88]. Principal component analysis (PCA) 
can be used to effectively derive these metrics into VF. Since occupants’ 
sensitivity to each metric can vary, PCA was used to derive VF by 
reflecting the variance of each metric, rather than simply defining VF as 
the average of all metric values. The loadings of the principal compo
nents derived from PCA can be used as the weights for each metric [89,
90], as shown in Eq. (3). VF is the calculated value yvf, which is derived 
from the seven metrics using Eq. (3) and then min-max normalized to a 
value between 0 and 1. 

Table 2 
Components of objectives.

Objective Components

Cognitive 
performance

Basic cognitive performance Complex attention

​ ​ Executive function
​ ​ Learning and memory
​ ​ Language
​ ​ Perceptual-motor 

function
​ ​ Social cognition
​ Complex cognitive 

performance
Creativity

​ ​ Reasoning

Visual fatigue Visual fatigue metrics Eye fatigue
​ ​ Eye pain
​ ​ Eye dryness
​ ​ Eye itchiness
​ ​ Blurred vision
​ ​ Double vision
​ ​ Glare

Energy consumption Lighting energy consumption -
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⎧
⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

Z2 = yvf =
VF − VFmin

VFmax − VFmin

VF =
∑k

i=1
Ln⋅Xn

(3) 

Where, VF stands for degree of visual fatigue (VF); VFmin stands for 
minimum degree of VF; VFmax stands for maximum degree of VF; L 
stands for the loading of principal component; and X stands for VF 
metric.

The last objective of the CVEO model is energy consumption. In this 
study, energy consumption is limited to energy consumption by artificial 
lightings since the CVEO model derives optimal lighting conditions, and 
it is min-max normalized to a value between 0 and 1.

2.3.2. Bio-signal based stacking ensemble models for cognitive performance 
and visual fatigue prediction

Among the objective functions of the CVEO model, fcp(Lcct, Li, x1, …, 
xn) and fvf(Lcct, Li, x1, …, xn) are stacking ensemble models that can 
predict CP and VF respectively (refer to Fig. 2). Specifically, fcp(Lcct, Li, 
x1, …, xn) predicts ycp and fvf(Lcct, Li, x1, …, xn) predicts yvf based on 
lighting conditions and occupant data (i.e., subject-label and bio- 
signals). As described in Section 2.3.1, ycp and yvf are calculated values 
that can be directly measured by occupants performing CP tests and VF 
surveys. However, with pre-trained models like fcp and fvf, these mea
surements can be predicted solely based on occupant data without the 
need for repetitive tests and surveys.

Wu et al. (2023) proposed three different modeling approaches: 
benchmark, subject-label, and individual models [91]. Benchmark and 
individual models refer to general and personal models, respectively, in 
typical terms. Meanwhile, the subject-label model is a general model 
with features that can identify individual subjects such as subject 
identification number and gender. Their research noted that the 
subject-label approach can improve accuracy over general models while 
maintaining greater efficiency compared to personal models. Accord
ingly, general models with subject-labels and personal models were 
developed, and their performance was compared in this study.

Both models use predictor variables including lighting conditions (i. 
e., CCT and illuminance) and bio-signals (i.e., heart rate variability, 

brain waves, and ocular response), and subject-labels (i.e., gender and 
eyewear) are additionally put into the general models. The target vari
ables are CP and VF, respectively.

First of all, two kinds of subject-labels were selected. 

• Gender: It was presented that gender difference exists in CP and VF 
under different lighting conditions [92–95]. In this model, males 
were defined as 0 and females as 1.

• Eyewear: Eyewear of occupants was also considered as subject-label 
in this model. There were three categories to identify the eyewear 
status; (i) no eyewear, represented as 0; (ii) contact lens, represented 
as 0.5; and (iii) glasses, represented as 1.

The following bio-signals were also selected as input parameters of 
CVEO model. 

• Heart rate variability: Previous studies have revealed that changes 
in sympathetic and parasympathetic activity can indicate different 
CP [58,96]. Heart rate (HR) is highly associated with sympathetic 
and parasympathetic activity, indicating a stress or aroused state 
[97]. Specifically, standard deviation of NN intervals (SDNN) and 
root mean square of successive differences (RMSSD) are also related 
to autonomic regulation and parasympathetic activity [98,99]. Yang 
et al. (2021) has revealed that short-term memory has a significant 
correlation with heart rate variability [100], and Chauhan et al. 
(2023) has used heart rate as predictor for CP in their prediction 
modeling [59].

• Brain waves: A great number of studies have investigated the 
lighting conditions impacts on CP using brain waves collected by 
electroencephalography (EEG) [101]. Specifically, there are delta, 
theta, alpha and beta waves according to the frequency. Delta waves 
that range from 0.5 to 4 Hz are generally observed in deep sleep and 
delta waves can increase in mental tasks that require attention [102]. 
Theta waves range from 4 to 8 Hz and previous studies have found 
out that they appear in humans’ creative states or meditation states 
[103,104]. Alpha waves are in the middle frequency (i.e., 8 to 13 Hz) 
and they indicate relaxation, primarily observed when the eyes are 
closed [105]. Lastly, beta waves range from 13 Hz to 30 Hz which 
means they are one of the fastest brainwaves indicating active 

Fig. 2. Structure of stacking ensemble models to predict CP and VF.

