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Abstract

This study evaluates the efficacy of long short-term memory (LSTM) neural networks in predicting
indoor temperature and humidity dynamics for naturally ventilated office environments in Ho
Chi Minh City, Vietnam (10.8231°N, 106.6297°E). The tropical climate of this location,
characterized by consistently warm temperatures year-round, provides a specific context for the
model's performance and applicability. A simulated office room model with diverse window
opening scenarios was developed using EnergyPlus simulations, generating a synthetic dataset
of hourly indoor-outdoor conditions across varying seasons. An LSTM neural network, trained on
70% of the data and tested on the remaining 30%, was employed to forecast indoor temperature
and humidity at multiple time horizons. Results indicate that the LSTM achieves near-perfect
short-term (1-30 min) predictions, with performance degrading at longer horizons (60-120 min)
while remaining competitive with existing approaches. The model effectively captured the strong
influence of window opening area and solar irradiance on indoor conditions. A comparison of
different window configurations revealed their significant impact on predicted thermal dynamics.
Model accuracy was assessed using the coefficient of determination, root mean square error,
and mean absolute error metrics. The study demonstrates that LSTM networks can effectively
learn complex non-linear building physics to forecast climate in naturally ventilated spaces. With
sub-second response times, this approach shows potential for supporting real-time control and
optimization of natural ventilation strategies based on probabilistic forecasts, ultimately

enhancing occupant comfort and energy efficiency in buildings.
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1. Introduction

1.1. Background

Buildings account for over 40% of global energy usage and associated greenhouse gas emissions,
enhancing efficiency imperative to curb climate change impacts [1]. Heating, ventilation, and air
conditioning (HVAC) systems alone consume almost half of a typical building's energy [2]. This
signifies substantial potential for optimization. However, indoor environmental quality and
occupant well-being must also be ensured through compliance with standards to promote health

and productivity [3].

Window opening behavior is a prevalent practice in buildings worldwide, serving as a
fundamental method for occupant control of indoor environments. A comprehensive national
survey conducted by Morrison et al. [4] in the United States, encompassing 3800 participants
across various seasons and geographic regions, revealed that 43.9% of respondents reported
having at least one window open. Analogous studies in China have demonstrated that window
opening is a deeply ingrained cultural practice for maintaining optimal indoor temperature and
air quality across diverse climatic conditions [5]. Research conducted in the Netherlands has
shown that window views confer physical and psychological benefits to building occupants,
effectively mitigating discomfort [6]. Additionally, it examines the influence of shading devices
on natural ventilation in buildings, revealing that their impact varies according to factors such as
climate, location, and design [7]. Moreover, occupants can exercise personal control over their

environment [8].
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Natural ventilation facilitated by operable windows offers substantial advantages for indoor
environmental regulation and energy conservation in buildings. The ASHRAE RP-884 study [9],
which developed and analyzed a comprehensive global database, revealed a significant finding:
occupants in naturally ventilated structures exhibited tolerance and preference for a markedly
broader range of temperatures compared to their counterparts in buildings equipped with
centrally controlled HVAC systems. This discovery underscores the potential of natural
ventilation strategies to enhance occupant comfort while simultaneously reducing energy
consumption in office environments. Natural ventilation presents an advantageous alternative
to purely mechanical HVAC systems by passively harnessing airflow driven by wind pressures and
indoor-outdoor temperature differences [10]. Properly implemented natural ventilation
strategies can reduce building energy usage by 8-78% [11] while maintaining or even enhancing
air quality and thermal comfort compared to conventional HVAC [12]. However, effective
integration of natural ventilation requires predictive capabilities to inform real-time control and
system adjustments in response to dynamic weather conditions and occupancy variables. One
plausible explanation for the wider temperature tolerance in naturally ventilated buildings is that
they give occupants more control over their environment, leading to more relaxed expectations
and increased acceptance of temperature fluctuations [13]. Consequently, thermal conditions in
buildings with operable windows typically exhibit more variability than in fully air-conditioned

structures [14].

Physics-based models have traditionally been employed but require extensive details on thermal
characteristics and lack generalizability [15]. Data-driven methods present alternatives, with long

6
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short-term memory (LSTM) neural networks demonstrating particular potential for mapping
complex non-linear relationships [16]. However, research on LSTM specifically for natural
ventilation control remains limited. Most studies have focused on HVAC systems or commercial
buildings using conventionally sourced typical meteorological year (TMY) weather data [17].
Figure 1 illustrates the variations in indoor and outdoor conditions (Hochiminh City, VietNam),

providing a comprehensive view of the climate context underpinning the forecasts.

