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Abstract—The simulation software is widely used in many 

research and professional fields. Certainly, they are very useful 

tools, but it could be a difference between the expected results 

and the simulated ones. This paper aims to validate methods for 

calculating natural lighting contributions comparing the results 

of simulated data calculated by using the climatic file, the results 

of simulated data calculated by using real climate data, and 

results calculated by using machine learning methods. 

The study was applied for a case study located at the Campus of 

the University of Palermo. The measurement campaign ran 

from April to September, collecting more than 24,000 

measurements of solar radiation and illuminance. The results 

showed that the machine learning approach provided the most 

accurate predictions, with the LSTM model achieving an R² of 

0.99, validated using approximately 700 measurements. In 

contrast, the Daysim simulation software reached an R² of 0.78 

over the same validation period as LSTM. However, machine 

learning methods require extensive datasets for training, unlike 

Daysim. Nevertheless, they can be a valuable tool for estimating 

indoor daylight distributions using only external solar radiation 

data. 

Keywords—Daylight, machine learning, Daysim, simulation 

tools 

I. INTRODUCTION  

The assessment of indoor lighting availability can be 
useful to evaluate the visual and thermal comfort conditions 
in indoor space, to design Daylight-Linked control systems, 
and to estimate the energy consumption related to the lighting 
systems [1]. Many studies applied different methods to do this. 
In [2] authors reported a review of estimation tools for 
potential energy saving from integrating daylight with 
artificial lighting and divided them in four groups: software 
simulation, which is fast but need validation; field 
measurement, which is more accurate but takes longer time 
and not cost effective; empirical formulae from previous 
research and standards; and estimation algorithms considering 
various influential factors in details such as lighting control 
properties and illuminance contributed from surrounding 
artificial lightings, etc. Of course, early methods of daylight 
estimation, including diagrams [3][4], protractors [5][6], 
rules-of-thumb [7] and analytical formulae [8][9], suffer from 
over-simplification, limiting their practical and wide 
application [10]. Over the past years, developers of building 
performance simulations have been pioneering a variety of 
daylight simulation tools (DSTs) of growing sophistication 
and accuracy [11], ensuring their reliability for practitioners 
and research community as well. DSTs became well-
incorporated into the architectural design process, as new 

family of tools is being developed [12][13] that depends on 
Daylight Coefficient [14], Climate-Based Daylight Modelling 
(CBDM) [15][16], 3- and 5-Phase Methods [17][18][19]. The 
selection of the methods and of the software to be used 
depends on the accuracy of the data, the availability of the 
machines (e.g. computer and server), and the time. Regarding 
the accuracy, the validation of the software is important in 
order to calculate the errors of simulation and the difference 
between the simulated data and the expected ones [20]. 
Obviously, as for many fields, in last decades many researches 
applied Machine Learning to estimated daylight distribution.  
In [3] the authors performed a review of the current use of 
machine learning tools for daylighting design and control and 
found that 22 of the studies used supervised neural network 
algorithms to optimize daylight availability, while the 
remaining 3 studies used multiple linear regression or density-
based clustering algorithm. Among the 22 studies utilising 
Artificial Neural Network (ANN), eighteen used ANN only, 
and the remaining four conducted a comparative analysis of 
several ML methods, including ANN. The number of hidden 
layers and the training algorithms for ANN was different from 
study to study. It was found that most studies used feed-
forward multi-layer perception, and, regarding the training 
method, most studies adopted a gradient-descent training 
approach. Arbab et al. [6] compared the performance of RF, 
DT, Support Vector Regression and ANN models in 
predicting daylighting and energy performance for office 
space in Tehran, Iran. It was reported that ANN models 
produced more accurate results in predicting illuminance. On 
the other hand, only few studies considered both physics-
based and data-driven approach and presented the best-
performing algorithm. It is worth noting that presenting a 
comparative analysis of various algorithms should be viewed 
as the best practice mainly because it increases the possibility 
of comparing models developed across multiple studies 
subsequently increasing the chances of identifying the best 
possible algorithms for daylight tasks.  Of course, ANNs are 
one of the most applied technics that have been used to predict 
illuminance values [10] [11] [12] [13] [14] [15] [16] [17] [18] 
[21] [22] [23], but as well other parameters related to the 
visual conditions: Useful Daylight Illuminance [24] [25-27], 
Daylight Autonomy (DA) [4] [28-29], Daylight Glare 
Probability [30] [31], Annual Sunlight Exposure [32], 
Daylight Factor [33], etc. Among the various machine 
learning techniques currently available, Long Short-Term 
Memory (LSTM) networks have emerged as a particularly 
effective approach for time-series prediction, due to their 
capacity to model long-range temporal dependencies in 



