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This study uses historical weather data from the Badan Meteorologi, Klimatologi,
dan Geofisika (BMKG) to evaluate the performance of two combination machine
learning models, LightGBM and CatBoost, in predicting air humidity. Daily weather
data including temperature, humidity, rainfall, daylight duration, and wind
characteristics are included in the dataset. Among the preprocessing procedures were
label encoding, normalization with MinMaxScaler, and managing missing values.
Date fields' temporal information was extracted using feature engineering. Both
models were optimized using GridSearchCV with three-fold cross-validation after
being trained with an 80/20 split. Using R%,, MAE, and RMSE, the model's
performance has been evaluated. CatBoost outperformed LightGBM, which
received an R? score of 0.7981, with a better R? score (0.8191) and smaller prediction
errors (MAE = 0.0570, RMSE = 0.0744). While feature importance analysis
indicated that temperature and seasonal features were important predictors, residual
plots validated the models low bias and good generalization. Both models can help
with strategic decision-making in climate-sensitive businesses and salt production,

according to the results, and are suitable for humidity forecasting.

This is an open access article under the CC-BY-SA license.

L. INTRODUCTION

Indonesia is one of the largest archipelagic countries in the
world with a coastline length of 82,290 km (Ministry of
Marine Affairs and Fisheries of the Republic of Indonesia,
2018). The potential of Indonesia's coastal resources is very
large, both from biological and non-biological resources, one
of which is salt[1]. Salt is divided into two types, namely
consumption salt and industrial salt, depending on the level of
sodium chloride required by users[2]. As a strategic
commodity, salt has an important role in meeting the needs of
industrial raw materials and household consumption[3]. In
Indonesia, potential land for the development of the salt
industry reaches 33,625 hectares, with 60% of the 20,821
hectares already utilized by around 19,503 salt farmers
(Center for Statistics and Information Data, 2018). Salt
production centers are scattered in various regions such as
Cirebon, Indramayu, Sumenep, Pati, and other coastal
areas[4].

Indonesia's vast coastal areas possess significant potential
for salt production, which is crucial for meeting national
demands for domestic use and industrial raw materials.
However, environmental factors, especially air humidity,
have a significant impact on how well salt is produced[5].
Weather variability frequently leads to less than ideal output
results. Consequently, in order to estimate air humidity with
great precision, a trustworthy prediction method is required.
As technology develops, machine learning presents
interesting instruments for environmental factor modeling
and forecasting. The purpose of this study is to formulate the
problem of which machine learning model CatBoost or
LightGBM performs better in predicting air humidity in order
to support the efficiency of salt production in Indonesia's
coastal regions. In order to increase the productivity of the salt
business, the research seeks to answer this question and
advance the use of artificial intelligence in environmental
prediction[6].

The application of machine learning techniques for
predicting air humidity one of the crucial environmental
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parameters affecting salt production is the main focus of this
study. In order to support effective salt harvesting, persistent
and precise estimation of air humidity is crucial, especially
considering the unpredictable weather in Indonesia's coastal
regions. The comparison of two machine learning models,
CatBoost and LightGBM, in terms of how well they forecast
air humidity is the only focus of this study.

The study's comparison of CatBoost and LightGBM is
based on how each model handles tabular data, which is the
typical format of meteorological datasets like temperature,
humidity, and sunshine intensity. Because CatBoost handles
missing values and categorical variables automatically, it
offers significant preprocessing advantages over other
methods like One-Hot Encoding. The histogram-based
learning and leaf-wise tree growth techniques of LightGBM,
on the other hand, are well-known for their high model
training efficiency, enabling quicker and more precise
training on big datasets. Both models in this study showed
good predictive performance, with low error rates and R2
values near 1, which suggests minimal overfitting and good
generalization. Additionally, LightGBM tends to excel in
training speed and result stability, while CatBoost provides
better interpretability, especially for categorical features.
Therefore, comparing these two models is important to
determine the most appropriate algorithm for data-driven air
humidity prediction systems that support strategic decision-
making in salt production. Salt farmers can use the results of
the CatBoost and LightGBM models with good predictions to
make decisions such as scheduling drying or determining the
right harvest time.It is expected that the use of these data-
based predictions will increase production efficiency and
reduce the risk of losses caused by unpredictable weather
changes.