1.2. Black-box modeling approaches for buildings

1.2.1. Overview of modeling approaches

Accurate simulation models are essential for integrating and validating new concepts in HVAC
design. However, creating these models can be complex due to the highly non-linear dynamics
of HVAC systems and the influence of external factors such as outdoor temperature [18]. The
literature has made significant efforts to build accurate simulation models, categorized into

white-box, grey-box, and black-box models [19].

White-box or physics-based models utilize mathematical representations of the elements based
on physical laws to build predictive models [20]. While white-box models have their advantages,
such as accurately capturing the physical behavior of HVAC systems, they require extensive
knowledge of the building or area being modeled, and the models may contain assumptions that
do not always correspond to actual behavior [21]. Grey-box modeling methods aim to bridge the

gap between white-box models and existing buildings [22]. Although grey-box models have
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shown promising results, they require extensive prior information, and the mathematical

assumptions of the models can be a barrier to their accuracy [23].

1.2.2. Black-box modeling and artificial neural network

Black-box modeling has gained popularity in the literature, especially for thermal dynamics,
without explicitly defining zone-specific properties such as heat capacity and size. One type of
black-box model is the LSTM neural network, which has been successfully used for temperature

prediction in indoor environments.

D.Yu et al [24] demonstrated a generalized regression neural network model able to predict
indoor temperatures more accurately. Comparing artificial neural networks (ANN), support
vector machines, and adaptive neural fuzzy inference system models, Mechaqgrane and Zouk [25]
found ANN most accurately predicted a test building's thermal loads. Gaber et al [26] employed
ANN to show how various shading systems impact daylight and energy use in office buildings
during early design phases. LSTM networks present enhanced capabilities by incorporating

memory cells and gate units to learn both short and long-term temporal dependencies [27].

1.2.3. Advanced data-driven approaches

Other data-driven approaches combining computational methods and machine learning have
also shown promise. Recently, indoor airflow distribution prediction was demonstrated in
naturally ventilated residential buildings by coupling CFD simulations with the DNN model. This

enabled high-fidelity, physics-informed predictions without prohibitive computational costs [28].
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LSTM has achieved high accuracy for tasks including HVAC control optimization, occupancy
prediction, and indoor air quality classification [29]. However, limitations persist, including
degradation over long-term multi-step forecasting and extensive data necessities. Targeted
synthetic data generation methods help address this by producing abundant tailored training sets

[30].

1.2.4. Challenges and considerations in black-box modeling

While black-box modeling offers advantages, it is not a universal solution for creating accurate
simulations. Research has shown that the accuracy of these models decreases significantly as the
forecast horizon increases, primarily due to the closed prediction loop, where past prediction
errors accumulate over time. A model's ability to predict the future over a long period indicates

its stability and resilience [31].

Various modern controllers, such as Model Predictive Control (MPC) and Reinforcement Learning
(RL), use prediction to develop and improve their control strategies [32]. Deep Learning (DL)
techniques have been introduced to predict building occupants' behavior concerning manual
window control, effectively identifying and predicting specific behavior patterns [33].
Furthermore, ANN models have demonstrated more accurate predictions of occupant behavior
and better interpretability of interrelated components compared to logistic regression and

Markov models [34].
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1.3. Research gap and research aim

Recent studies have demonstrated the potential of LSTM models in predicting various indoor
environmental factors, including office temperatures [35], HVAC control optimization [36], and
subway station air quality [37]. However, there is a notable gap in research specifically examining
LSTM's predictive capabilities for indoor temperature and humidity in naturally ventilated office
spaces across different seasons. This study aims to address this gap by evaluating LSTM networks
for indoor climate prediction in naturally ventilated offices, considering seasonal window
opening schedules and related environmental variables. We leverage LSTM's ability to uncover
temporal patterns in data streams, which is crucial for thermal condition forecasting, to enhance

the applicability of Smart Energy Management (SEM) systems in buildings.

