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Abstract

The intelligent control of lighting and HVAC systems plays a critical role in reducing energy consumption in smart
buildings. However, many existing automation systems rely on static scheduling strategies that fail to adapt to
dynamic environmental conditions. Although machine learning has been widely applied to weather-based building
automation, inconsistent feature selection, model configuration, and evaluation procedures limit the validity of
comparative performance claims. This study aims to develop and evaluate a machine-learning-based weather
classification framework for smart building automation. The proposed methodology follows a structured pipeline
comprising data acquisition and preprocessing, model training and testing, parameter tuning, and performance
evaluation. A publicly available Weather Type Classification dataset is used, consisting of numerical weather
parameters, which are encoded prior to training. Feature selection is applied to identify the most influential
predictors. Three machine learning models, Random Forest, K Nearest Neighbors, and XGBoost, are trained using
an 80:20 stratified split, with hyperparameters optimized through grid search to ensure an optimized model. Model
performance is evaluated using accuracy, precision, recall, F1 score, and a confusion matrix. Experimental results
demonstrate that Random Forest achieves the highest accuracy of 97.50 percent, followed by XGBoost at 96.90
percent and K Nearest Neighbors at 95.73 percent, with balanced performance across all weather categories. The
findings indicate that ensemble-based classifiers are well-suited for robust weather recognition. The classified
weather outputs can be directly mapped to real-time control strategies for lighting and HVAC systems, enabling
adaptive automation and improved energy efficiency in smart buildings.
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1. Introduction combined, primarily due to space heating, ventilation,
lighting, and cooling systems [2]. Weather conditions
have a direct impact on these energy needs, either in the
number of lighting intensity, heating system utilization,
or air conditioning; recent work shows that integrating
weather forecasts and ML-based predictive control can
substantially improve HVAC and lighting efficiency.
For example, tree-based and reinforcement-learning ML
approaches have been applied to HVAC demand-
response and have shown promising results in reducing
energy use and improving control responsiveness [4].
However, numerous current systems in office buildings
A critical aspect of smart cities is the use of intelligent still rely on fixed schedules. Several systems utilize
systems in office buildings, which are responsible for a external weather forecast data; however, they often do
significant portion of energy usage. According to a 2018 not provide real-time responses and may not accurately
survey conducted by the U.S. Energy Information reflect local conditions. Most existing weather-related
Administration, office buildings in the United States applications and systems are designed to provide users
consumed approximately 1,025 trillion British thermal with general information, using time-series data in
units (TBtu) of electricity and natural gas energy specific areas to generate forecast results. These systems

The smart city concept has been rapidly developed as a
global priority to support an efficient and sustainable
lifestyle. According to data from Statista, the global
smart city market is projected to experience substantial
growth, with revenue expected to reach $79.94 billion
by 2025 [1]. This increasing trend is anticipated to
continue with a compound annual growth rate (CAGR)
of 9.60% from 2025 to 2029 [1], [2]. These numbers
demonstrate the growing global interest in leveraging
technology to enhance the quality of urban life [3].
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often rely on third-party data and do not utilize weather
sensors that may already be available in office
environments, such as temperature, humidity, and wind
speed sensors. This not only complicates the algorithm
but also results in less accurate predictions for a
particular office building due to the lack of localized data
[5], [6]. Recent surveys and IoT/systematic reviews
emphasize the growing importance of on-site sensor
networks and IoT integration for accurate, localized
building control and energy management, and highlight
practical barriers and solutions for adopting sensor-
driven approaches in buildings [7], [8].

As aresult, there is a clear need for a machine learning—
based solution capable of classifying current weather
conditions from real-time sensor data to support
responsive and localized building automation. Accurate
weather classification is a critical component of adaptive
control strategies in smart buildings, enabling heating,
cooling, and ventilation systems to dynamically adjust
their operations based on directly observed
environmental conditions. Several studies have explored
weather-aware control using machine learning
techniques, such as decision trees [9], support vector
machines [10], and neural networks [11]. However,
these works typically focus on improving prediction
accuracy for a single selected model, often through
extensive hyperparameter tuning [12], while neglecting
systematic comparisons across multiple models under
equivalent experimental conditions.

This practice introduces a significant research gap: the
lack of fair and reproducible model comparisons for
real-time weather classification in building automation
contexts. When only one model is optimized while
others are evaluated using default or suboptimal settings,
the resulting conclusions are biased and provide limited
guidance for practical deployment. Furthermore, most
existing studies emphasize empirical performance

ensuring fairness and transparency in model comparison.
The novelty of this work lies in three aspects: (1) a
precise mathematical formulation of the weather
classification problem tailored to building automation
needs, (2) a balanced comparative analysis of multiple
machine learning models without selective parameter
tuning, and (3) a focus on deployment-relevant decision
support, where classification outputs directly inform
energy-saving control actions. By addressing these gaps,
the study contributes both methodological clarity and
practical insight to the design of weather-aware
intelligent building systems

Therefore, to achieve research objectives, our main
contribution is summarized as follows:

Mathematical Formalization of Weather-Aware
Building Automation: This paper models weather-aware
building automation system automation as a supervised
multi-class classification problem. The system utilizes
six ecological features as input to predict discrete
weather classes. This formalization enables the
integration of real-time environmental sensing into
adaptive and data-driven automation strategies.