The LightGBM method, developed by Microsoft, offers
effective Gradient Boosting algorithm capabilities. This
model is designed to improve computational efficiency and
prediction accuracy, especially on large datasets and with
high feature dimensions[7]. With a histogram-based learning
approach, LightGBM is able to speed up the training process
compared to conventional boosting methods[8].

Meanwhile, CatBoost is one of the algorithms in the
Gradient Boosting Decision Tree (GBDT) family that uses a
decision tree as a base predictor and is specifically designed
to handle categorical variables efficiently. The algorithm was
introduced by Prokhorenkova and Dorogush with the aim of
reducing information loss in large and complex datasets[9].
The advantages of CatBoost lie in its ability to handle large
volumes of data, support parallel processing, and prevent
overfitting  through  sophisticated  internal  tuning
techniques[10].

In the context of salt production, CatBoost has the potential
to provide high accuracy in predicting light intensity based on
complex environmental data[11], especially when the data
contains many categorical features such as region, land type, or
time. Therefore, the utilization of CatBoost becomes relevant

as one of the alternative models that can adaptively improve
salt production efficiency[12].

This research is expected to answer the main problem of the
salt industry, namely fluctuations in production yields due to
uncertainty in weather conditions[13]. The results of this
research can be used by salt farmers and stakeholders in the
maritime industry as a consideration in a more accurate and
data-based decision-making process. Thus, this research not
only contributes to the development of predictive technology in
the salt sector, but also supports the sustainable increase in
productivity and resilience of the maritime-based economy.

II. METHODS

As shown in Figure 1, the flowchart of this research
outlines in detail the four main stages, namely data collection,
pre- processing, processing, result, and testing, which
together form the foundation of the research
methodology[14].

DATA
COLLECTION

Pre-processing

Processing

Figure 1. Research Stages

A. Hardware and Software

The process of training and testing machine learning
models in this study was carried out using a laptop with the
following specifications: Intel Core i5-9300H processor, 8
GB RAM, 256 GB SSD storage, NVIDIA GeForce GTX
1650 4GB graphics card, and Windows 10 Home operating
system. The 15.6-inch screen allows optimal visualization of
data and prediction results during the evaluation process. The
selection of this device is tailored to the computational needs
of the CatBoost and LightGBM algorithms, especially in
handling datasets with medium to large sizes[14].

The cloud computing service Google Collaboratory, also
known as Google Colab, was used to handle the data for this
study. This service enables efficient code processing without
relying entirely on local device specifications.

B. Data Collection and Preparation

The research data was stored and organized using
Microsoft Excel to make it easier in the pre-processing and
initial analysis stages, because the Python programming
language has flexibility in data processing and various
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machine learning support libraries, such as scikit-learn,
pandas, and special libraries CatBoost[15] and
LightGBM[16]. The data was obtained from the official
website Badan Meteorologi, Klimatologi, dan Geofisika
(BMKG) (using the website https://dataonline.bmkg.co.id/)
and was recorded at the Ahmad Yani Meteorological Station,
located in Semarang, Central Java, Indonesia. It consists of
1,832 daily records collected over the period from 21
February 2020 to 22 February 2025, covering 11
meteorological features: measurement date (TANGGAL),
minimum temperature (Tn), maximum temperature (Tx),
average temperature (Tavg), average humidity (RH_avg),
rainfall (RR), sunshine duration (ss), maximum wind speed
(ff x), wind direction at maximum wind speed (ddd x),
average wind speed (ff_avg), and predominant wind direction
(ddd_car).

To ensure robustness against outliers and maintain the
overall distribution of the data that are important for the
requirements of predictive models in salt production, missing
or null values in the dataset were handled prior to analysis
using median imputation, which fills in any absent values with
the median value of the corresponding variable.