The primary objective of this research is to assess LSTM's efficacy in forecasting temperature and
humidity levels in a naturally ventilated office room, taking into account seasonal window
opening approaches and external factors. This study extends beyond typical meteorological data,
utilizing aligned synthetic datasets to broaden prediction capabilities and better inform building
automation and energy management decisions. By evaluating and demonstrating LSTM's
potential for rapid and accurate prediction of dynamic indoor thermal conditions under varying
window scenarios and weather events, we aim to optimize natural ventilation strategies,

balancing occupant comfort, energy efficiency, and costs.

10
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The practical significance of this research lies in its ability to navigate crucial trade-offs between
energy usage, cost, and occupant health and comfort through data-driven insights. By
demonstrating LSTM's capability to predict and optimize indoor environmental conditions in
naturally ventilated spaces, this study contributes to developing more intelligent and adaptive
building management systems. Ultimately, this research drives progress toward carbon-neutral,
smart, and innovative buildings aligned with environmental directives, offering valuable insights
for academic research and practical applications in building energy management and indoor

environmental quality.

2. Related works

LSTM is a type of RNN commonly used in natural language processing and time series prediction
tasks [38]. LSTM is designed to overcome the vanishing gradient problem, a common issue in
traditional RNNs [39]. The vanishing gradient problem occurs when the gradient of the error
function becomes very small during the backpropagation process, making it difficult for the
model to learn long-term dependencies. Table Sl. 1 (in the supporting information) presents the

studies that specifically developed data-driven predictive models for indoor temperature.

One of the fundamental characteristics of a time series is the strong correlation between a value
at a given time t and the variables in the window before t. Due to the independent handling of
each property, this vital relationship is lost in the neural network topologies mentioned. However,

RNN has overcome this problem [40]. In RNN, a given point in the sequence and the layers

11
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correspond one-to-one. RNNs are effective in learning short rows that require only a few slices.
However, they are challenging to train due to the gradient's disappearance and the explosion's
problems [41], making them excellent short-term tests. Time memory, but a poor long-term

memory. This problem is addressed by the LSTM neural network [38].

It has been suggested that RNN be used to include time dependence into neural network
topologies natively. The fundamental concept is introducing a dynamic sequential structure into
traditional ANN algorithms to increase capacity [42]. LSTM is particularly successful because it
can learn the issue's short- and long-term dependencies and is designed to address the vanishing
gradient problem that most RNN designs have, even though there are a variety of approaches to
achieve this capability [43]. Additionally, it is a good fit for interior temperature modeling since
it simultaneously includes slow and fast-moving phenomena [44]. "Cells" are terms for the
primary information processing units of LSTM. In a typical MLP, these cells may be considered

more complex neurons.

LSTM comprises memory cells, input, forget, and output gates [45]. The memory cells are
responsible for storing information over a long period, while the gates control data flow into and
out of the cells. The input gate controls the flow of new information into the memory cell and is
determined by the current input and the previous hidden state. The forget gate controls the flow

of information out of the memory cell and is determined by the current input and the last hidden

12
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state. The output gate controls the flow of information out of the memory cell and is determined

by the current input, the previous hidden state, and the current memory cell state.

LSTM networks use multiple gates to control and store information across varying time spans.
This capability allows LSTM to selectively retain or discard data based on its relevance for short-
term and long-term dependencies, making it particularly effective for sequential tasks. An LSTM
network processes an input sequencex = (x,,...,Xxy) to generate an output sequencey =
(y1,...,y7) This is achieved by iteratively computing the activations of the network units using

specific equations from t = 1to T [46]:

ir = o(Wixxe + Wimme—q + WicCeq + by) (1)
ft = J(foxt + Wyme_q + Wepepq + bf) (2)
¢t = fr O cemr + i © gWerxe + Weyme—q + be) (3)
0p = 0 (Worxy + Wommy—q + Wocce + by) (4)
my = o, O h(c,) (5)
ye = Wymme + by (6)

where the W terms represent weight matrices (e.g. W;, is the matrix of weights from the input
gate to the input), the b terms are bias vectors (b; is the input gate bias vector), adenotes logistic
sigmoid function, and i, f, o and c correspond to the input gate, forget gate, output gate and

cell activation vectors, respectively, all of which are the same size as the cell output activation

13
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vector m, the notation (© indicates the element-wise product of the vectors. Functions g and h
represent the cell input and cell output activation functions, typically the hyperbolic tangent

(tanh).