D. Jung et al.                                                                                                                                                                                                                                    Building and Environment 269 (2025) 112424 

5 



thinking and mental activity [106]. Frequency domain, specifically 
relative power derived from power spectral density (PSD), were set 
as the predictors in this study [107,108]. Zhang et al. (2024) has 
reviewed 52 studies that explored lighting conditions and CP using 
EEG, and concluded that future lighting control should consider 
using EEG data for personalized lighting conditions [109].

• Ocular responses: Ocular responses such as the pupillary unrest 
index (PUI) and blink amplitude (BA) were collected. PUI refers to 
the cumulative variations in pupil diameter and BA indicates blink
ing frequency [16]. The pupil diameter varies depending on the 
lighting conditions and has been used as an indicator of visual 
perception and VF [110,111]. Also, BA has been investigated by a 
number of studies to measure VF and cognitive load [112,113].

As shown in Fig. 2, predictive models for VF and CP are trained using 
a stacking ensemble approach that combines various machine learning 
algorithms. The stacking ensemble approach enhances predictive per
formance by combining the predictions of different base models to make 
a final prediction [114–116]. In this study, predictive models for CP and 
VF were developed by combining four base models (i.e., gradient 
boosting regressor (GBR) [117], XGboost regressor (XGR) [118], Cat
Boost regressor (CBR), [119] and random forest regressor (RFR) [120]) 
and a meta model (i.e., linear regression). GBR, XGR, CBR, and RFR are 
all decision tree-based models and ensemble models that use boosting 
and bagging. These algorithms have strengths in preventing overfitting 
by employing various regularization techniques and hyperparameter 
tuning [121,122]. GBR, which can capture complex interactions in 
datasets, may perform poorly with imbalanced data, but this weakness 
can be compensated for by using XGR or CBR [123,124]. Additionally, 
CBR effectively handles categorical variables but has the disadvantage 
of long training times [119]. This weakness can be mitigated by 
combining CBR with XGR and RFR [125]. Thus, the stacking ensemble 
approach can improve the overall performance of the model by 
compensating for the weaknesses of each base model. When training 
each base model, Optuna is used for hyperparameter optimization 
[126]. Optuna is an automatic hyperparameter optimization framework 
that efficiently searches for the best hyperparameters within a defined 
range (refer to Table 3).

2.3.3. Interpolation model for energy consumption prediction
Unlike CP and VF, energy consumption can be predicted solely based 

on CCT and illuminance. Belany et al.(2024) reported that the rela
tionship between lighting intensity and energy consumption is linear 
[127]. Also, maintaining particular CCTs requires voltage, which im
plies energy consumption varies depending on CCT [128]. Therefore, 
this study aimed to measure energy consumption according to CCT and 

illuminance and develop a linear interpolation model based on the 
measured discrete values for use as an objective function. Specifically, 
energy consumption was measured under nine lighting conditions 
combining 4,000K, 5,000K, and 6,500K with 200lx, 500lx, and 800lx. 
The energy consumption of lighting bulbs was measured using an 
Arduino-based split core current sensor [129]. Based on the measured 
data, linear interpolation was conducted so that a continuous value of 
energy consumption could be predicted via CCT and illuminance (refer 
to Eq. (3)). 

⎧
⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎩

fenergy(Lcct , Li) =
∑n

i=1
wi⋅ei

wi =
1
di

di =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

(Lcct − Lcctʹ)
2
+ (Li − Lí )

2
√

(4) 

Where, fenergy stands for an objective function of energy consumption; 
Lcct stands for correlated color temperature (CCT); Li stands for illumi
nance; w stands for weight; e stands for the energy consumption at 
corresponding CCT and illuminance; d stands for the distance between 
new lighting conditions and given lighting conditions; Lcct’ stands for 
new CCT; and Li’ stands for new illuminance.

2.4. Non-dominated sorting genetic algorithm-II

Based on the developed stacking ensemble models, occupants’ CP 
and VF can be predicted using occupant data. These predictive models 
were used as objective functions for optimization, aiming to maximize 
CP while minimizing VF and energy consumption, forming a multi- 
objective optimization problem. The NSGA-II algorithm was chosen to 
identify the optimal lighting conditions (i.e., CCT and illuminance), as it 
effectively handles the non-linear and complex relationships between 
CP, VF and lighting conditions by exploring Pareto front solutions [130,
131].

The NSGA-II is an evolutionary algorithm designed to solve multi- 
objective optimization problems by searching for a set of Pareto- 
optimal solutions [132]. The algorithm initializes a random popula
tion of solutions, which are then evaluated based on the objective and 
fitness functions. NSGA-II performs non-dominated sorting to rank the 
solutions, dividing them into different fronts or layers based on domi
nance. To maintain diversity among solutions within the same front, 
NSGA-II calculates a crowding distance, which measures how close a 
solution is to its neighbors. Selection is performed using a tournament 
selection method that considers both front and crowding distance. So
lutions with lower ranks and higher crowding distances are preferred, 
ensuring both convergence towards the Pareto front and diversity.

The selected solutions undergo crossover and mutation operations to 
generate offspring, introducing variability and exploring new areas of 
the solution space. These offspring are then combined with the parent 
population to form a new population. Environmental selection follows, 
and the best solutions are chosen to form the next generation, ensuring 
that the population evolves toward better solutions over successive 
generations. The NSGA-II algorithm repeats these steps until a pre
defined termination condition is met.

3. Experiment

Experiments were conducted to evaluate the performance of the 
CVEO model. Specifically, data was collected from 15 subjects under 
nine different lighting conditions and preprocessed. The stacking 
ensemble models to predict CP and VF were trained using the collected 
data. Lastly, multi-objective optimizations were performed using the 
developed stacking ensemble models.