The data collection and preparation process was the
starting point of this study. A daily dataset recording air
humidity (RH_AVG), along with other weather variables,
including a recording date column, was used. Agencies
responsible for monitoring meteorological conditions conduct
field measurements on a regular basis. This data is derived
from these measurements. The dataset is used to train and test
predictive models that aim to estimate air humidity values
based on recorded weather factors. Therefore, the data
contained in the dataset is very important. Data loading is
done using the pandas Python library[17], which is known to
be powerful for managing tabular data[18], and has
commands for reading csv files[19].

TABLE L
DATA DESCRIPTION TABLE
Name Data Type Total
Measurement date Integer 1832
(TANGGAL)
Min Temperature Integer 1832
(Tn)
Max Temperature Integer 1832
(Tx)
Average Temp Integer 1832
(Tavg)
Humidity (RH avg) Integer 1832
Rainfall (RR) Integer 1832
Sunlight (ss) Integer 1832
Wind direction (ff x) Integer 1832
Wind velocity Integer 1832
(ff avg)
Most wind direction Integer 1832
(ddd car)
Wind direction Max Integer 1832
(ddd_x)

C. Pre-processing

The initial step of data cleansing is performed after the data
has been entered into the programming environment. It
handles invalid values. The presence of the character "-" in
some cells in a data set is one type of irregularity found. This
character semantically indicates that data is missing or
unavailable. This "-" value is not recognized by Python in its
original form as NaN (Not a Number), so it must be replaced
explicitly for the applied imputation method to work correctly
in the future[20]. The applymap() function is used to
implement this replacement thoroughly. This function ensures
that any element of type string containing "-" is converted to
an empty value that can be identified by the system as a
missing value.

Missing Values After '-' Replacement
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Figure 2. Missing Values after Replacement

To improve guarantee compatibility with the modeling
techniques, categorical variables were encoded using the
LabelEncoder approach[21]. In addition to making the data
structure better, this step helped the model to numerically
analyze categorical data. The dataset was normalized using
MinMaxScaler, which is necessary for gradient-based
methods like LightGBM or CatBoost, in order to bring all
feature values into the same scale.
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Figure 3. After Normalization RH_AVG & TX
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D. Feature Engineering

In addition, time data is also specially processed. By using
the to_datetime function from the pandas library[22], the
TANGGAL column can be converted from text to datetime
format. This conversion is essential to enable systematic
manipulation of time, such as the extraction of information
about the year, month, and day. After the date column is
converted, a split is made into three new columns, year,
month, and day, each of which represents a more specialized
time component. With this split, you can perform
temporal analysis such as observing seasonal patterns or
changes in air humidity each month. To avoid data
redundancy, the original TANGGAL column was removed.
This transformation results in a dataset structure that is
more structured, consistent, and ready for further analysis.

<class 'pandas.core.frame.DataFrame’>

DatetimeIndex: 1832 entries, 2828-82-21 to 2825-82-25
Freq: D

Data columns (total 13 columns):

# Column  Non-Mull Count Dtype

@ TN 1832 non-null  float64
1 TX 1832 non-null  float64
2 TAVG 1832 non-null  float64
3  RH_AVG 1832 non-null  float6d
4 RR 1832 non-null  float64
5 S§ 1832 non-null  float64
& FF X 1832 non-null  floate4d
7 DDD_X 1832 non-null floate4
8 FF_AVG 1832 non-null floaté4
9 DDD_CAR 1832 non-null floaté4d
18 year 1832 non-null  floate4d
11 month 1832 non-null  float64
12 day 1832 non-null float64

dtypes: float64(13)
memory usage: 2808.4 KB

Figure 5. Data using datetime

E. Modelling

1) LightGBM: After data preparation, the dataset was divided
into training and testing subsets using an 80/20 ratio to
evaluate the model’s generalization performance. The
LightGBM regressor was trained on 80% of the data, while
the remaining 20% was reserved for testing the model’s

predictive accuracy. To optimize model performance,
hyperparameter tuning was conducted using the
GridSearchCV  method, focusing on four parameters:
n_estimators, learning rate, max depth, and num leaves.
Although a single predefined set of hyperparameters was
evaluated, GridSearchCV systematically tested combinations
using 3-fold cross-validation (cv=3). In this process, the
training data was partitioned into three subsets; the model was
trained on two of them and validated on the third in a rotating
sequence, ensuring more robust performance estimation and
reducing the risk of overfitting to a specific subset.