sequential data. Their architecture makes them especially 
suitable for applications involving complex and non-linear 
temporal patterns. In this study, LSTM networks are 
employed for the prediction of illuminance levels, aiming to 
enhance the accuracy and reliability of lighting forecasts by 
leveraging the strengths of deep learning in handling dynamic 
environmental data. The objective is to compare the 
performance of this advanced machine learning approach with 
traditional physics-based simulation methods, implemented 
via the Daysim [34] software, to evaluate their respective 
accuracy and practical applicability in lighting analysis. The 
accuracy of both methods is assessed using over six months of 
measured data collected from a real-world case study. An 
additional contribution of this study is the comparison 
between Daysim simulations based on standard weather 
datasets available in the literature and those using real, site-
specific weather measurements. This study will mainly focus 
on identifying the most accurate method for simulating indoor 
illuminance at multiple spatial points. These outcomes are 
particularly relevant for applications such as Digital Twins, 
where accurate, real-time illuminance estimation based solely 
on solar radiation data could enable more efficient and 
adaptive building control strategies.  

II. METHODOLOGY 

In this section the methodology applied is explained. As is 
possible to see in Table 1, the methodology is based on the 
comparison of four different set datasets. The results are 
related to the illuminance values calculated on a workplane. 

TABLE I.  DATASET DESCRIPTION 

Tool ID Input Output 

Daysim Dwea 
Climate data file 

radiation 
Simulated 

illuminance 

Daysim Dm Real climatic data 
Simulated 

illuminance 

ML ML Real climatic data 

Real illuminance 
(learning) 
Predicted 

illuminance 

Real R Real climatic data 
Real illuminance 

values 

 
The first set of illuminance simulated by using the software 

Daysim. In this case the climate data file has been used. The 
second set of simulated data has been generated by using as 
input, the real climate data. The third database includes data 
generated thanks to the application of Machine Learning 
algorithms. These latter consider real radiation data as input 
and real illuminance values as output. Finally, the all the 
dataset has been compared with real data. 

A. Daysim modelling 

Daysim is a simulation tool based on Radiance, designed 
to calculate dynamic indicators of daylight such as DA, Useful 
Daylight Illuminance, Annual Sunlight Exposure, Spatial 
Daylight Autonomy, and illuminance values. In the case 
presented in this manuscript, authors used Sketchup software 
to develop geometrical models and to fix the point where the 
indices values were calculated. Unlike static simulations, 
Daysim considers local weather conditions and the temporal 
behavior of daylight throughout the year. The required inputs 
are a geometric model of the building in Radiance-compatible 
format, surface reflectance data, and the geographic location 
with its corresponding weather file (usually TMY .wea or 

.epw format). Additionally, the specifications for openings 
such as windows and skylights should be included, along with 
the possible presence of light control devices like curtains or 
sunshades. 

B. Long Short-Term Memory Networks 

LSTM networks are a specialized type of Recurrent Neural 
Network (RNN) designed to effectively model and predict 
sequential data with temporal dependencies. Unlike 
traditional RNNs, which often struggle with vanishing or 
exploding gradients during training, LSTMs incorporate a 
gating mechanism—comprising input, output, and forget 
gates—that enables them to retain and selectively update 
relevant information over extended time periods. This 
capability makes LSTM networks particularly well-suited for 
time-series forecasting tasks. In the context of illuminance 
prediction, where light levels vary dynamically in response to 
environmental factors such as solar position, weather 
conditions, and building orientation, capturing these temporal 
variations is essential for accurate forecasting. Differently to 
traditional physics-based simulation methods, such as those 
based on Radiance’s daylighting algorithms, LSTM networks 
offer a data-driven alternative that can learn complex, non-
linear patterns from historical measurements. As seen in Fig. 
1, in its core, an LSTM cell has a memory, called the cell state, 
which carries information along the sequence. This memory 
gets updated at each time step, and the cell decides what to 
keep, what to add, and what to discard. At each time step, an 
LSTM unit receives three main inputs: the current input, the 
output at the previous point in time, known as the previous 
hidden state, and the last state cell Ct-1(i.e., the long term 
memory of the network). The LSTM unit processes this 
information through three gates. Forget Gate – This gate 
looks at the current input and the past state and decides what 
information is no longer useful. Input Gate – This gate 
decides what new information should be added to the memory. 
Output Gate – After the memory is updated, the output gate 
decides what part of the memory should influence the output 
(and the next step in the sequence).  