Table 3 
Defined range of hyperparameters.

Algorithm Hyperparameter Defined range

Gradient boosting regressor Number of estimators [100, 500]
Learning rate [0.01, 0.1]
Maximum depth [3, 10]
Minimum samples split [2, 10]
Subsample [0.5, 1.0]

XGboost regressor Number of estimators [100, 500]
Learning rate [0.01, 0.1]
Maximum depth [3, 10]
Subsample [0.5, 1.0]
Minimum split loss [0.001, 1.0]

CatBoost regressor Iterations [100, 500]
Learning rate [0.01, 0.1]
Depth [3, 10]

Random forest regressor Number of estimators [100, 500]
Maximum depth [3, 30]
Minimum samples split [2, 10]
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3.1. Data collection

3.1.1. Environmental setting and subjects
Nine different lighting conditions (i.e., 4,000K and 200lx, 4,000K 

and 500lx, 4,000K and 800lx, 5,000K and 200lx, 5,000K and 500lx, 
5,000K and 800lx, 6,500K and 200lx, 6,500K and 500lx, and 6,500K and 
800lx) were set in the data collection. Lighting conditions were 
controlled by smart lighting emitting diodes installed in the artificial 
climate chamber. As the data was collected in the artificial climate 
chamber, other indoor environmental factors such as temperature, 
relative humidity, acoustics and indoor air quality were maintained at 
the same level throughout data collection. Specifically, the thermal 
environment was consistently kept at 26 ◦C with a relative humidity of 
50 %. The climate chamber was closed to minimize external noises and 
ventilation system of the climate chamber enabled to control air quality.

Fifteen healthy adults (i.e., 8 males and 7 females) were recruited as 
the subjects of the data collection. The subjects’ average age was 24.4 ±
2.36 years, and all were in their 20 s with relatively stable physical 
conditions, including vision. Their body mass index was 22.0 ± 2.76 kg/ 
m², and they confirmed that they were free of chronic diseases (e.g., 
neurological disorders, diabetes, hypertension, etc.), including ocular 
issues. All subjects had no difficulty in conducting computer-based CP 
tests as college and graduate students. Subjects with poor vision wore 
their usual corrective lenses, and those wearing glasses had additional 
corrective lenses inserted into eye-tracking glasses to conduct the CP 
tests. On the day of the data collection, caffeine intake was restricted to 
prevent any influence on brain arousal states, and subjects were spe
cifically requested to avoid alcohol for 24 h prior to the data collection. 
Lastly, subjects’ clothing was set to 0.7 clo.

3.1.2. Process of data collection
Fig. 3 shows the overall data collecting process. Data collection was 

conducted under nine different lighting conditions. A total of 15 par
ticipants completed data collection across all nine lighting conditions, 
and every data collection was conducted involving one subject at a time. 
Before the data collection, the research team explained the procedures 
to the subjects and obtained their consent for participation. Subjects 
were given about 30 min to learn about CP tests and to train for basic CP 
tests to minimize learning effects. After confirming that the scores of the 
basic CP tests converged within a certain range, subjects were fitted with 
electrocardiography (ECG), EEG, and eye-tracking glasses under the 

direction of the research team. The equipment for collecting bio-signals 
is described in supplementary materials.

Before the start of each data collection, subjects waited with their 
eyes closed while the research team set the lighting conditions. Based on 
previous studies indicating that the average adaptation time for the 
human eye to different lighting conditions is a few seconds [133], sub
jects were instructed to open their eyes and adapt to the lighting con
dition for about 1 min after it was set. Then, the research team started 
recording the subjects’ bio-signals, and subjects were instructed to begin 
the CP tests. The total duration for the CP tests was 15 min: 6 min for 
basic CP tests and 9 min for complex CP tests. After conducting the CP 
tests, the research team stopped recording the bio-signals and instructed 
subjects to complete the VF surveys. At the end of each data collection, 
subjects took a break for 5 to 10 min, during which they were instructed 
to look at a distant point and then close their eyes to rest. This process 
was repeated nine times, and the types of lighting conditions were in a 
randomized order for each subject during the data collection process. 
The process of data collection was reviewed and approved for safety and 
ethics by the institutional review board (IRB no. 
7001988-202311-HR-2089-02).

3.2. Stacking ensemble model

3.2.1. Data preprocess and feature selection
To develop stacking ensemble models for CP and VF predictions, 

collected data was preprocessed. Firstly, bio-signals collected by ECG, 
EEG, and eye-tracking glasses were preprocessed to derive predictor 
variables. As ECG and EEG data were collected by Biopac Systems, the 
raw data was preprocessed by AcqKnowledge software and predictor 
variables (i.e., HR, SDNN, RMSSD, and brain waves from four lobes) 
were extracted using the software with HeartPy and signal library in 
Python [134,135]. The noises of data were removed by comb band-pass 
filters, and artifact removal from EEG signals was also conducted using 
EOG data [136]. PUI and BA were extracted after preprocessing the 
pupil and eye validity data using Tobii Prol Lab [137]. All the collected 
bio-signals were averaged into 1-minute intervals and subsequently used 
as predictors in the model.