Non-biased Hyperparameter Setting Across All Models:
To ensure an unbiased comparison, all machine learning
models are individually tuned using hyperparameter
search strategies that correspond to each algorithm.
Here, we employ a grid search to identify the optimal
configuration for each model. This ensures that each
model operates under its optimal condition, maximizing
performance without favoring any particular approach.
As a result, our comparison accurately reflects the
model's true capability, rather than differences in tuning
effort.

Empirical Evaluation of Machine Learning Classifiers:
This paper conducts a controlled empirical comparison
of three popular classifiers: K-Nearest Neighbors

without providing a clear mathematical formulation of (KNN), Random Forest (RF), and XGBoost. Each model

the classification problem, including definitions of input
feature spaces, class boundaries, and decision functions
as they relate to physical weather phenomena and sensor
behavior [9-11]. Consequently, it remains unclear how
these models generalize across buildings, sensor
configurations, or climatic conditions.

To address these limitations, this study formulates
weather condition classification as a supervised learning
problem. Unlike prior work, this research adopts a
methodologically fair evaluation framework, in which
multiple machine learning classifiers are trained and
tested under consistent data preprocessing, feature sets,
and parameter selection strategies. This allows
performance differences to be attributed to model
characteristics rather than tuning bias.

The main objective of this study is to develop and
evaluate a robust weather classification framework
suitable for real-time building automation while

DOI : https://doi.org/10.52158/7925gh24

is evaluated using identical input features, with metrics
such as accuracy, precision, recall, and F1-score. Our
results show that Random Forest achieves the best
performance with 98% accuracy, outperforming
XGBoost at 97% and KNN at 96%. These findings
provide evidence-based insights for selecting reliable
and efficient models in innovative building applications.

The reminder paper is organized as follows. Section 2
the methodological aspects, respectively. Section 3
presents a simulation result and the discussion. Finally,
the conclusion is summarized in Section 4.

In recent years, intelligent building technology has been
rapidly evolving, including lighting, heating, and other
potential solutions. These systems aim to reduce
electricity consumption by automatically managing
electronic devices based on environmental conditions,
user behavior, and operational needs. As demand for
intelligent infrastructure grows, electronic automation
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has evolved from simple timers to context-aware
solutions that prioritize both efficiency and user comfort.

Timed-Based Model: The typical implementation model
in office environments is the time-scheduled lighting
system, as described by Rahman et al. [13]. In this setup,
lights are programmed to switch on and off according to
fixed working hours, typically turning on at 8:00 AM
and off at 6:00 PM. This method is straightforward, cost-
effective, and works properly in buildings with regular
and predictable schedules. It minimizes the need for
complex hardware. However, the simple model also
incur overutilization and underutilization, because it
does not account for fluctuating daylight levels or
variations in occupancy.

Motion-Based Model Comparison: Another technique in
building automation is motion-based or occupancy-
sensing systems, which rely on sensors, e.g., passive
infrared (PIR) detectors, to activate lighting in response
to movement. This model is particularly effective in
intermittently used spaces such as meeting rooms,
corridors, restrooms, and storage areas. It ensures that
electricity is only active when the area is in use, thereby
preventing waste in seldom-occupied zones. However,
while occupancy sensors provide clear benefits in shared
or transitional spaces, they encounter significant
challenges in individual workspaces where occupants
may remain still for extended periods. In such cases, a
lack of movement can falsely signal that the space is
unoccupied. Furthermore, like time-scheduled systems,
motion-based lighting generally does not consider
daylight variability, resulting in redundant lighting even
when natural light is sufficient.

Machine Learning for Weather Classification: To
implement automatic office appliance control based on
weather classification, a wide range of machine learning
models has been introduced recently, including tree-
based methods and ensemble techniques [14]. Instance-
based approaches, such as k-Nearest Neighbors (KNN),
have been widely applied in early and recent studies on
weather prediction and classification using historical
meteorological data [15], [16]. Empirical results
generally indicate that KNN achieves reasonable
accuracy on small- to medium-scale datasets with well-
structured features. However, multiple studies identify
inherent limitations that restrict its suitability for real-
time or large-scale deployment. Specifically, KNN
exhibits high computational complexity during
inference as the dataset size grows, making it less
practical for continuous and sensor-driven systems [17].
Furthermore, its sensitivity to irrelevant or redundant
features and to issues with feature scaling can
significantly degrade classification performance,
particularly in heterogencous IoT-based sensing
environments [18], [19]. These findings suggest that
while KNN is useful as a baseline method, it may not be
ideal for dynamic building automation scenarios.

DOI : https://doi.org/10.52158/7925gh24

Tree-based ensemble methods have gained increasing
attention in recent years due to their robustness and
scalability. In particular, XGBoost has been extensively
adopted for short-term weather-related prediction tasks,
including wind speed estimation, rainfall classification,
and energy-related environmental modeling. In the study
by Zheng et al. [6], XGBoost is employed for short-term
wind power forecasting, demonstrating its capability to
model complex and nonlinear relationships [20]. This
research highlights XGBoost's robustness and superior
performance compared to traditional models,
contributing its success to advanced features such as
regularization, parallel processing, and tree pruning.
These characteristics enable XGBoost to effectively
mitigate overfitting and improve generalization, making
it suitable for applications involving dynamic, high-
dimensional datasets. However, the model's complexity
can lead to increased computational demands,
particularly during hyperparameter tuning and when
dealing with large-scale data [21]. Additionally,
XGBoost's ensemble nature can make it more complex
compared to simpler models [22]. Moreover, its
sensitivity to noisy data and outliers can significantly
impact on the overall performance [8], [23]. Recent
applied work also demonstrates XGBoost’s practical
strength when used within predictive HVAC control
pipelines and other building energy applications [3], [4],
[24].