The illustration in Figure 2 shows a visual knowledge of how information flows inside an LSTM
cell. Like neurons, LSTM cells may be stacked as layers and linked to one another to transport
temporal information. A layer of 50 cells with 5 channels is created by connecting one LSTM cell
for each previous state. Then, by including a replica of this layer, the LSTM network was deepened
into two layers. A fully linked layer was employed to provide a single prediction after flattening

the LSTM layer's output.

The stateful vanilla model, which has a single LSTM hidden layer architecture, is used to construct
this neural network. The tiers of the network are as follows: It has the form of input (batch size,
delays, and the number of features). The number of LSTM cells is determined during the voting
process. Results: The LSTM layer's dimensionality matches the size of the predicted horizon. Its

activated function is the linear function.

This neural network architecture is being adjusted for batch size, LSTM cell count, regressor count,
and learning rate. Like other neural networks, these hyperparameters are tuned by trial and error,
with the parameters changed in a particular order. The initial set of chosen parameters consists
of the following numbers: batch size = 32; forecasting horizon = 180h; training epochs = 100; and

several LSTM cells = 50. The LSTM model was tested over a 180-hour validation period, with

14
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forecasting horizons of 1 minute, 30 minutes, 60 minutes, and 120 minutes. This is the starting
point, and several inputs are examined to determine which ones perform best after that. The
training is terminated when there is no noticeable improvement after optimizing the number of
regressors, the number of epochs, and finally, the number of epochs. By creating a grid with their
values connected, the batch size and learning rate are finally maximized, and their connection

(learning rate, batch size) is maximized concurrently.

3. Methods and materials

Figure 3 presents the schematic diagram of the process undertaken in this study, encompassing
data acquisition, model training, and performance evaluation. The following subsections detail

the steps to achieve the research objectives.

3.1. Generic space

The study was conducted in a simulated office room with 9.1m x4.1m x 7.0m (L x H x W). The 3D
model was created in Rhinoceros [47] and included precisely constructed details on the insulated
walls, floor, ceiling, glazing, and furniture (Figure 4). Specifically, the external walls are 20cm thick
concrete with an insulating R-value of 0.3 m2K/W. The floor and ceiling slabs use 30cm and 20cm
thick concrete, respectively. Windows on the north and south facades are modeled as 1.1 W/m?2K
double-glazed units with a solar heat gain coefficient of 0.36 and visible transmittance of 0.5 (see

Table SlI. 2 and Table SI. 3).

15
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Internally, the room incorporates two rows of desks, chairs, computers, and monitors to
represent a real-world office environment. These specifics enable highly accurate simulation of
material absorptance, external solar gains, internal heat dissipation, and hourly indoor

temperatures under dynamic climate conditions.

3.2. Window configurations

Four window opening configurations were modeled in Rhinoceros with sizes ranging from 0%
(fully closed) to 90% (wide fully open) of the maximum window area. These configurations were
used to generate a synthetic dataset under controlled assumptions for model training. It is
important to note that this deterministic approach is a simplification, and real-world window
opening behavior is stochastic, influenced by occupant control. The window-to-wall ratios were
32.7% on the South facade and 50% on the North fagade (see Figure 5, 6). Each scenario was
simulated independently over an entire year using Typical Meteorological Year (TMY) weather
data for Ho Chi Minh City, Vietnam (10.8231°N, 106.6297°E). This location was selected due to
existing access to reliable weather data sources. However, the model set-up is readily

generalizable to any geographic location with minor modifications.

It is important to note that this study examines explicitly a tropical climate, where temperatures
remain relatively warm and consistent throughout the year. The model's performance and

applicability are tailored to these conditions. In temperate or colder climates with significant
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seasonal variations and heating requirements, the current model would require substantial

modifications to account for these different thermal dynamics.

The extensive range of window-opening factors spanning seasonal timeframes generates
substantial diversity in the training data sets. By sampling across the entire solution space, the
data better encapsulates realistic operating conditions within the simulated office rather than
just a single scenario. This diversity enhances the longevity and external validity of the developed

LSTM network for indoor temperature prediction.