To derive CP as a target variable, accuracy and response time were 
measured in each task and each CP was calculated using Eq. (4) [135,
138]. Six basic CPs and two complex CPs were then integrated and 
normalized using Eq. (2). The process to derive accuracy and response 

Fig. 3. Data collection process.
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time in each task are shown in SM Table 1. VF, another target variable, 
was measured through 7-point Likert scale surveys for seven VF metrics. 
These responses were integrated into VF using PCA and Eq. (3) (refer to 
Section 2.3.1). The definitions of accuracy and response time for each CP 
and detailed process of calculating VF are illustrated in supplementary 
materials. 

CPn =

(

Accuracy0.5 ×
1

Response time0.5

)2

(5) 

Where, CPn stands for each type of CP
Lastly, a preliminary experiment was conducted for feature selection. 

Although the base models are primarily boosting and ensemble-based, 
which generally perform well with correlated variables, the strong 
correlations between bio-signals could still negatively impact predictive 
performance. Therefore, PCA was used to transform the correlated 
variables into new independent principal components, removing the 
correlation while preserving as much variance as possible [139,140]. 
Seven principal components were derived that could explain variance 
over 70 % and the seven components were used as predictors. Conse
quently, it was revealed that all the base models showed higher per
formance when all the predictors were used rather than using principal 
components to reduce correlations. Specifically, the average root mean 
squared error (RMSE) of base models using principal components 
recorded 0.11 and 0.15 for CP and VF, respectively, while that of models 
using all the predictors recorded 0.08 and 0.10. Also, average coefficient 
of determination (R²) of base models using principal components 
showed 0.67 and 0.62 for CP and VF, respectively, which were much 
lower than that of models using all the predictors (i.e., 0.81 and 0.85 for 
CP and VF, respectively). Therefore, it was decided to use all the pre
dictors in this study.

3.2.2. Model training and evaluation
Datasets consisted of 2025 data points (i.e., 15 min of 15 subjects 

under 9 lighting conditions) and were split in an 8:2 ratio for the training 
and test datasets, respectively. The architecture of the stacking ensemble 
model, along with the hyperparameters and optimization method, was 
set as described in Section 2.3.2. To evaluate the performance of each 
base model and the stacking ensemble model, three types of evaluation 
metrics were used [141,142]: (i) RMSE, (ii) mean absolute percentage 
error (MAPE), and (iii) R². RMSE indicates the difference between values 
predicted by a model and the actual values, while MAPE refers to the 
error as a percentage of the actual values. R² is a statistical measure that 
indicates how well the predictor variables in a model explain the vari
ability of the target variable.

3.3. Multi-objective optimization

3.3.1. Pareto front analysis of multi-objective optimization
Using the bio-signals collected from 15 subjects in this study, Pareto 

front solutions for the CVEO model were derived. Firstly, a multi- 
objective optimization was performed based on the bio-signals of all 
subjects to determine the optimal lighting conditions (i.e., Pareto front 
solutions) for a situation where multiple occupants are present simul
taneously. CP and VF were predicted using each subject’s bio-signals and 
personal stacking ensemble models. The multi-objective optimization 
considered the CP, VF, and energy consumption of all subjects 
simultaneously.

Secondly, multi-objective optimization was performed based on the 
bio-signals of each individual subject to determine the optimal lighting 
conditions for each occupant. For this, all data collected from the sub
jects, excluding the portion used as the training dataset, were used to 
maximize the representation of the characteristics of all 15 subjects for 
multiple occupants and each individual subject for individual occupants. 
Accordingly, during each generation of the NSGA-II, samples were 
randomly selected from the dataset to predict CP and VF, and the 

average values of the results were used in the fitness evaluation, 
ensuring that all collected bio-signals were reflected in the optimization.

The population size was set at 46 for each occupant, following a 
previous study suggesting that the population size should be 2-4 times 
the number of optimization variables (i.e., two lighting variables and 21 
bio-signals making 23 optimization variables altogether). The iteration 
process was stopped if the relative change rate between the average of 
the optimal solutions and the average of the previous generation’s 
optimal solutions was less than 1 %. All optimizations converged before 
110 iterations.

3.3.2. Comparative analysis using scenarios
To evaluate the performance of the CVEO model, a comparative 

analysis was conducted to assess the effects of the fixed lighting condi
tions proposed in previous studies and the Parto front solutions derived 
from the CVEO on enhancing occupants’ CP and reducing VF and energy 
consumption. Two types of fixed lighting conditions were selected. The 
first fixed lighting condition, aimed at improving CP, was selected based 
on the results of experiments conducted on the largest number of sub
jects (refer to Section 1.2) and was 6,500K and 750lx [35,36]. The 
second fixed lighting condition, aimed at reducing VF, was selected 
based on the same criteria and was 4,300K and 300lx [40,45]. To 
simulate real-world implementation, 2,000 scenarios were generated, 
with the occupancy status of 15 subjects randomly set for each scenario. 
Each scenario featured a different combination of occupants, and the 
bio-signals of each subject were also randomly assigned. The CVEO 
model was applied based on the subjects’ bio-signals in each scenario. 
Additionally, using the two fixed lighting conditions and the subjects’ 
bio-signals for each scenario, the stacking ensemble models, and the 
interpolation model were employed to derive each occupant’s CP, VF, 
and energy consumption.

4. Experimental results

4.1. Performance evaluation of stacking ensemble models

Fig. 4 shows the actual and predicted values of the stacking ensemble 
models that predict CP and VF based on occupants’ bio-signals, and their 
predictive performance was evaluated and compared as follows.