In the aforementioned study by Ayankemi et al. [5], the
Random Forest classifier outperformed both the
Decision Tree and Extra Tree classifiers, achieving the
highest accuracy of 66% on the weather prediction
dataset. The ensemble nature of Random Forests allows
them to capture complex patterns in the data while
maintaining robustness against noise and overfitting.
More generally, reviews of ML for smart buildings show
that Random Forest and ensemble methods are often
favored for their interpretability and robustness in
building energy tasks [25]. Feature-selection and IoT-
sensor design studies also emphasize that careful
selection of a compact sensor feature set (temperature,
UV, visibility, precipitation, pressure, cloud cover in our
case) improves deployment feasibility while retaining
predictive power [26], [27].

Identified Gaps and Study Contribution: Despite the
promising developments in both rule-based and machine
learning-driven automation systems, several limitations
remain. Time-based and motion-based models, while
simple and widely adopted, often fail to account for real-
time environmental conditions and natural light
variability. Meanwhile, existing machine learning
approaches for weather prediction typically focus on
forecasting using historical data or third-party sources,
with limited emphasis on real-time sensor-based
classification. Moreover, previous studies often conduct
selective or uneven hyperparameter tuning, leading to
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biased comparisons and unclear guidance for practical
deployment.

To address these gaps, this study presents a
mathematically formulated sensor-driven weather
classification framework designed explicitly for
intelligent office automation. This paper performs an
unbiased and head-to-head comparison of multiple
machine learning models, specifically KNN, XGBoost,
and Random Forest. Each algorithm is optimized using
consistent and model-specific hyperparameter tuning
strategies. By leveraging real-time ecological data from
local sensors, the proposed system enables context-
aware automation that reduces energy consumption
while maintaining occupant comfort. This integrated
approach ensures both fair model evaluation and
practical relevance in innovative building environments.

This section describes the mathematical procedures used
in machine learning models. Consider a multi-class
classification problem involving multiple features.
Suppose D = {(x©,y®)}X, is a dataset that consists
of N numbers. Here, x® € R™ denotes a feature
vector that contains m ecological measurement. In
addition, y® € {1,2, ..., K} represents discrete weather
class labels for the sample i, where K is the total number
of weather conditions. [26], [28]

Several machine learning models, i.e., K-Nearest
Neighbor, Random Forest, and XGBoost, are applied as
part of the evaluation, which are defined as Equation 1.

F = {fxnn: fre fxce}- (D

Each model utilizes a function f; € F that maps input
features to a predicted class. Hence, the prediction class
is computed as Equation 2.

y® = f(x®). @
In this model, we aim to minimize the number of
unmatched mappings between features and classes. The
objective function is formulated as Equation 3.

. 1 . .
min 2%t [F@) = y©],

3)

where T denotes a binary indicator function, which takes
the value 1 if true and 0 if otherwise. Therefore, accuracy
can be simply defined as the correct prediction of all the
total prediction. Here, the accuracy can be defined as
Equation 4.

Accuracy(f) = ~IN, t [fax®) = y©] 4)
Finally, this study defines the best-performing model as
Equation 5.

£

©)

arg max Accuracy(f;
g max y(fi)

2. Methods

Developing a real-time weather classification system
using sensor data requires a machine learning framework

DOI : https://doi.org/10.52158/7925gh24

that can systematically process heterogeneous
environmental inputs. Accordingly, this study adopts an
experimental research design based on supervised
machine learning. The proposed framework is designed
to transform raw multi-sensor weather observations into
discrete weather classes that can support weather-aware
building automation decisions. The methodology
follows several structured stages: data acquisition and
preprocessing, model training and testing, model
parameter  setting, and evaluation, ensuring
methodological transparency and reproducibility.

2.1. Data Acquisition and Preprocessing

The dataset utilized in this study is obtained from the
Weather Type Classification dataset available on Kaggle
[29]. This dataset is selected due to its relevance to
weather-aware building automation and its inclusion of
variables commonly measured by IoT-based
environmental sensors. The dataset comprises numerical
parameters, including Temperature, Humidity, Wind
Speed, Precipitation (%), Atmospheric Pressure, UV
Index, and Visibility (in kilometers), as well as
categorical attributes such as Cloud Cover, Season, and
Location. These variables collectively represent the
environmental conditions required for real-time weather
characterization in building control scenarios. The target
variable represents discrete weather types.

Prior to model training, an initial data quality assessment
is conducted to identify missing or inconsistent values.
As mno significant missing data is observed, no
imputation is required. Categorical variables are
transformed using label encoding, as presented in Table
1, where each category is assigned a unique integer
value. This encoding approach is computationally
efficient and appropriate for categorical variables with a
limited number of levels, particularly when used with
tree-based classifiers. Label encoding also provides a
consistent and reproducible feature representation across
training and testing phases. Consistent with recent
surveys on feature-selection techniques for IoT and
smart-building machine learning, this study emphasizes
reproducible feature representation and combines
domain knowledge with automated selection procedures
to prevent irrelevant predictors from degrading classifier
performance [28]. Table 1 provides the mappings from
categorical to numerical values used in this study to
ensure clarity and reproducibility.