TABLE II.
LIGHTGBM MODEL DESCRIPTION
Aspect Description
Model LightGBM Regressor
Train-Test Split 80% Training / 20% Test
Hyperparameter Tuning | GridSearchCV

Parameters Tuned n_estimators, learning_rate,

max_depth, num_leaves

Combinations 1 (single predefined combination)
Cross-Validation 3-Fold (cv=3)
CV Process Train on 2 folds, validate on 1 fold

(rotated 3 times)

R?, Mean Absolute Error (MAE),
Root Mean Squared Error
(RMSE)

Scatter Plot, Residual Plot,
Histogram, Feature Importance

Evaluations Metrics

Visualizations Used

2) CatBoost: To be able to further explore the reliability as
well as efficiency of the LightGBM model, CatBoost was
tested as a different gradient boosting technique. A structured
hyperparameter tuning method was used to train the CatBoost
regressor after the same 80/20 train-test split. 3-fold cross-
validation was implemented to validate the tuning, even
though only one preset set of hyperparameters—covering
iterations, learning_rate, depth, and 12_leaf reg—was used.

TABLE I
CATBOOST MODEL DESCRIPTION.
Aspect Description
Model CatBoost Regressor

Train-Test Split 80% Training / 20% Test

Hyperparameter Tuning GridSearchCV

Parameters Tuned Iterations, learning_rate,
depth, 12 leaf reg

Combinations 1 (single predefined

combination)

3-Fold (cv=3)

Train on 2 folds, validate on 1
fold (rotated 3 times)

R2, Mean Absolute Error
(MAE), Root Mean Squared
Error (RMSE)

Cross-Validation
CV Process

Evaluations Metrics

Visualizations Used Scatter Plot, Residual Plot,

Feature Importance

This guaranteed that the model's setup was dependable and
constant across various training data segments. On the test set,
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the CatBoost model showed acceptable outcomes despite its
restricted hyperparameter search space. Evaluation criteria
including R? mean absolute error, and root mean squared
error showed that the model could successfully identify
patterns in the data. The model's dependability was further
reinforced by visual examinations using scatter plots, time
series comparisons, and residual diagnostics. In addition to
providing a useful performance benchmark, this
complementary application of CatBoost showed how
adaptable tree-based ensemble algorithms are for predicting
air humidity, especially when little modification is required to
achieve high predictive accuracy.

ITI. RESULT AND DISCUSSION

To figure out how well a trained model captures real-world
patterns, model evaluation is an essential stage in predictive
data analysis. right after preprocessing, an 80/20 train-test
split was used to divide the dataset, guaranteeing that test data
was minimized during training. Using the standard regression
measures of R? (coefficient of determination), MAE (mean
absolute error), and RMSE (root mean squared error), the
LightGBM and CatBoost models were both calibrated. The
quantitative evaluation was further supported by visualization
approaches such as feature importance rankings, scatter plots,
and residual plots.

Using GridSearchCV, the LightGBM regressor was
adjusted throughout a specific set of hyperparameters:
num_leaves, max_depth, learning rate, and n_estimators.
Threefold cross-validation was used during this tuning
process to guarantee stability and prevent overfitting. The
following results were obtained by the optimized model on
the test set.

Scatter Plot: Actual vs Predicted (LightGBM)
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Figure 6. ScatterPlot for Light GBM
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A residual plot was created after prediction for the purpose
to analyze the LightGBM regressor's outcomes in more detail.
The predicted values were displayed against the residuals,
which are the difference between the actual values (y_test)
and the anticipated values (y pred). The residuals of an

acceptable regression model should be scattered randomly
around zero with no obvious pattern. The LightGBM residual
plot in this particular case showed a symmetrical and
uniformly distributed spread around the zero line, showing no
bias in predictions and pointing to good generalization of the
model.