3.3. Simulation settings and data generation

A whole-building energy simulation program, EnergyPlus software [48], generated multi-
parameter performance data across annual periods for the modeled office room. EnergyPlus
numerically solves fundamental heat and moisture balance equations to provide dynamic
thermal and moisture transfer modeling capabilities. Specifically, the conduction finite difference
heat transfer algorithm was applied with a variable time step matching the input weather data
timestep of 1 hour. This approach enabled transient conduction through all building surfaces to
be modeled based on material properties like thermal conductivity, density, specific heat, and
layer thicknesses aligned with the defined wall, floor, ceiling, and window constructions. Indoor
air temperature, determined through heat balance simulations calculates humidity levels via a
simplified moisture balance equation [49]. The model accounted for ventilation rates, internal

moisture generation, and the moisture buffering capacity of interior surfaces. Internal heat gains
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were incorporated using convective and radiative split coefficients based on equipment

operation and occupancy schedules.

The adequate moisture penetration depth (EMPD) model was selected to account for moisture
adsorption and desorption effects within hygroscopic building materials. This tracks moisture
movement through porous envelope layers and the potential impacts on thermal performance
when water vapor condenses or evaporates based on relative humidity levels. The EMPD
formulation within EnergyPlus provides suitable accuracy levels for building-scale analyses
without excessive computational overhead. Interior heat gains were modeled using established
convective/radiative split coefficients for the defined equipment densities and occupancy
schedules typical of office spaces. Additional solar heat gains through windows were calculated
separately and combined to determine the room's overall hourly cooling/heating loads. However,
the HVAC system was deactivated, so only passive, envelope-based temperature and humidity

outcomes were quantified in the final simulation results.

The high-resolution mapping of indoor environmental conditions facilitated data-driven training
and testing procedures for the LSTM indoor temperature forecasting model. The 35040 data
samples across window opening configurations over a complete 8760-hour annual cycle
accounted for seasonal, daily, and stochastic climate variations in the target location. The
extensive simulation dataset enabled the LSTM neural network to learn complex relationships

between dynamic weather phenomena, envelope heat/mass transfer interactions, window
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parameters, and resulting indoor temperature and humidity trends. Testing predictive
capabilities on unseen weather profiles and opening scenarios evaluates model generalization

for real-world deployment and control integration.

3.4. Model development

3.4.1. Model input, output variables, and training

The inputs and outputs of the LSMT models to predict indoor operating temperatures are shown
in Table SI. 4, and initial hypermeters for the LSTM model are shown in Table SI. 5. The output
variable for the LSMT was the office room's hourly operating temperature, which was
determined by simulating the building model. The window opening area was adjusted from 0%
to 90% in increments of 10% to consider how natural ventilation impacts interior temperature.
To create 8760 rows of hourly data, each opening approach was simulated for an entire year. The
35040 hours of data generated from the window opening strategies were used to train, validate,
and test the LSTM model. The model's inputs included weather information and the window
opening size. In addition, time was considered input for calculating the hourly indoor

temperature, including the hour, day, and month of the year.

The present study primarily utilizes a dataset from October 12t to November 1%, as illustrated in
Figure 7. The dataset is partitioned into a training set comprising 70% of the data and a test set
containing 30%. The encoder input consists of historical data from the preceding time step, while
the outdoor temperature and humidity data for future time steps are incorporated. It is

hypothesized that the prediction time interval may influence the model's long-term predictive
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stability. To evaluate this, the model forecasts indoor temperature and humidity at four distinct
temporal horizons: 1 minute, 30 minutes, 60 minutes, and 120 minutes in advance. The model's

stability is subsequently assessed based on its performance over a six-day test period.

3.4.2. Model performance evaluation and generalization capabilities

The predictive performance of the developed LSTM models was evaluated using three
quantitative metrics: the coefficient of determination (R?), root mean square error (RMSE), and
mean absolute error (MAE). The R? score measures how closely the predicted values align with
the accurate, validated dataset, with higher values indicating more variance explained by the
model. RMSE represents the sample standard deviation of prediction errors, with squaring
amplifying outliers. This allows for assessing deviations in units of the quantity being predicted.
Meanwhile, MAE reports absolute differences without sensitivity to directionality or extremes.
Comparing these complementary indicators offers a comprehensive evaluation. Equations (7-9)
mathematically define each metric where yrepresents the average of the actual values, y;
denotes individual actual values, y,refers to the predicted values, and mindicates the number of

data samples.