Table 1. Label Encoder Categorical Data

Feature Original Value Encoded

Cloud Cover clear, cloudy, overcast, 0,1, 2,3
partly cloudy

Season Autumn, Spring, 0,1,2,3
Summer, Winter

Location coastal, inland, 0, 1,2
mountain

Weather Cloudy, Rainy, Snowy, 0,1,2,3

Types Sunny
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Numerical features are examined for outliers using the
Interquartile Range (IQR) method [22]. This approach
identifies data points that fall significantly outside the
interquartile range, ensuring that the dataset is free from
anomalies. This statistical technique is selected due to its
robustness to skewed distributions and its suitability for
environmental sensor data.

It should be noted that normalization or standardization
of numerical features is not applied to the Random
Forest model. This decision is based on the nature of
tree-based algorithms, which are inherently insensitive
to the scale of input features. Random Forest operates by
partitioning the data using feature thresholds. Each
decision tree in the forest makes splits based on feature
values without considering feature scale. Therefore,
normalization does not impact the performance of
Random Forest models.

2.2. Model Training and Testing

All experiments are conducted using a Kaggle Jupyter
Notebook environment to facilitate reproducibility. The
dataset is partitioned into training and test sets using an
80:20 split, with stratification to preserve the original
class distribution across both sets. Stratified sampling
ensures that minority weather classes are adequately
represented during both training and evaluation.

The training subset is used for model learning and
parameter optimization, while the testing subset is
reserved exclusively for performance evaluation,
ensuring an unbiased assessment of model
generalization.

2.3. Model Parameter Setting

An initial model comparison is performed using all ten
available features to establish a baseline performance.
Subsequently, feature selection is applied to identify the
predictors that contribute most significantly to the
classification outcome. Based on this process, the six
most influential features are selected for further analysis.
These selected features are then used for hyperparameter
tuning to improve model stability and identify the
optimal parameter configuration for the best-performing
model.

Hyperparameter optimization is conducted using Grid
Search with 5-fold cross-validation [18], which
systematically  evaluates  candidate  parameter
combinations while mitigating overfitting. The optimal
hyperparameters identified through cross-validation are
used to train the final model. This approach aligns with
established best practices in building-focused machine
learning pipelines, where cross-validated grid search
combined with feature reduction and IoT sensor
considerations has been shown to yield reliable and
deployable control models [4], [27], [30].
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2. 4. Evaluation

The performance of the final model is evaluated using
standard classification metrics, including accuracy,
precision, recall, and F1-score. These metrics provide
complementary perspectives on overall correctness,
class-specific performance, and robustness under
potential class imbalance. In addition, a confusion
matrix is generated to visualize classification outcomes
across the four weather categories, enabling detailed
analysis of misclassification patterns and model
behavior.

3. Results and Discussions

The weather classification model is developed as a
preliminary step toward building automation. Although
the long-term goal of this study is to develop a machine
learning-based solution that utilizes real-time sensor
data to support energy-efficient automation, the current
work focuses on creating and testing a machine learning
model using a publicly available weather dataset. As part
of the experiment, the trained model is also tested in a
basic automation scenario, where it is used to control a
lighting system based on the predicted weather
conditions.

3.1. Random Forest

The initial Random Forest model is trained using two
selected hyperparameters, as shown in Table 2.

Table 2. Initial Random Forest Hyperparameter

Hyperparameter Value
n_estimators 200
max_features ‘sqrt’

By implementing these hyperparameters, the overall
results are obtained in Table 3. The model successfully
achieves an overall test accuracy of 97.28%. In addition,
the model also achieves high results for Precision,
Recall, and F1-Score across all classes, with a macro
average of each metric at 97%. In terms of per-

classification results, it generally achieves high
performance with a minimum of 94%.
Table 3. Initial Random Forest Classification Report

Class Precision Recall Fl-score Support

Cloudy 0.94 0.98 0.96 592

Rainy 0.98 0.97 0.97 562

Snowy 0.99 0.98 0.99 575

Sunny 0.99 0.96 0.98 589

Overall Accuracy 0.9728

While all classes achieve a high overall performance,
“Cloudy” exhibits slightly lower precision, specifically
94%, indicating that the model occasionally
misclassifies cases as other classes. This is further
illustrated in the confusion matrix, as shown in Figure 1,
which reveals patterns of misclassification: 9 cases of
“Cloudy” are predicted as “Rainy,” 14 cases of “Rainy”
are predicted as “Cloudy,” and 19 cases of “Sunny” are
predicted as “Cloudy.” These misclassifications indicate
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feature overlaps between these classes, likely due to office applications where computational efficiency is
similar atmospheric conditions that challenge strict essential.

visual or sensor-based distinctions.

Confusion Matrix

Cloudy 500
400
Rainy
2
= 300
2
E
Snowy
¥ 200
100
sunny
-0

Predicted label

Figure 1. Initial Random Forest Confusion Matrix

A key strength of Random Forest lies in its built-in
feature importance scoring, which enables the
interpretation of the model to be more generalized.
Based on the importance values as shown in Figure 2,
the top contributors to weather classification are
Temperature, UV Index, Visibility (km), Precipitation
(%), Atmospheric Pressure, and Cloud Cover.

Feature Importances

Temperature

UV Index

Visibility (km)
Precipitation (%)

g Atmospheric Pressure
E Cloud Cover
Humidity

Season

Wwind Speed

Location

0.00 0.05 0.10 0.15 0.20

Figure 2. Initial Random Forest Feature Importance

To explore potential model simplification, experiments
are conducted by selecting only the most essential
features. Using the top 5 features, accuracy drops to
96.07%, suggesting some loss of critical information.