III. CASE STUDY 

A. Solarlab description and experimental setup 

SolarLab is a laboratory located on the third floor of 
Building 9 at the University of Palermo. It has previously been 
used in studies focused on visual comfort [35] and thermal 
comfort [36]. However, to ensure this study remains self-
contained, a brief description of the room is provided below.  

 

 
Fig. 1. Functional diagram of an LSTM cell 



The room has a C-shaped layout and is bordered by two 
non-air-conditioned rooms and one air-conditioned space. The 
only glazed façade is on the south-east side where four double-
glazed windows are located (2.40 m in width and 2.90 m in 
height). Additionally, a solar shading structure measuring 
19 m in width and 2.7 m in depth is installed on this façade, 
covering the exposed south-east surface. Despite the presence 
of the solar shading system, which effectively blocks direct 
solar radiation, episodes of high illuminance were observed 
during morning hours. The experimental setup includes 
sensors designed to measure illuminance, luminance, and 
electrical consumption under controlled conditions. These 
sensors are connected to a Yokogawa data acquisition system, 
which transfers the recorded signals to a Windows-based PC. 
Data collection and visualization were carried out using the 
LabVIEW platform [37]. More details of the experimental 
setup are available in previous works [38]. The data used in 
this study were collected using LabVIEW every 5 minutes and 
include illuminance measurements on the desk and ceiling. 
The luxmeter was positioned as shown in Fig. 2, (the red 
circle).  

B. SolarLab Daysim model 

The Daysim model of the SolarLab is shown in Fig. 2 (the 
ceiling part of the model is set to “hidden” to visualize the 
virtual sensor mesh). The measurement of illuminance used to 
conduct this study are simulated in the point circled in red (the 
same position of the sensor used to measure the real data).  

Regarding material properties, details on the reflection 
coefficient assumed for each surface are reported in Table 2.  

TABLE II.  SURFACES REFLECTANCE COEFFICIENTS ASSUMED 

Surface Material Reflectance 

Interior Wall White paint 0.8 
Exterior Façade Light yellow paint 0.5 

Solar Shelter Black plastic 0.2 
Floor Marble 0.3 

Ceiling White paint 0.8 
 

C. Dataset description 

The measurement campaign (R dataset) was carried out 
between April and September 2024. The illuminance values 
on the workplane and global horizontal irradiance (GHI) data 
were collected at five-minute intervals, resulting in over 
24,000 measurements, despite the presence of some gaps in 
the dataset.  

 
Fig. 2. Daysim model of the SolarLab  

The input features used for the LSTM model consist of a 
set of time-series data derived from both direct measurements 
and physically-based estimations relevant to solar irradiance 
and geometry. The only directly measured variable is the GHI, 
recorded using a pyranometer installed at SolarLab. All other 
features are obtained through physical and mathematical 
models based on solar geometry. In particular, pvlib library 
[39] as used. These include estimates of the direct and diffuse 
components of solar radiation derived from GHI using two 
different modeling approaches, identified by the suffixes 
“disc” and “dirint, (i.e., DNIdisc, DNIdirint, DHIdisc, DHIdirint, 
BHIdisc, BHIdirint). Specifically, the features include Direct 
Normal Irradiance (DNI), which represents the direct 
radiation on a surface perpendicular to the sun’s rays; Diffuse 
Horizontal Irradiance (DHI), which captures the diffuse 
component on a horizontal plane; and Beam Horizontal 
Irradiance, referring to the direct radiation incident on a 
horizontal surface. Additionally, the solar zenith and solar 
elevation angles are included, as they are fundamental 
descriptors of solar position and are essential for accurately 
modeling irradiance dynamics throughout the day. Daysim 
simulations required a full year of DNI and diffuse DHI or 
alternatively, beam horizontal irradiance (BHI). Related to the 
Dm dataset, DHI was estimated using the Erbs method [40] 
implemented via the Python pvlib library [39]. It is considered 
one of the most reliable methods for diffuse radiation 
modelling. BHI was then calculated as the difference between 
GHI and DNI. Since the experimental dataset did not span a 
complete year, missing data were supplemented using the 
Open-Meteo API [41]. For standard simulations requiring a 
.wea weather file, Dwea dataset, the TMY 2007–2021 dataset 
for Palermo Boccadifalco was selected as it represents the 
most recent and geographically relevant dataset for the case 
study. Finally, model outputs were filtered to align with the 
time series corresponding to the measured data. 