4.1.1. Cognitive performance predictive models
To operate as an objective function for CP, two stacking ensemble 

models to predict CP were developed and compared: (i) a general CP 
predictive model, and (ii) a personal CP predictive model. The general 
CP predictive model’s predictors consist of subject-label and bio-signals, 
and it was trained on data from all subjects. In contrast, the personal CP 
predictive model’s predictors are bio-signals, and each model was built 
for individual subjects using only data from each subject. The stacking 
ensemble models consist of GBR, XGR, CBR, RFR models, and a linear 
meta-model. Table 4 shows the performance of general and personal CP 
predictive models, specifically their base models and stacking ensemble 
models.

In all evaluation metrics, the stacking ensemble model demonstrated 
superior performance compared to each base model, indicating the 
benefit of using a stacking ensemble approach over individual algo
rithms. The effect was more pronounced in the general model, with 
RMSE and MAPE decreasing by 0.02 and 0.041, respectively. Although 
the difference was smaller, the personal model also showed reductions 
in RMSE and MAPE for the stacking ensemble model, and R² increased to 
similar levels for both the general and personal models. Notably, when 
comparing the performance of the general and personal models, the 
personal model outperformed the general model in all evaluation met
rics. This trend was observed not only in the stacking ensemble model 
but also across all base models. Among all the CP predictive models, the 
personal model based on the stacking ensemble approach showed the 
highest performance: (i) RMSE at 0.023 ± 0.016; (ii) MAPE at 0.054 ±
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0.062; and (iii) R² at 0.942 ± 0.056. Consequently, for the construction 
of the CVEO model, it is more appropriate to use the personal model, 
which predicts CP based on the bio-signals of individual occupants, as 
the objective function for CP, rather than the general model trained on 
data from all occupants.

4.1.2. Visual fatigue predictive models
Stacking ensemble models to predict VF were developed, and their 

performances were evaluated and compared: (i) general VF predictive 
model, and (ii) personal VF predictive model. The components and 
evaluation metrics of the stacking ensemble models were the same as 

those used for the CP predictive models. Table 5 presents the perfor
mance of the general and personal VF predictive models.

Similar to the CP predictive models, the VF predictive models also 
showed higher performance with the stacking ensemble model 
compared to all base models. By using the stacking ensemble approach, 
RMSE decreased by approximately 0.01 to 0.02, and MAPE decreased by 
about 0.015 to 0.1. For the general model, R² improved by around 0.065, 
while the personal model showed a smaller increase of 0.051. The per
formance difference between the general and personal stacking 
ensemble models was more significant for the VF predictive models 
compared to the CP predictive models. When evaluated based on RMSE 

Fig. 4. Actual values and predicted values of general and personal predictive models.

Table 4 
Performance of general and personal cognitive performance predictive models.

Models Evaluation metric Base models Stacking ensemble model

GBM XGR CBR RFR Average

General model RMSE 0.087 0.084 0.065 0.092 0.082 0.062
​ MAPE 0.167 0.168 0.137 0.186 0.165 0.124
​ R2 0.790 0.806 0.883 0.767 0.812 0.895

Personal model RMSE 0.029 
(±0.024)

0.028 
(±0.018)

0.027 
(±0.012)

0.040 
(±0.022)

0.031 
(±0.020)

0.023 
(±0.016)

​ MAPE 0.062 
(±0.083)

0.065 
(±0.078)

0.062 
(±0.073)

0.082 
(±0.085)

0.068 
(±0.080)

0.054 
(±0.062)

​ R2 0.878 
(±0.136)

0.907 
(±0.096)

0.927 
(±0.053)

0.814 
(±0.159)

0.882 
(±0.126)

0.942 
(±0.056)

Note: GBR for gradient boosting regressor; XGR for XGboost regressor; CBR for CatBoost regressor; RFR for random forest regressor; RMSE for root mean squared error; 
MAPE for mean absolute percentage error; and R2 for coefficient of determination
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and MAPE, the general model’s VF predictive models had higher errors 
compared to the CP predictive models. However, in the personal model, 
the RMSE for the VF predictive models was lower, and MAPE was at a 
similar level. Notably, the personal VF predictive model achieved a very 
high R² of 0.976 and a low MAPE of about 0.055, demonstrating that it 
can predict individual VF with high accuracy using bio-signals. In 

conclusion, it was determined that using the personal stacking ensemble 
model as the objective function for VF in the CVEO model is more 
appropriate than using the general model.

Table 5 
Performance of general and personal visual fatigue predictive models.

Models Evaluation metric Base models Stacking ensemble model

GBM XGR CBR RFR Average

General model RMSE 0.095 0.096 0.080 0.109 0.095 0.073
​ MAPE 0.330 0.345 0.309 0.401 0.346 0.247
​ R2 0.849 0.845 0.893 0.801 0.847 0.912

Personal model RMSE 0.014 
(±0.011)

0.014 
(±0.008)

0.019 
(±0.010)

0.032 
(±0.016)

0.025 
(±0.025)

0.012 
(±0.007)

​ MAPE 0.034 
(±0.044)

0.055 
(±0.064)

0.070 
(±0.083)

0.102 
(±0.119)

0.070 
(±0.085)

0.055 
(±0.078)

​ R2 0.965 
(±0.042)

0.961 
(±0.042)

0.958 
(±0.038)

0.858 
(±0.131)

0.925 
(±0.095)

0.976 
(±0.023)

Note: GBR for gradient boosting regressor; XGR for XGboost regressor; CBR for CatBoost regressor; RFR for random forest regressor; RMSE for root mean squared error; 
MAPE for mean absolute percentage error; and R2 for coefficient of determination

Fig. 5. Pareto front solutions for multiple and individual occupants (Subject 1-7).
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4.2. Results of multi-objective optimization and performance evaluation

4.2.1. Pareto solutions for multiple and individual occupants
Figs. 5 and 6 show the Pareto front solutions for all the subjects 

together and the 15 individual subjects.
The analysis of the optimization results for multiple occupants is 

shown in Fig. 5 (a) revealed trade-off relationships among the three 
objectives, with energy consumption having the most significant impact 
on the distance between Pareto front solutions and the optimal point.