However, as shown by Figure 3, adding the 6th most
crucial feature (adding the additional feature ‘Cloud
Cover’) restored accuracy to 97.33%, matching the full-
feature baseline with a very slight improvement. Despite
adding a seventh feature, the model's accuracy remains
at 97.28%. This demonstrates the model’s robustness
and confirms that these six features capture most of the
discriminatory power needed for accurate classification,
which is particularly valuable for real-time, innovative

DOI : https://doi.org/10.52158/7925gh24

Confusion Matrix (Selected Features)
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Rainy -
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r 100
sunny

Predicted label

Figure 3. TOP 6 Features Random Forest Confusion Matrix

After feature selection, a notable improvement is
observed in the classification of the Cloudy and Sunny
classes. The number of correctly predicted Cloudy
instances increases from 579 to 583, and the number of
misclassifications as Sunny drops from 1 to 3. Similarly,
Sunny class predictions improve from 568 to 589, with
a substantial reduction in confusion with the Cloudy
class, from 19 misclassifications down to 10. The
evaluation results indicate that the reduced feature set
helps the model in distinguishing between these two
visually similar weather types, possibly by emphasizing
more relevant discriminative features.

However, the feature selection also introduces a slight
trade-off in the form of increased confusion between the
Cloudy and Rainy classes. Rainy instances misclassified
as Cloudy increased from 14 to 21, indicating that while
the top features captured essential patterns for some
classes, they may have excluded significant indicators
needed to distinguish between overlapping conditions,
such as Cloudy and Rainy. Overall, although Random
Forest naturally performs feature selection via ensemble
averaging, explicit feature selection further reduces
dimensionality, improves interpretability, and facilitates
future model deployment.

To further enhance the model, hyperparameter
optimization is conducted using GridSearchCV with 5-
fold cross-validation. The search space covers variations
in the number of trees, maximum depth, minimum
samples required for splitting, feature selection
strategies, and bootstrap value, as shown in Table 4.

Table 5 shows that the Random Forest model is retrained
using those hyperparameters. The tuned model achieves
an overall accuracy of 97.50% with macro-averaged
Precision, Recall, and F1-Score each reaching 98%.
Examining the macro-averaged and weighted average
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results, the model performs fairly across all classes, with
a satisfactory overall performance.

Table 4. Search Space Random Forest

Hyperparameter Range Final Value
n_estimators 100, 200, 300, 400
400, 500
max_depth None, 10, 20, 30, 10
50
min_samples_split 2,5,10 10
max_features ‘sqrt', ‘log2’,  ‘sqrt’
None
Bootstrap True, False True

Table 5. Tuned Random Forest Classification Report

Class Precision Recall Fl-score Support
Cloudy 0.94 0.98 0.96 597
Rainy 0.98 0.96 0.97 574
Snowy 0.99 0.98 0.99 546
Sunny 0.99 0.98 0.98 601
Overall Accuracy 0.9750

The classification results of the tuned model are similar
to those of the initial model. However, compared to the
untuned model trained on selected features, the
hyperparameter-tuned version demonstrates notable
improvements in classifying instances labeled as
“Sunny” and  “Cloudy”. Specifically,  the
misclassification rate of the Sunny class drops
significantly, from 568 in the untuned model to 589
correctly predicted after tuning. Similarly, correct
classifications for Cloudy increased slightly while
reducing confusion with Sunny. These changes indicate
that hyperparameter tuning enables the model to
leverage the most informative features, thereby
enhancing its performance on visually distinct weather

types.

The confusion between Cloudy and Rainy slightly
increased in post-tuning, which suggests that while the
overall model accuracy improved, the distinction
between these two similar classes may have been
affected by the trade-offs inherent in optimizing for
global accuracy.

These effects are further supported by the confusion
matrix results in Figure 4, which confirm that most
misclassifications occurred between Cloudy, Rainy, and
Sunny, likely due to shared visual or atmospheric feature
patterns.

Given the reliable performance obtained from the
Random Forest model after both feature selection and
hyperparameter tuning, the six selected features
(Temperature, UV Index, Visibility (km), Precipitation
(%), Atmospheric Pressure, and Cloud Cover) are
adopted as the standardized input for the remaining
models. This enables consistent comparison across
algorithms, ensuring that performance differences are
attributed to the modeling approach rather than
variations in features.

DOI : https://doi.org/10.52158/7925gh24
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Figure 4. Tuned Random Forest Confusion Matrix
3.2. K-Nearest Neighbor

In addition to the Random Forest model, the weather
classification task is also conducted using the K-Nearest
Neighbor (KNN) algorithm. The initial K-Nearest
Neighbor model was trained using three
hyperparameters, as listed in Table 6.

Table 6. K-Nearest Neighbor Initial Hyperparameter

Hyperparameter Value
n_neighbors 5
Weights ‘uniform’
P 2

The results of this model are shown in Table 7 and
Figure 5.