D. LSTM Model for daylight Illuminance prediction 

In this paper, we implemented a stacked LSTM with two 
hidden LSTM layers, each containing multiple memory cells, 
and an output layer for daylight illuminance prediction as 
shown in Fig. 3. 

To assess the predictive power of the input features, an 
ablation study was conducted. This involved systematically 
evaluating the contribution of each feature—or group of 
features—to the overall performance of the LSTM model. By 
selectively removing individual inputs and observing the 
corresponding changes in predictive accuracy, the study 
aimed to identify which features are most influential in 
enhancing the model’s ability to forecast illuminance levels. 
The evaluation was based on two commonly used 
performance metrics: the coefficient of determination (R2) 
and the Root Mean Square Error (RMSE), which together 
provide a comprehensive assessment of both the accuracy and 
reliability of the predictions.  

 
Fig. 3. Architecture of the LSTM network 

In the experimental setup, the LSTM model was trained 
using a dataset comprising 24,000 time-series observations, 



with an additional 700 observations reserved for validation. 
The training process was conducted over 100 epochs with a 
batch size of 64, allowing the model to iteratively optimize 
its parameters while monitoring validation performance to 
prevent overfitting. 

IV. RESULTS AND DISCUSSION 

In this section, the results of each modelling approach are 
presented in detail, followed by a comparative discussion of 
their respective accuracy and limitations. 

A. Daysim Results 

As a result, the simulation outputs, shown in Fig. 4, 
differed notably from the measured dataset (R) at the 
workplane (Plane 1*). During the week in April, for instance, 
both Daysim simulations (Dm and Dwea) underestimated 
illuminance on the measurement plane. On 14th April, the 
maximum simulated illuminance ranged between 1000 lx 
(Dwea) and 1120 lx (Dm), whereas the real measurements (R) 
exceeded 1500 lx. Nonetheless, Dm produced early morning 
peaks that more closely aligned with R. On 4th of July, Dm 
successfully reproduced real illuminance levels during the 
morning hours. However, in the afternoon, it overestimated 
illuminance by up to 1.5 times compared to R.  

This discrepancy may be attributed to two main factors: 
(1) an overestimation of the contribution from diffuse 
radiation within the room, and (2) inherent assumptions in the 
Daysim modelling methodology, as this error was observed 
in both Dm and Dwea. Neither model was able to reproduce the 
sharp peak of 2500 lx recorded at 05:45 on 6 July in the R 
dataset. Similar trends were observed in September.  

 
Fig. 4. Daysim model results for different months 

The Dm results were again more consistent with the 
measured values (R) in the morning. It is necessary to remind 
that, as common, although the geometry of the model 
accurately replicates the real case study, some uncertainties 
could exist (e.g. related to the surface reflection coefficients 
to be assumed).  

B. LSTM Ablation Study Results 

The ablation study consisted of 511 tests and revealed that 88 
input features configurations yielded a coefficient of 
determination R2 ≥ 0.99 and an RMSE = 0.002, indicating 
consistently high predictive performance across different 
feature sets. These results indicate an exceptionally high level 
of predictive accuracy, with the model able to explain 99% of 
the variance in the observed illuminance data. The 
remarkably low RMSE further confirms that the model’s 
predictions are not only consistent with the true values but 
also exhibit minimal absolute error. Notably, among these 
high-performing configurations, the combination of only two 
features DNIdirint and BHIdisc matches the performance of 
more complex feature sets. This result is particularly 
significant, as it demonstrates that a minimal, yet physically 
meaningful subset of input variables can be sufficient for 
accurate illuminance prediction. The inclusion of DNIdirint 