Additionally, as demonstrated in Figs. 5 and 6, the distribution of 
Pareto front solutions for individual occupants exhibited considerable 
variation. This indicates significant individual differences in CP and 
perceived VF, suggesting that each subject’s dynamic relationship 
among CP, VF, and energy consumption can vary. Therefore, for 
occupant-centric lighting, a data-driven approach that reflects these 
individual differences in real-time may be more appropriate than a fixed 
lighting condition. Fig. 7 presents the distribution of each objective 
function for initial solutions and Pareto front solutions, illustrating the 
extent of improvement achieved through optimization. In most cases, 
the Pareto front solutions showed higher CP and lower VF and energy 
consumption compared to the initial solutions. It was also observed that 
even if other objectives remained at similar levels, one objective could 

be significantly improved. Specifically, a significant increase in the 
median value of Pareto front solutions compared to initial solutions was 
observed only for energy consumption in Subjects 7 and 15, while in all 
other cases, it remained similar or decreased. In these two cases of 
increased energy consumption, VF and CP were significantly reduced 
compared to initial solutions.

As a result of the CVEO, the optimal CCT and illuminance values for 
maximizing CP and minimizing VF and energy consumption were 
derived (refer to Table 6). Ideal solutions for each individual objective (i. 
e., CP, VF, and energy consumption) were presented among the Pareto 
front solutions. Additionally, by assigning equal weights to each objec
tive function and calculating the weighted Euclidean distance, the so
lution with the smallest distance among the Pareto front solutions was 
defined as the best solution. For multiple subjects, the ideal solution for 
CP and energy consumption were 5,019.20K and 200.80lx, while the 
ideal solution for VF was 4,821.80K and 495.04lx, showing differences 
in both CCT and illuminance. When all objective functions were equally 
weighted for fitness evaluation, 4,640.02K and 206.49lx emerged as the 
best solution. For individual subjects, there were some differences 
compared to the solutions for multiple subjects, but the ideal solutions 
for energy consumption generally converged to 4,000K and 200lx. The 
ideal solutions for CP ranged between 4,000K to 5,900K and 200lx to 

Fig. 6. Pareto front solutions for individual occupants (Subject 8-15).
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500lx, while the ideal solutions for VF ranged between 4,000K to 6,400K 
and 200lx to 760lx. The most significant difference among the ideal 
solutions for the three objective functions was observed for VF, and CCT 
exhibited greater variation than illuminance across all objective func
tions. This is likely because the impact of illuminance on energy con
sumption is dominant compared to that of CCT, resulting in a more 
constrained range of illuminance.

4.2.2. Comparison by scenarios
Fig. 8 presents the CP, VF, and energy consumption for occupants 

under the lighting conditions across the 2,000 scenarios.
Firstly, a comparison was made between the fixed lighting condition 

for CP and the Pareto front solutions. The best solution among the Pareto 
front solutions, with equal weights assigned to all objectives, showed a 
7.1 % decrease in CP but a 3.11 % reduction in VF and approximately 
90.54 % savings in energy consumption compared to the fixed lighting 
condition for CP. When comparing the fixed lighting condition with the 
ideal solutions for CP from the Pareto front solutions, VF decreased by 
1.55 %, CP increased by 17.48 %, and energy consumption was reduced 
by 31.24 %. While the energy savings were less compared to the best 
solution, the ideal solutions for CP outperformed the fixed lighting 
condition in all objective aspects. Secondly, the comparison between the 
fixed lighting condition for VF and the Pareto front solutions yielded the 
following results. The best solution among the Pareto solutions showed a 
10.58 % decrease in CP, a 7.6 % reduction in VF, and a 51.88 % savings 
in energy consumption compared to the fixed lighting condition for VF. 
The ideal solutions for VF, compared to the fixed lighting condition for 
VF, resulted in a 3.24 % decrease in CP and approximately a 1.5-fold 
increase in energy consumption, but a 22.04 % reduction in VF.

In the comparison of CP, VF, and energy consumption across 2,000 
scenarios between the fixed lighting conditions and the Pareto front 

solutions, the CVEO model demonstrated superior performance, 
particularly in reducing VF and energy consumption. The ideal solutions 
for CP showed the best performance for CP and also resulted in re
ductions in both VF and energy consumption, showcasing superior 
performance in all objectives.