Table 7. K-Nearest Neighbor Classification Report

Class Precision Recall Fl-score Support
Cloudy 0.9209 0.9286 0.9247 602
Rainy 0.9182 0.9381 0.9280 598
Snowy 0.9916 0.9850 0.9883 602
Sunny 0.9755 0.9522 0.9637 586
Overall Accuracy 0.9510

The model achieves an overall test accuracy of 95.10%.
Additionally, the model performs well in all classes in
terms of Precision, Recall, and F1-score, with a global
average of 95.10% for each measure. As shown in Table
7, the relatively lower Fl-scores appear in the Cloudy
(0.9247) and Rainy (0.9280) categories compared to
Snowy (0.9883) and Sunny (0.9637). This is primarily
due to feature overlaps, since cloudy and rainy
conditions often share similar atmospheric and visual
characteristics, such as sky color, humidity, and reduced
light intensity, which increase the likelihood of
misclassification. Although the class distribution is
nearly balanced (with supports ranging from 586 to 602),
intra-class variability in cloudy and rainy samples tends
to be higher, leading to reduced discriminability.
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Figure 5. Initial K-Nearest Neighbor Confusion Matrix
To further enhance the model performance,
hyperparameter optimization is conducted using

GridSearchCV with 5-fold cross-validation as shown in
Table 8.

Table 8. Search Space K-Nearest Neighbor

Hyperparameter ~ Value Final Value

n_neighbors 3,5,7,9 7

weights ‘uniform’, ‘distance’
‘distance’

P 1,2 1

The K-Nearest Neighbor model is retrained using those
hyperparameters. As shown in Table 9 and Figure 6, the
tuned model achieves an overall accuracy of 95.73%
with macro-averaged Precision, Recall, and F1-Score
each reaching 95.78%. Examining the macro-averaged
and weighted average results, the model is fair to all
classes, and its overall performance remains acceptable.

Table 9. Tuned K-Nearest Neighbor Classification Report

Class Precision Recall F1-score Support
Cloudy 0.9457 0.9252 0.9353 602
Rainy 0.9180 0.9548 0.361 598
Snowy 0.9900 0.9884 0.9892 602
Sunny 0.9774 0.9608 0.9690 586
Overall Accuracy 0.9573

Confusion Matrix

Cloud
y 500

400
Rainy -

| 300

True label

Snowy
200

r 100
sunny 4

&
«°
Predicted label

Figure 6. Tuned K-Nearest Neighbor Confusion Matrix
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3.3. XGBoost

In addition to the K-Nearest Neighbor model, the
weather classification task is also conducted using the
XGBoost algorithm. The initial XGBoost model was

trained with five hyperparameters, which are shown in
Table 10.

Table 10. XGBoost Initial Hyperparameter

Hyperparameter Value
n_estimators 200
max_depth 3
learning_rate 0.01
Subsample 0.8
colsample_bytree 0.8

As shown in Table 11 and Figure 7, the model achieves
atest accuracy 0f 96.90%. Furthermore, the model's F1-
score, accuracy, and recall are all very good across all
classes, with a global average of 96.91% for each
statistic.

Table 11. Initial Random Forest Classification Report

Precision Recall Fl-score Support
Cloudy 0.9706 0.9319 0.9508 602
Rainy 0.9334 0.9749 0.9542 598
Snowy 0.9933 0.9884 0.9908 602
Sunny 0.9796 0.9812 0.9804 586
Overall Accuracy 0.9690
Confusion Matrix
Cloudy 500
400
Rainy
3
=2 + 300
S
=
Snowy -
k200
r 100
sunny 4
e . -
Oc"b q@‘é o,«\"é\\ "‘(a
Predicted label
Figure 7. Initial XGBoost Confusion Matrix
To further enhance the model performance,
hyperparameter optimization is conducted using

GridSearchCV  with 5-fold cross-validation. The
hyperparameters are shown in Table 12. In addition, the

results and confusion matrix are correspondingly shown in
Table 13 and Figure 8.

The XGBoost model is retrained using those
hyperparameters. The tuned model achieved an overall
accuracy of 96.90% with a macro-average of Precision,
Recall, and F1-Score, each reaching 96.91%.
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Table 12. Search Space XGBoost

Table 15. Precision Comparison Classes

Hyperparameter Value Final Value Class Random Forest KNN XGBoost
n_estimators 100, 200, 300, 400, 200 Cloudy 0.94 0.95 0.97

500 Rainy 0.98 0.92 0.93
max_depth None, 3, 5,7, 10 None Snowy 0.99 0.99 0.99
learning_rate 0.01, 0.05, 0.1, 0.2, 0.05 Sunny 0.99 0.98 0.98

0.3
subsample 0.8, 1.0 0.8 Table 16 shows that all models achieve very high recall
colsample_bytree 0.3, 1.0 0.8 on the “Snowy” class (above 0.98), indicating it is the

Table 13. Tuned XGBoost Classification Report

Class Precision Recall Fl-score Support
Cloudy 0.9706 0.9319 0.9508 602
Rainy 0.9343 0.9749 0.542 598
Snowy 0.993 0.9884 0.9908 602
Sunny 0.9796 0.9812 0.9804 586
Overall Accuracy 0.9690
Confusion Matrix
Cloudy 561 35 1 5
500
400
Rainy - 8
2
= + 300
L
2
Snowy 3
200
I 100
Sunny 4 6

N S & S
& @ o® o
Predicted label

Figure 8. Tuned XGBoost Confusion Matrix
3.4. Comparative Analysis

The comparative evaluation of the three classification
models, which are Random Forest, K-Nearest Neighbors
(KNN), and XGBoost. The results demonstrate clear
performance distinctions in terms of accuracy, precision,
recall, and Fl-score. As summarized in Table 14, the
Random Forest model outperforms the others, achieving
the highest accuracy of 98%, alongside consistently
strong macro and weighted F1-scores of 0.98 across all
weather classes.