captures the direct component of solar radiation as estimated 
by one of the physical models, while BHIdisc represents the 
direct radiation on a horizontal surface, derived from an 
alternative model. The strong performance of this reduced 
feature set suggests that these two variables together 
encapsulate the most critical information required for 
modeling daylight illuminance, potentially reducing model 
complexity and computational cost without sacrificing 
accuracy. Moreover, from the perspective of deploying the 
LSTM model in a real-time lighting control system, the 
configuration with the minimal number of input features is 
the most suitable. This minimal setup not only reduces 
computational overhead, making the model less time-
consuming to evaluate, but also decreases the dependency on 
extensive input data, which is advantageous in scenarios 
where sensor availability or data acquisition may be limited. 
Therefore, this configuration offers a highly practical and 
efficient solution for real-time applications without 
compromising predictive performance. As shown in Fig. 5, 
the temporal trends of the actual daylight illuminance and the 
values predicted by the LSTM model are closely aligned. The 
near-complete overlap of the two curves visually confirms the 
high predictive accuracy of the model. In contrast, the 
configuration that yielded the lowest performance in the 
ablation study consisted of the features DHIdisc, DNIdirint, 
DHIdirint, and solar zenith, which resulted in a R² of 0.8869 
and RSME of 0.009. While still moderately accurate, this 
value is significantly lower than those achieved by other 
configurations, indicating reduced predictive capability as it 
is also visually confirmed by the trend reported in Fig. 6. This 
diminished performance may be attributed to the absence of 
features that directly represent the global or beam 
components of irradiance on horizontal surfaces, which are 
particularly relevant to modeling indoor daylight 
illuminance. Additionally, the presence of redundant or less 
informative variables, such as both DHIdisc and DHIdirint, 
which provide similar information about diffuse irradiance, 
may contribute to reduced model generalization, possibly 
introducing noise into the input data. Although the solar 
zenith is a critical geometric parameter, it alone may not  



 

Fig. 5. Trend of actual and predicted daylight illuminance for the best 
performing configuration. 

 

Fig. 6. Trend of actual and predicted daylight illuminance for the worst 
performing feature configuration. 

sufficiently compensate for the lack of surface-incident 
irradiance data. 

These findings underscore the importance of selecting 
input features not solely based on quantity or variety, but on 
their physical relevance to the target variable. The 
performance gap between this configuration and others with 
fewer but more targeted features highlights the advantage of 
carefully curated, domain-informed inputs in achieving 
robust and efficient predictive models. 

C. Discussion 

Since the LSTM network was only validated on the last 700 
measurements, comparing the models on the same time 
window provides insightful information. As previously said 
and as represented in Fig. 7, the ML model performed the 
best, comparing to true measurements (R), with an R² of 0.99.  

 
Fig. 7. Heatmap of the R2 score between models. 

Among Daysim-based simulations, simulations using 
measured climate data (Dₘ) outperformed baseline climate 
file simulations (Dₘ) in having better R² (0.78 vs. 0.60) and 
lower RMSE (165.3 lx vs. 223.5 lx). Additionally, the high 
similarity between Dₘ and Dₘ (R² = 0.90 and a RMSE = 134.7 
lx) suggests the inaccuracy with actual measurements is 
likely attributable to intrinsic modeling assumptions or 
calculation. Nevertheless, Daysim remains valuable due to its 
good performance with a R² equal to 0.78. It provides spatial 
illuminance distribution maps without internal sensor data for 
the entire year. Relying solely on external solar radiation 
measurements, it can support DT and smart building 
applications if few measurements are available. This 
capability is especially useful for predictive lighting control 
and comprehensive daylight analyses across entire spaces. 
One of the advantages to use this approach is that it can be 
replicated when not-permanent IoT devices (such as sensors) 
is not available. Indeed, to train ML algorithms it is necessary 
just to measure the outdoor irradiance and the indoor 
illuminance for a limited period. Of course, by applying the 
method used to develop the Dm dataset, only the outdoor 
radiation measures are necessary. 

V. CONCLUSION 

This study evaluated and compared two distinct 
methodologies, physics-based simulation using Daysim and 
data-driven modeling employing LSTM neural networks, to 
predict indoor daylight illuminance. The goal was to identify 
the most accurate and efficient approach suitable for real-time 
applications, including adaptive lighting control and digital 
twins. An experimental campaign was conducted at the 
SolarLab of the University of Palermo. In a three months 
period, 24,705 illuminance and irradiance measurements were 
recorded. This dataset was essential for evaluating the Daysim 
model and training the LSTM network. Additionally, an 
ablation study on the LSTM model was carried out to assess 
the best combination of input features. The results 
demonstrated that the LSTM model achieved exceptional 
predictive performance (R²> 0.99) using only two input 
variables: DNI_dirint and BeamHorizontal_disc. However, 
this level of accuracy required substantial datasets for training. 
Daysim simulations, which do not require extensive training 
data and rely solely on external radiation measurements, 
produced lower accuracy (R² up to 0.46). Nevertheless, 
Daysim offers the advantage of estimating illuminance 
distributions throughout an entire spatial area without the 
necessity of internal sensor data. Future research should focus 
on employing LSTM and similar deep learning models for 
real-time illumination control and predictive maintenance in 
smart buildings. Moreover, hybrid modeling approaches 
combining physics-based simulations with machine learning 
corrections represent a promising area for future exploration. 
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