m o2
R2 —1_ [Zpl(yl ) (7)

Z?;l(yi_y)z

Zﬁl(yi_y\l.)z
m

RMSE = (8)

1 ~
MAE = — Y%y = 3l (9)
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4. Results

4.1. Simulated indoor temperature distribution

The spatial distribution of the simulated indoor temperature was presented in Figure 8,
illustrating the temperature behavior at 11 a.m. on February 15" (dry) and August 15t (rainy)
with a window opening angle of 50°. The horizontal section at a height of 2.0m was selected to
provide a detailed understanding of the spatiotemporal temperature patterns in the room. As
expected, the indoor temperature values exhibit a relatively higher concentration towards the
northern direction of the room, gradually decreasing as one moves away from the center. The
temperature levels near the room's window side are slightly above 37°C and 30°Cin dry and rainy,
respectively. Moving toward the center and walls of the room, the temperature levels decrease
to approximately 30°C and 20°C in dry and rainy, respectively. This observed pattern is consistent
across different seasons and times of the day, with a slight bias towards the west or east
directions due to the solar azimuth angle at the considered hours. These results confirm the

accuracy of our simulation model.

4.2. Performance of the LSTM model
4.2.1. Predictive performance for indoor temperature

We evaluated our LSTM model's ability to forecast indoor temperatures across various prediction
horizons: 1 minute, 30 minutes, 60 minutes, and 120 minutes. Figure 9 illustrates the comparison

between predicted and actual indoor temperatures for these time intervals for testing dataset.
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For the 1-minute horizon, we observed a near-perfect alignment between predicted and actual
temperatures, indicating high short-term prediction accuracy. The 30-minute horizon predictions
maintained a strong correlation with actual values, though minor deviations began to emerge.
As we extended to the 60-minute horizon, the discrepancies between predicted and actual
temperatures became more pronounced, suggesting a decrease in accuracy with increasing
prediction time. The 120-minute horizon exhibited significant deviations, highlighting the
challenges associated with long-term temperature forecasting in naturally ventilated office

spaces.

4.2.2. Predictive performance for the indoor humidity

Figure 10 illustrates the predictive performance of the LSTM network for indoor humidity across
four different prediction horizons: 1-minute, 30-minute, 60-minute, and 120-minute, using the
testing dataset. The plots compare the predicted and actual indoor humidity levels,
comprehensively analyzing the model's accuracy over time. The study of the prediction versus
actual indoor humidity plots across varying prediction horizons highlights the strengths and
limitations of the LSTM network in forecasting indoor humidity. The model demonstrates
excellent performance for short-term predictions, with high accuracy in the 1-minute and 30-
minute horizons. However, as the prediction horizon extends to 60 minutes and beyond, the
predictive accuracy decreases, reflecting the complexities and uncertainties associated with

longer-term forecasts.
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5. Discussion

The simulated temperature behavior aligns with theoretical expectations, exhibiting high
illuminance levels at the relative window position of the room, which gradually diminish as one
moves horizontally and cross-sectionally across the room. This pattern, consistent across
different seasons and times of the day, validates our simulation model and confirms its reliability
for studying indoor temperature distribution in naturally ventilated office spaces. Furthermore,
the simulated temperature behavior aligns with theoretical expectations, exhibiting high
illuminance levels at the relative window position of the room, which gradually diminish as one

moves horizontally and cross-sectionally across the room.

The results in Tables 1 and 2 indicate a decline in model accuracy as the prediction horizon
increases, with R? values decreasing from 0.985 to 0.802 for indoor temperature and from 0.987
to 0.782 for indoor humidity over the 1- to 120-minute prediction intervals. To provide a
comprehensive evaluation, we compared the performance of the linear ARX (AutoRegressive
with eXogenous inputs) model with our LSTM model. The ARX model, which is simpler and
computationally less demanding, performs adequately for short-term predictions. However, the
ARX model’s accuracy diminishes significantly as the prediction horizon increases. For instance,
at a 30-minute horizon, ARX achieves an R? of 0.785, while LSTM reaches 0.921. At the 120-
minute horizon, ARX’s R? drops to 0.672, compared to 0.802 for LSTM. This demonstrates the
ability of LSTM to capture the complex non-linear relationships between indoor conditions and
environmental variables, especially for longer-term predictions. We compared our LSTM model's