Table 14. Models Comparison

Metric Random Forest KNN
Accuracy 0.98 0.96
Macro Average 0.98 0.96
Weigthed Average 0.98 0.96

Comparing the precision of each class as seen in Table
15, the Random Forest model demonstrates the most
balanced precision across all classes, particularly strong
in “Rainy” and “Sunny” predictions. XGBoost slightly
outperforms in “Cloudy,” while KNN performs
comparably, though with a slight drop in the “Rainy”
class.

DOI : https://doi.org/10.52158/7925gh24

most easily distinguishable weather type. However,
“Cloudy” and “Rainy” recall drops slightly for KNN and
XGBoost, likely due to overlapping feature profiles such
as moderate temperatures and precipitation values.

Table 16. Recall Comparison Classes

Class Random Forest KNN XGBoost
Cloudy 0.98 0.93 0.93
Rainy 0.96 0.95 0.97
Snowy 0.98 0.99 0.99
Sunny 0.98 0.96 0.98

Analyzing Table 17, a notable drop in Fl-score for
“Rainy” in KNN and XGBoost (0.36 and 0.54,
respectively) suggests frequent misclassifications or
imbalance between precision and recall. This further
highlights Random Forest’s robustness, as it maintains a
high F1 score across all classes.
Compared to the initial Random Forest model (using
only two basic hyperparameters), the final tuned version
shows a modest but meaningful improvement of 1% in
overall metrics. This confirms that the initial model was
already near-optimal, and that Random Forest’s built-in
feature selection capabilities are highly effective even
before tuning.

Table 17. F1 score Comparison Classes

Class Random Forest KNN XGBoost
Cloudy 0.96 0.94 0.95
Rainy 0.97 0.36 0.54
Snowy 0.99 0.99 0.99
Sunny 0.98 0.97 0.98

XGBoost also performs strongly, achieving 97%
accuracy. It exhibits extreme recall in the “Rainy” and
“Snowy” classes, demonstrating its ability to identify
challenging weather conditions accurately. However, it
slightly underperformed in precision for ‘“Rainy,”
resulting in a lower F1-score.
KNN, although simpler and lightweight, achieves 96%
accuracy, demonstrating potential for low-resource
deployments. Its weakness lies in its sensitivity to
overlapping feature distributions, which is particularly
problematic for weather types like “Cloudy,” “Rainy,”
and “Sunny” that share similar temperature, UV, and
visibility characteristics. This explains the sharp drop in
Fl-score for “Rainy”, as KNN struggles to separate
subtle differences based solely on distance.

Since low F1-scores observed for the “Rainy” class are
present in both KNN and XGBoost models, it becomes
evident that overlapping feature distributions are deeply
effective in reducing performance. For instance,
moderate levels of precipitation, visibility, and cloud
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cover often overlap between “Rainy” and “Cloudy”
conditions, which can confuse distance-based models,
such as KNN, that rely heavily on Euclidean proximity.
Similarly, although XGBoost captures nonlinear
interactions well, its sensitivity to noisy and imbalanced
data can reduce its ability to consistently separate
borderline cases, resulting in the depressed F1 scores
reported. Statistical inspection of the dataset confirms
that the “Rainy” class exhibits a standard deviation of
+5.2°C in temperature and +18% in precipitation,
compared to +£2.8°C and +7% in the Cloudy class.
Furthermore, the interquartile range (IQR) of visibility
for Rainy (2.5-9 km) overlaps with Cloudy (5-12 km),
making separation between the two classes less reliable.
This overlap is reflected in the confusion matrix, where
21 Rainy samples were misclassified as Cloudy, and 14
Cloudy samples were misclassified as Rainy,
demonstrating how overlapping distributions result in
the reduction in classification performance for such
categories.

3.5. Prototype Integration to Lighting System

To explore its practical use, the model was connected to
a simple prototype of an automated lighting system.
Figure In this test, the lamp was programmed to turn on
when the weather was predicted as “Cloudy” or “Rainy,”
and to turn off when the prediction was “Sunny” or
“Snowy.” Figure 9 shows that the light turns on when
the ML model detects the condition as sunny.

urning on the AC to medium power

Predicted weathar typei Sunny
5 Turning off the device...
o Device turned off successfully.

b on the AC to max powsr...

Figure 9. Automatically Turn-off the Lighting when “Sunny”

In addition, Figures 10 and 11 show that the light turns
off when the ML model detects the condition as cloudy
or rainy, respectively.

Figure 10. Automatically Turn-on the Lighting when “Cloudy”
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In contrast, Figure 12 illustrates the condition under
which the light turns on, once the condition is known.
This test demonstrates how machine learning can
enhance decision-making in intelligent environments.
Although the system is still in its early stages, it provides
valuable insights into future work in applying weather
classification to real-time control systems, supporting
energy efficiency initiatives in office buildings.

Figure 11. Automatically Turn-on the Lighting when “Rainy”

ning on the AC te medium power

£ Predicted weather type:
urning off the dev
vice turned off su
urning off the AC...

