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Extended Abstract

Introduction

Meteorological  variables, particularly relative
humidity, exert significant influence on both natural
ecosystems and human activities. This impact extends
to economic aspects, notably affecting agricultural and
water systems, as well as renewable and solar energy
management. In hydrology, relative humidity plays a
crucial role in the water cycle, influencing
transpiration rates from various surfaces. Its
importance in agriculture is highlighted in irrigation
management and crop productivity due to its effect on
transpiration.  Additionally, relative  humidity
contributes to water resources management,
influencing the Penman-Montite evapotranspiration
calculation method. Measurement of relative humidity
is commonly done using hygrometers, but challenges
arise in certain situations, leading to the exploration of
statistical and machine learning methods for
estimation. While recent years have seen increased
use of artificial intelligence for climate variable
estimation, research specifically focusing on relative
humidity remains limited. Using various combination
of input variables, this study utilizes XGBoost for the
first time to predict relative humidity at Bajgah
meteorological station in Iran, considering 30 years of
data and evaluating model performance using six
statistical criteria.

Materials and Methods
In this study, meteorological data spanning September
1993 to September 2023, sourced from Bajgah Fars
meteorological station, was employed. i

input variables such as relative hlwiity, m
and maximum temperatures from ong to
prior. The selection of this 3-day ti

implemented, and hyperparameten optipiization was

employed durin odel ning, ted by grid
search. The data@r itioned, allocating 80% for

training purposes for testing. Model

ensively gauge models across
g scheme from literature was
Boost feature importance analyses

were cted on the models, elucidating the
significa of each feature in predicting relative
humidity.

Findings

After optimizing model hyperparameters, the study
assessed their performance on test data. Graphical
analysis revealed that models trained solely on
minimum and maximum temperatures exhibited wide
dispersion and low correlation between observed and
predicted relative humidity. Conversely, models
relying solely on relative humidity demonstrated
significantly improved correlation. Notably, Model 1
exhibited step-wise predictions, indicating reduced
performance  despite  reasonable  correlation.

Incorporating both temperature and humidity
variables enhanced correlation, with Model VII
showing the best test data performance (RMSE=6.73,
MARE=0.11, NSE=0.75, R2=0.75, MXARE=1,
MAE=4.82). Models exclusively relying on
temperature variables performed weakest. The
ranking scheme, based on a comprehensive
assessment of 12 criteria, places Models XI and VIII
jointly at the top, followed by Models VI, 11, 11, and [,
with Models V, VI, and IV placing at the bottom
positions. Relative humidity of the previous day
emerged as the most important variable in XGBoost
feature importance analysis, emphasizing its
significance in accurate predictions. e

Discussion
Based on the results of this study, models relyingsolely
ively.
relative

performancegFeatu poertance analysis indicated

that relative hu

specially from the previous
day, ha Iiéance than temperature
variables. Ho t study emphasized that
variable imp ce results were specific to the data

and models used. While the findings aligned with
studies, the research recommended further
n of the relationship between current and
e humidity for deeper insights. Overall, the
lighted the potential for improved climate
agiable predictions through machine learning model
optimization and careful selection of input variables.

Conclusion

Accurate prediction of relative humidity holds
significant importance due to its pivotal role in the
hydrological cycle and subsequent impacts on
agriculture and human well-being. Utilizing the
XGBoost machine learning model with 30 years of
data, this study demonstrates superior performance
when combining historical relative humidity with
temperature variables compared to models relying
solely on temperature. Models IX and VII, consistently
outperformed others, highlighting the crucial role of
historical relative humidity data. While these findings
guide variable selection, future research should
explore additional climatic factors. Additionally, given
the ongoing progress in machine learning models,
future research could delve into further comparative
analyses of alternative models for enhanced insights.
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