performance with other studies employing various models and prediction horizons (Table 3). Our
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LSTM model demonstrates competitive performance across various prediction horizons
compared to other studies in the literature. For short-term predictions (30 minutes), our model
achieves an R? 0of 0.921, RMSE of 0.051, and MAE of 0.021, outperforming traditional MLP models
reported by [50] and [51] and showing comparable results to the LSTM model in [52]. However,
the LSTM-CNN hybrid model from [52] exhibits superior performance, particularly in longer
prediction horizons. As the prediction horizon extends to 60 and 120 minutes, our LSTM model
maintains robust performance, consistently surpassing MLP models from other studies. For
instance, at the 60-minute horizon, our model achieves an R? of 0.905, compared to the MLP
model in [52] with an R? of 0.763. Nevertheless, the LSTM-CNN model from [52] continues to
outperform our approach, especially in long-term predictions, achieving an R? of 0.903 at the

120-minute horizon compared to our 0.802.

The performance metrics indicate that the developed LSTM model performs exceptionally well
for short-term predictions, particularly at the 1-minute horizon, and maintains good accuracy for
medium-term forecasts up to 30 minutes. The model's accuracy diminishes for longer prediction
horizons, such as 60 minutes and beyond, reflecting the increased difficulty in maintaining precise
forecasts over extended periods. The model's high accuracy for short-term predictions makes it
suitable for applications requiring immediate and accurate responses, such as real-time
monitoring and control systems in naturally ventilated office spaces. Medium-term predictions
can be used effectively for strategic planning and adjustments, though periodic updates and

recalibrations are recommended to maintain reliability. For long-term forecasts, the model
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should be used with an understanding of its limitations and potentially in conjunction with other

predictive tools to enhance accuracy.

The study of the prediction versus actual indoor humidity plots across varying prediction horizons
highlights the strengths and limitations of the LSTM network in forecasting indoor humidity. The
model demonstrates excellent performance for short-term predictions, with high accuracy in the
1-minute and 30-minute horizons. However, as the prediction horizon extends to 60 minutes and
beyond, the predictive accuracy decreases, reflecting the complexities and uncertainties

associated with longer-term forecasts.

These findings underscore the importance of considering prediction horizons in practical
applications. Short-term predictions (1-minute- to 30-minute horizons) provide reliable data for
real-time control and monitoring systems to inform immediate decisions and actions. Conversely,
for strategic planning and long-term management, acknowledging the limitations of longer-term
predictions (60-minute to 120-minute horizons) is crucial, and supplementary methods or models

may be needed to enhance accuracy.

5.1. Comparison of Predicted Indoor Conditions with Different Window Configurations

To evaluate the impact of window configurations on the predicted indoor conditions, we

conducted simulations using three different scenarios: (1) windows permanently closed, (2)
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mixed usage (windows opened and closed based on typical occupant behavior and external

weather conditions), and (3) windows always open. The results are summarized below:

In the windows permanently closed scenario, the indoor temperatures and humidities were
predominantly influenced by internal heat gains and HVAC operations. The LSTM model
predicted relatively stable indoor conditions with minimal fluctuations. For instance, during
summer days, the indoor temperature varied between 22°C and 24°C, while the humidity levels

remained between 80g/m3 and 85g/m3.

The mixed usage scenario reflects more realistic occupant behavior, with windows being opened
or closed based on comfort needs and external conditions. The predicted indoor conditions
showed moderate variability, capturing the dynamic interaction between natural ventilation. For
example, during the same summer days, the indoor temperature ranged from 21°C to 25°C, and

humidity levels fluctuated between 75g/m3 and 90g/m?3.

With windows permanently open, the indoor conditions highly depended on external weather.
The LSTM model predicted significant variations in indoor temperatures and humidities,
highlighting the strong influence of outdoor air. During peak summer days, the indoor
temperature varied widely from 20°C to 28°C, and humidity levels ranged from 70g/m3 and

95g/m3.
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The comparative analysis demonstrates that window configurations substantially impact indoor
environmental conditions. The LSTM model effectively captured the variations across different
scenarios, validating its applicability for predicting indoor climate under varying natural
ventilation strategies. Figure 11 presents detailed results of the indoor temperature and humidity

predictions for the three window configurations.