Residual Plot (LightGBM)
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Figure 7. ResidualPlot for LightGBM

The evaluation data collected throughout testing provide
additional support for this visual observation. A Tuned
R? score of 0.7981 was obtained by the LightGBM model
after it was tuned with parameters like learning_rate=0.01,
max_depth=5, min_child samples=10, n_estimators=500,
and num_leaves=31. This means that the model explains
around 80% of the variation in the test data. Moderate
prediction errors are indicated by the Root Mean Squared
Error (RMSE) of 0.0786 and the Mean Absolute Error (MAE)
of 0.0617. These numbers imply that although the model
makes predictions that are passably accurate, its accuracy
could be increased.

Table IV. LIGHTGBM METRICS RESULT

Metric Value

R? 0.7981

Mean Absolute Error 0.0617
(MAE)

Root Mean Squared Error 0.0786
(RMSE)

The CatBoost model, that had been modified with
iterations=500, learning_rate=0.05, depth=6, and
12 leaf reg=5, achieved a Tuned R? score of 0.8191, which
was slightly more accurate in terms of variance explanation.
With an RMSE of 0.0744 and an MAE of 0.0570, the results
showed better prediction accuracy and less average errors
than LightGBM. These findings are in line with the CatBoost
residual plot, which shows less bias and dependable

Comparison of CatBoost and LightGBM Models for Air Humidity Prediction
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generalization due to the prediction errors' close clustering
around zero and good distribution.

Scatter Plot: Actual vs Predicted RH_AVG (CatBoost)
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Figure 8. Scatterplot for CatBoost

A scatter plot comparing real and anticipated outcomes was
used to assess the CatBoost model. It revealed a generally
strong alignment along the ideal prediction line. Despite a
certain apparent spread, this alignment shows that the model
was able to follow the trend of actual RH_AVG values very
well. A residual plot was looked at in order to evaluate these
projections reliability even more. According to the results,
there were no noticeable trends or heteroscedasticity in the
residuals, which indicate the difference between expected and
actual values, and they were distributed very symmetrically
around the zero line. The residual distribution's randomness
indicates that the CatBoost model generalizes well across a
range of expected values and is not significantly impacted by

systematic bias.
Top lp Feature Importances (CatBoost)

oo [
o {0

DDD_X

55

Feature

TN

month

TAVG

T

. . | ' v
0 5 10 15 20 25 30

Impartance Score

Figure 9. Feature Importance using CatBoost

A feature importance analysis was performed with the
CatBoost model to improve interpretability. Maximum
temperature (TX), average temperature (TAVG), and month
were the top three contributors, and each had a significant
effect in predicting relative humidity. These characteristics

are consistent with known meteorological principles since
temperature directly impacts the atmosphere's ability to retain
moisture and seasonal patterns, which are represented by the
month to have an impact on humidity levels. Smaller but still
significant contributions were made by TN (minimum
temperature) and RR (rainfall). The outcomes support the
model's accuracy and applicability of its predictions by
confirming that it caught significant environmental
influences.

IV. CONCLUSION

In conclusion, this study effectively shows that how well
the machine learning algorithms LightGBM and CatBoost
predicted air humidity based on BMKG weather data.
Following preprocessing and normalization, GridSearchCV
was used to improve both models using 3-fold cross-
validation with 80/20 train-test splits. According to the
results, CatBoost outperformed LightGBM in generalization,
as demonstrated by a higher R2 score (0.8191 vs. 0.7981) and
lower error metrics (MAE and RMSE). The predictive
behavior and interpretability of the models were further
confirmed by visualization approaches such as scatter plots,
residual plots, and feature importance. For example, the most
important factors were maximum temperature, average
temperature, and month. These results show that both models
can be effectively implemented into air humidity prediction
systems, especially for weather-sensitive sectors and
decision-making processes that affect the effectiveness of salt
production.
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