Figure 12. Automatically Turn-off the Lighting when “Snowy”

In the future, the potential application of this model on a
larger scale with real-time sensor data is highly
promising. Through the integration of IoT-enabled
weather stations and edge-computing nodes, the system
can classify weather conditions continuously and trigger
immediate adjustments to HVAC and lighting systems
in office or residential complexes [31]. For instance, a
real-time deployment operating at one-minute intervals
with 100 sensors across multiple floors could generate
over 144,000 new samples per day, requiring robust
streaming  classification =~ without  performance
degradation. This real-time deployment would not only
enhance energy efficiency but also improve occupant
comfort by responding dynamically to microclimatic
variations. Furthermore, scaling the model across
multiple buildings in a smart city infrastructure could
enable aggregated optimization, in which predictive
control algorithms coordinate energy demand across
neighborhoods or districts. Simulation studies suggest
that such coordinated responses could reduce lighting
and HVAC energy use by 8-12% annually when
distributed across multiple buildings. Importantly, the
six most significant features identified in this study:
Temperature, UV Index, Visibility, Precipitation,
Atmospheric Pressure, and Cloud Cover. collectively
account for the majority of the predictive power,
capturing nearly 95% of the variance in classification
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accuracy. This indicates that real-time systems could
prioritize these features for efficient deployment,
reducing computational burden while retaining high
accuracy. Such deployment would require addressing
challenges in sensor calibration, data transmission
latency, and robustness across diverse environmental
contexts. However, the comparative analysis presented
in this study establishes a foundation for transitioning
from controlled datasets to real-time, weather-aware
building automation systems.

3. 6. Discussion

The results of this study indicate that Random Forest
achieves the most reliable performance for weather
classification, with an accuracy of 97.50%,
outperforming XGBoost (96.90%) and KNN (95.73%).
These findings align with previous research showing that
ensemble tree-based models effectively handle noisy
sensor data, nonlinear relationships, and overlapping
feature distributions [5], [25]. Compared with distance-
based approaches such as KNN, Random Forest is less
sensitive to feature scaling, local density variations, and
noise, which are common characteristics of weather and
IoT sensor datasets.

The strong performance of XGBoost observed in this
study aligns with prior findings highlighting its ability to
model complex nonlinear interactions among nonlinear
variables [6], [20]. However, XGBoost requires careful
hyperparameter tuning and higher computational
resources, which may limit its feasibility for real-time or
resource-constrained smart building systems. In
contrast, the comparatively lower accuracy of KNN is
consistent with earlier research showing that instance-
based learners struggle when class boundaries overlap, a
common issue in weather classification tasks [15], [17].

A more detailed examination of class-wise performance
reveals that the lower F1 scores for the Rainy category,
particularly in KNN and XGBoost, are primarily due to
feature overlap between the Cloudy and Rainy
conditions. This is possible because precipitation
intensity, visibility, and temperature ranges often
overlap across weather states. This finding shows that
differentiating transitional weather conditions based
solely on standard meteorological features is inherently
difficult, highlighting the importance of robust ensemble
methods for such tasks.

From a practical perspective, the results confirm that the
selected six features, Temperature, UV Index, Visibility,
Precipitation, Atmospheric Pressure, and Cloud Cover,
are sufficient to achieve high classification accuracy. It
has direct implications for smart building and IoT
deployments: sensors can be minimized to reduce
hardware cost, energy consumption, and system
complexity  without  compromising  predictive
performance. The successful integration of the classifier
into a prototype automation system further validates that
machine-learning-based weather classification can
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directly  inform  automated lighting  control,
demonstrating the feasibility of weather-adaptive
building management systems.

Finally, this study contributes a reproducible and fair
evaluation  framework across classifiers. By
standardizing preprocessing, feature selection, and
cross-validated hyperparameter optimization, the study
enables an unbiased comparison of multiple models.
Linking classification outcomes to control actions
bridges the gap between algorithmic benchmarking and
practical implementation, providing both scientific rigor
and application relevance.

Several limitations should be noted. First, the study uses
a fixed set of six features, which may omit subtle
environmental indicators such as wind direction or
microclimate effects that could improve classification.
Second, the dataset reflects a limited geographic and
seasonal scope, which may affect generalizability.
Finally, while Random Forest demonstrates high
accuracy, ensemble methods are less interpretable than
simpler models, which may affect transparency in real-
world deployment. Future work should explore larger,
more diverse datasets and investigate feature
augmentation strategies to enhance robustness.

4. Conclusions

This study conducted a comparative evaluation of
machine learning algorithms for weather classification
in a smart office environment, focusing on the six most
important features: Temperature, UV Index, Visibility,
Precipitation, Atmospheric Pressure, and Cloud Cover.
The evaluation demonstrates that Random Forest
achieves the highest performance (97.50%),
outperforming XGBoost (96.90%) and KNN (95.73%).
All tested algorithms show stable performance around
90%, indicating strong generalization across weather
conditions. Misclassifications are primarily observed in
transitional classes such as Cloudy, Rainy, and Sunny,
reflecting inherent challenges in distinguishing
overlapping meteorological conditions. These findings
provide several actionable insights for smart building
and IoT applications. First, a compact, carefully selected
feature set is sufficient to achieve near-optimal
classification performance, enabling cost-effective,
energy-efficient sensor deployment. Second, ensemble
methods like Random Forests provide robust predictions
under noisy, variable conditions, making them suitable
for real-time control of building systems such as lighting
and HVAC automation. Third, integrating machine
learning into operational decision-making can directly
support weather-adaptive energy optimization, reduce
consumption, and improve occupant comfort. For future
research, several directions are recommended.
Integrating adaptive learning techniques, time series
data, and user activity patterns could further improve
predictive accuracy and system responsiveness.
Expanding datasets across diverse geographic regions
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and

seasons would enhance generalizability.

Additionally, live deployment trials are necessary to
evaluate the practical impact on energy savings and
operational efficiency. Exploring interpretable models
or explainable Al approaches may also enhance
transparency in real-world building automation systems.
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