5.2. Limitations and future work

The use of fixed schedules for internal heat gains in our synthetic data generation is a limitation
of this study. In real buildings, the variability in occupant behavior and equipment usage patterns
can significantly impact indoor thermal conditions. This variability, not captured in our current
model, could be an additional source of prediction errors when the model is applied to actual
buildings. Furthermore, conducting sensitivity analyses to quantify the impact of heat gain
uncertainties on the model's predictive performance would provide valuable insights into the
model's limitations and potential areas for improvement. A key limitation of this study is its focus
on a tropical climate. The model's performance and conclusions may not directly translate to
temperate or colder regions where heating is required, and seasonal variations are more

pronounced.

Real-world implementation of our LSTM model faces several challenges. Integration with existing
systems may pose compatibility issues, especially with legacy building management systems.

Collecting and processing occupancy and environmental data raises privacy concerns that need

27



10

11

12

13

14

15

16

17

18

19

20

to be addressed. Ensuring the model remains accurate over time as building characteristics or
usage patterns change will require ongoing maintenance and periodic retraining. The initial
investment in sensors, data collection infrastructure, and computational resources may be a
barrier for some building owners or managers. Lastly, building managers and occupants may be
hesitant to rely on Al-driven predictions for environmental control, necessitating a period of

trust-building and demonstration of the system's benefits.

Future work should explore integrating the demonstrated LSTM prediction pipeline with
automatic window modulation and existing building management infrastructure for intelligent,
sustainable operation. With sub-second response times and negligible computational overhead,
the approach could readily expand in the context of smart buildings and spaces. Additional
research should evaluate coupling LSTM methods with real-time pricing and demand-response
control techniques for peak load shifting and ancillary grid services. Detailed techno-economic
analyses are also warranted to quantify cost savings and payback periods for sensor and

automation upgrades.

This study highlights that properly designed black-box LSTM models provide a foundational data-
driven methodology to unlock the benefits of natural ventilation strategies at scale across the
built environment. The convergence of predictive accuracy, rapid automated responses, and

mainstream deployment potentials on low-cost embedded hardware demonstrate
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transformative capabilities to meet present climate, energy, occupant health, and emissions

objectives while fostering future smart infrastructure.

6. Conclusion

This research presents several significant contributions to the field of indoor environmental
quality prediction and control in naturally ventilated office spaces. Our research demonstrates
the accuracy of the LSTM model in predicting indoor temperatures and humidity under diverse,
dynamic conditions. By analyzing the variability in prediction precision across different weather
seasons and window opening sizes, we provide valuable insights to inform optimal control

strategies for naturally ventilated buildings.

The promising accuracy and stability for predicting temperatures in the simulated office layout
provide preliminary evidence that LSTM models may apply to other naturally conditioned
buildings. However, further validation across different building typologies, climates, and
integration of stochastic occupancy behaviors would be needed to fully generalize the approach
and confirm its viability for broader implementation. Our findings highlight the powerful
influence of window opening area and incident solar radiation on indoor temperature
fluctuations. The model's ability to accurately forecast the direction and degree of hourly
temperature changes enables preemptive actions for modulating ventilation parameters,

enhancing both occupant comfort and energy efficiency.
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The implications of this research extend beyond mere temperature prediction. Our approach
creates built environments that actively nurture occupant well-being by enabling finely tuned
thermal and moisture levels that guard against extremes. For building owners and operators, the
enhanced indoor environmental quality monitoring and control tools developed through this
research offer a means of differentiation in an increasingly competitive market. Energy managers
can benefit from strategic optimization of heating, cooling, and ventilation systems based on

anticipated indoor requirement trends derived from the LSTM model.

However, it is essential to note that further validation across different building typologies,
climates, and integration of stochastic occupancy behaviors would be necessary to fully
generalize this approach and confirm its viability for broader implementation. Future research
should focus on expanding the scope of this study to include a broader range of building types
and environmental conditions, as well as incorporating additional factors such as occupant

behavior and more complex HVAC system:s.

In conclusion, this research showcases the potential of LSTM neural networks for small
commercial buildings and their possible implementation across various construction industry
processes, from design to operation, where complex thermal and ventilation behavior exists. As
we move towards more sustainable and intelligent building management systems, the approach
presented in this research offers a promising path forward, contributing to the development of

energy-efficient, comfortable, and adaptive built environments.
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