5. Discussions

5.1. Practical implications of the proposed model

5.1.1. Real-time occupant status-based lighting control
The CVEO model can contribute to creating an occupant-centric 

lighting environment based on occupants’ real-time CP and VF, partic
ularly in commercial buildings such as offices and educational spaces. 
For example, a specific lighting condition might generally be effective 
for CP or VF, but the occupants’ CP can temporarily decrease depending 
on the type and duration of the task even under the same lighting con
ditions, or some occupants might exhibit high VF due to excessive visual 
tasks. The CVEO model addresses this issue by including stacking 
ensemble models to predict CP and VF in real-time through bio-signals. 
The stacking ensemble models showed high predictive performance, 
with average RMSEs of 0.032 and 0.012 for CP and VF, respectively. 
Particularly, the results of predictive performance evaluation indicated 
that personal predictive models are more appropriate for occupant- 
centric control with higher predictive performance. The tendency for 
personal predictive models to outperform general predictive models in 
predicting occupant status using bio-signals has also been observed in 
previous studies. Wu et al. (2023) reported that accuracy of personal 
model ranged from 0.74 to 0.76 while that of general model ranged from 
0.69 to 0.70 [91]. Chauhan et al. (2023) developed a model to predict 
CP based on individual bio-signals, achieving a high level of consistency 

Fig. 7. Distribution of initial solutions and Pareto front solutions.
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between predicted and actual values (i.e., average R² at 0.63) and 
emphasized that individual variations could only be captured using a 
personal predictive model [59]. Moreover, state-of-the-art studies on 
occupant-centric control have also demonstrated a tendency to develop 
personal models over general models [143–145].

5.1.2. Lighting solutions for dynamic and personalized occupant scenarios
The CVEO model can effectively create personalized lighting envi

ronments that reflect the characteristics of the occupants present in the 
room. As shown in Section 4.2, occupants’ status and preferences due to 
lighting vary greatly among individuals. These results align with pre
vious studies showing that the optimal lighting environment for 
achieving maximum CP varies among individuals [59]. Deng et al 
(2021) also reported that there is individual difference in work 
engagement under the same lighting conditions [146]. Also, Hamedani 
et al (2020) revealed that individuals that are more sensitive to lighting 
perceive glare (i.e., one of the VF factors) more frequently, which insists 
that there is a possibility of individual difference in VF [61]. The ideal 
solution for CP was derived as 5019.20K and 200.80lx for 15 subjects in 
this study. This result aligns with some of the previous studies such as 
[37] and [28] that revealed 5,100-5,800K and 200lx are optimal for CP, 
but conflicts with results of greater number of studies that suggest 
different lighting conditions for maximizing CP [29,32,36]. Similarly, 
the ideal solution for VF in this study (i.e., 4,821.80K and 495.04lx) does 
not align with studies by [40,34,43] and etc. This implies that fixed 
lighting conditions are unlikely to consistently achieve optimal out
comes across all situations. Also, the CVEO model has shown superior 
performance for suggesting optimal lighting conditions for specific 
occupant combinations in 2,000 scenarios. Particularly, the CVEO 
model can significantly contribute to providing a personalized lighting 
environment for occupants who use personal office or offices shared by a 
specific group of occupants. Also, even in spaces such as classrooms 

where random students frequently enter and exit, customized lighting 
can be provided to the students currently present as the CVEO model is a 
data-driven approach.

5.1.3. Balancing cognitive performance, visual fatigue and energy
The CVEO model can simultaneously optimize CP, VF, and energy 

consumption, which are the three key factors that must be considered in 
commercial building lighting control. Most of the previous studies 
explored optimal lighting conditions focusing on a single factor among 
CP, VF, and energy consumption. However, according to previous 
studies as illustrated in Section 1.2, lighting conditions for CP and VF 
showed different tendencies. Also, since indoor environmental quality 
for occupants and energy consumption generally have a trade-off rela
tionship, the necessity of considering all three factors simultaneously in 
lighting control has been emphasized. This approach enables achieving 
three goals at the same time: (i) enhancing office workers’ work pro
ductivity and students’ learning efficiency, (ii) reducing eye-related 
symptoms, particularly benefiting occupants who predominantly use 
visual display terminals, and (iii) saving energy form artificial lighting in 
commercial buildings.

Previous studies have also conducted objective optimizations to 
consider trade-offs. Zhang et al. (2024) conducted multi-objective 
optimization for visual and non-visual effects and energy consump
tion, and revealed 388lx and 493lx are optimal for general and fine 
work, respectively [50]. Zeng et al. (2021) also considered similar ob
jectives, and derived 4,000K and 5,500K for general situations and 
specifically for non-visual effects, respectively [51]. In contrast, this 
study defines CP and VF as objectives, resulting in the best solution of 4, 
640K and 206.49lx. However, the key distinction from previous studies 
lies in the data-driven approach adopted in this research, which suggests 
that the optimal lighting condition may vary depending on the subject. 
Additionally, previous approaches required experiments with every 

Table 6 
Ideal and best solutions for multiple and individual subjects.

Subject Lighting 
condition

Ideal solutions Best solutions

CP VF Energy

Multiple Subject CCT (K) 5019.20 4821.80 5019.20 4640.02
​ 1-15 Illum. (lx) 200.80 495.04 200.80 206.49
Individual Subject 1 CCT (K) 4020.56 4216.12 4000.00 4423.82
​ ​ Illum. (lx) 352.08 654.39 200.00 200.00
​ Subject 2 CCT (K) 4000.00 4001.51 4000.00 4000.00
​ ​ Illum. (lx) 200.00 200.01 200.00 200.00
​ Subject 3 CCT (K) 5605.10 5605.10 4000.00 4781.48
​ ​ Illum. (lx) 240.69 240.69 200.00 200.04
​ Subject 4 CCT (K) 5035.55 6390.98 4000.09 4001.08
​ ​ Illum. (lx) 500.00 527.73 200.00 200.00
​ Subject 5 CCT (K) 4499.08 6177.17 4003.44 4126.38
​ ​ Illum. (lx) 500.05 660.37 200.00 200.02
​ Subject 6 CCT (K) 4000.00 4295.97 4000.00 4000.00
​ ​ Illum. (lx) 200.00 249.93 200.00 200.00
​ Subject 7 CCT (K) 5892.38 5818.65 4000.55 4507.46
​ ​ Illum. (lx) 500.40 656.90 200.00 200.00
​ Subject 8 CCT (K) 4000.04 5774.64 4000.03 4000.04
​ ​ Illum. (lx) 200.00 758.40 200.00 200.00
​ Subject 9 CCT (K) 4006.76 4034.15 4000.00 4006.76
​ ​ Illum. (lx) 200.00 616.24 200.00 200.00
​ Subject 10 CCT (K) 5000.29 5000.29 4000.00 5000.29
​ ​ Illum. (lx) 200.00 200.00 200.00 200.00
​ Subject 11 CCT (K) 4826.63 4088.10 4000.46 4583.88
​ ​ Illum. (lx) 350.02 355.84 200.00 200.12
​ Subject 12 CCT (K) 4000.01 5424.77 4000.00 4305.56
​ ​ Illum. (lx) 200.00 517.71 200.00 200.03
​ Subject 13 CCT (K) 5002.41 5002.49 4000.15 5002.41
​ ​ Illum. (lx) 200.00 200.01 200.00 200.00
​ Subject 14 CCT (K) 4971.83 5953.27 4008.41 5743.70
​ ​ Illum. (lx) 200.01 653.87 200.00 200.00
​ Subject 15 CCT (K) 5187.94 6207.35 4000.00 5187.94
​ ​ Illum. (lx) 202.57 413.92 200.00 202.57

Note: CP for cognitive performance; VF stands for visual fatigue; CCT for correlated color temperature; and Illum. for illuminance.
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combination of CCT and illuminance to find lighting conditions optimal 
for CP and VF. However, since both CCT and illuminance are continuous 
variables with extensive ranges, it is impossible to collect data with all 
combinations of CCT and illuminance. In contrast, this study adopts a 
data-driven approach, allowing the exploration of CCT and illuminance 
combinations across all ranges after collecting data from a few data 
collections.

5.2. Limitations and future directions

Despite the practical implications and contributions of the CVEO 
model, several limitations need to be addressed for its implementation in 
actual commercial buildings. Firstly, it is necessary to reduce the num
ber of bio-signals required for the CVEO model or replace them with 
more accessible bio-signals. Although the CVEO model developed in this 
study targets bio-signals measurable by wearable devices, the accessi
bility of wearable devices for brain waves and ocular response is still low 
in terms of cost and usability. To improve the practicality of the CVEO 
model, it is necessary to develop stacking ensemble models focusing on 

variables with high feature importance among the bio-signals.
Secondly, to enhance the effectiveness of the CVEO model imple

mentation, more variables and objectives need to be additionally 
considered. For example, in actual commercial buildings, changes in CP, 
VF, and energy consumption due to daylighting should be considered 
along with artificial lighting. Zeng et al. (2021) reported that consid
ering non-visual effect of lighting can increase the energy consumption 
up to 57 % [51]. Additionally, including non-visual effects such as 
circadian rhythm as an objective function or constraint can facilitate 
occupant-centric lighting control that more actively utilizes the bio
logical effects of lighting [52].

Lastly, the CVEO model needs to be further specified and refined to 
show significant effects on CP. Ru et al. (2019) reported that non-visual 
effect of lighting can be varied by difficulty levels and types of the tasks 
[147]. This implies that the effect of lighting on CP may not be signifi
cant when performing certain difficulty levels and types of tasks. 
Although the CVEO model attempted to address these issues by 
enhancing flexibility with a data-driven approach and including multi
ple types of CPs to represent integrated CP, it still may not significantly 

Fig. 8. Performance of the CVEO model.
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improve CP in specific situations, particularly where certain types of CPs 
are predominantly used. Therefore, a more refined method that con
siders complex mechanism of CP should be applied to the future CVEO 
model.

6. Conclusion

This study proposed the Cognitive performance (CP), Visual fatigue 
(VF), and Energy consumption Optimization (CVEO) model to advance 
occupant-centric lighting control. The CVEO model uses stacking 
ensemble models to predict occupants’ real-time CP and VF based on 
bio-signals, and an interpolation model to predict energy consumption 
as the objective functions. The NSGA-II algorithm searches for the 
optimal correlated color temperature and illuminance that maximizes 
CP while minimizing VF and energy consumption.

To evaluate the model’s performance, data from 15 subjects were 
collected under nine different lighting conditions. The results showed 
that personal models significantly outperformed general models, 
achieving low root mean squared errors of 0.023 and 0.012 for CP and 
VF predictions, respectively. Pareto front solutions for individual and 
multiple occupants demonstrated improved CP, reduced VF, and lower 
energy consumption compared to initial solutions. Additionally, in 
2,000 simulated scenarios, the CVEO model consistently outperformed 
fixed lighting conditions proposed in prior studies.

The CVEO model represents a significant contribution to occupant- 
centric building systems. If the model is applied to future commercial 
buildings, it will be able to provide an optimal lighting environment 
depending on the occupants’ real-time CP and VF. Its application in 
commercial buildings could improve office productivity, enhance 
learning outcomes for students, alleviate eye-related symptoms, and 
achieve substantial energy savings.
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