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One of the most important applications of the dew point in agriculture is forcasting
radiation frost. The dew point can play a role in conditions conducive to frost occurrence
and in its management. Radiation frost is one of the major hazards affecting the
agricultural sector, causing substantial annual losses in crop yield and quality, particularly
in fruit trees. Accurate and timely prediction of radiation frost is therefore of great
importance for effective damage management. The occurrence of frost is not solely
dependent on air temperature; atmospheric moisture-related variables also play an
important role in its development. Accordingly, this study aimed to evaluate the short-term
prediction of dew point temperature and investigate the effects of meteorological-physical
features on the performance of machine learning-based models using meteorological data
from Tehran, Iran, covering the period from 2005 to 2025. Air temperature, relative
humidity, and dew point temperature were considered as the baseline variables. In
addition, saturation vapor pressure, actual vapor pressure, vapor pressure deficit (VPD),
and the difference between air temperature and dew point temperature were incorporated
into the models as physical features. Seven algorithms, including Ridge Regression,
Support Vector Regression (SVR), K-Nearest Neighbors (KNN), Random Forest (RF),
Extremely Randomized Trees (Extra Trees), Gradient Boosting Regression, and XGBoost,
were evaluated over two forecasting horizons of 6 and 12 hours, and their performance
was compared with that of the baseline model. The results showed that, when
meteorological-temporal features were used, Ridge Regression achieved the best overall
performance at both the 6- and 12-hour forecasting horizons, with mean absolute error
(MAE) values of 2.19 and 2.76 °C and root mean square error (RMSE) values of 3.01 and
3.77 °C, respectively. With the addition of meteorological-physical features, XGBoost
demonstrated superior performance at both forecasting horizons in terms of reducing
numerical prediction errors. Specifically, at the 6-hour horizon, the MAE and RMSE were
2.14 and 3.03 °C, respectively, whereas at the 12-hour horizon, the corresponding values
were 2.61 and 3.62 °C. Support Vector Regression achieved better classification
performance at the 6-hour horizon, with an F1-score of 0.911 and a Critical Success Index
(CSI) of 0.837, while Ridge Regression performed better at the 12-hour horizon, with an
F1-score of 0.878 and a CSI of 0.783. Furthermore, increasing the forecasting horizon
from 6 to 12 hours resulted in a decrease in prediction accuracy across all models.
Comparison of the models with the baseline model also indicated that machine learning
models were capable of significantly improving prediction performance, although the
differences among some of the top-performing models were not statistically significant.
The findings demonstrate that machine learning algorithms can provide a suitable
framework for short-term dew point temperature prediction and forecasting conditions
conducive to radiation frost.
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Introduction

Radiation frost is one of the major environmental hazards affecting agricultural production and can
cause substantial losses in crop yield and quality, particularly in fruit orchards. Radiation frost
generally occurs during clear and calm nights as a result of radiative heat loss from the soil,
vegetation, and near-surface atmosphere. Because a single frost event can damage or destroy
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agricultural crops within one night, accurate and timely prediction of frost-prone conditions is
essential for effective frost management and the development of early-warning systems. Conventional
frost prediction approaches are often based primarily on air temperature and predefined temperature
thresholds. However, the occurrence and intensity of radiation frost are also strongly influenced by
atmospheric moisture conditions. Consequently, incorporating humidity-related variables into
prediction models may provide additional information for identifying conditions favorable for frost
formation.

In recent years, machine learning (ML) algorithms have increasingly been applied to weather and
agricultural forecasting because of their ability to identify nonlinear relationships within complex
meteorological datasets. Previous studies have demonstrated the potential of algorithms such as
Support Vector Machines, Random Forest, Artificial Neural Networks, and XGBoost for frost
detection and local temperature prediction. Nevertheless, the performance of these models is highly
dependent on the characteristics of the study area, the forecasting horizon, and the variables used as
model inputs. In particular, most existing frost prediction studies have focused on air temperature or
direct frost classification, whereas relatively limited attention has been given to short-term prediction
of dew point temperature as a physically meaningful indicator of atmospheric moisture and frost-prone
conditions.

Therefore, the present study aimed to evaluate the short-term prediction of dew point temperature
as an important parameter for identifying radiation frost conditions and to investigate the effect of
incorporating meteorological-physical features on the performance of machine learning models.
Meteorological observations from Tehran, Iran, were used to evaluate seven machine learning
algorithms over 6- and 12-hour forecasting horizons. The specific objectives were to compare model
performance using meteorological-temporal variables alone and after incorporating additional
physical features related to atmospheric moisture, and to identify the most appropriate model for each
forecasting horizon and prediction objective.

Methods

Meteorological observations recorded at Mehrabad Airport station in Tehran were used for the period
from 1 March 2005 to 21 May 2025. For each year, the period from 1 March to 21 May was selected
because it corresponds to the seasonal period during which radiation frost may occur in the study
region. The original dataset consisted of 13,490 records with a six-hour temporal resolution. Air
temperature, relative humidity, and dew point temperature were considered the primary
meteorological variables. Dew point temperature at 6 and 12 hours ahead was defined as the target
variable, and the prediction problem was formulated as a multivariate time-series regression problem.

To account for temporal dependencies in the meteorological variables, lagged features were
generated at 6, 12, 18, and 24 hours prior to each prediction time. Short-term temporal changes,
moving averages, recent minimum and maximum values, and cyclical representations of the hour of
the day and day of the year were also incorporated into the input dataset. These transformations were
used to represent both short-term persistence and diurnal and annual periodicity while avoiding
inappropriate treatment of cyclical temporal variables as linear quantities.

Two groups of predictor variables were subsequently constructed. The first group, referred to as
meteorological-temporal features, included the current meteorological observations, lagged variables,
temporal differences, moving averages, recent minimum and maximum values, and cyclical time
features. The second group, referred to as meteorological-physical features, included all variables in
the first group plus saturation vapor pressure, actual vapor pressure, vapor pressure deficit (VPD), and
the difference between air temperature and dew point temperature. These additional variables were
introduced to provide a more explicit representation of atmospheric moisture conditions and their
physical characteristics.

The dataset was divided chronologically to preserve the temporal structure of the observations and
prevent information from future periods from entering model training. Data from 2005-2020 were
used for training, observations from 2021-2022 were used for validation, and data from 2023-2025
were reserved as an independent test set. Missing values in the input variables were replaced using the
median calculated exclusively from the training data. For the target variable, observations without an
available future dew point temperature were excluded from the corresponding forecasting dataset.
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Seven machine learning algorithms were evaluated: Ridge Regression, Support Vector Regression
(SVR), K-Nearest Neighbors (KNN), Random Forest (RF), Extremely Randomized Trees (Extra
Trees), Gradient Boosting Regression (GBR), and Extreme Gradient Boosting (XGBoost). A
persistence-based baseline model was also developed, in which the most recently observed dew point
temperature was used as the prediction for the future time. Model performance was assessed using the
coefficient of determination (R?), mean absolute error (MAE), root mean squared error (RMSE), and
additional classification-oriented indicators for identifying conditions associated with frost risk,
including precision, recall, F1-score, and the Critical Success Index (CSI). A skill score was also used
to evaluate the improvement of the machine learning models relative to the persistence baseline.

Results

The results based on meteorological-temporal features showed that Ridge Regression achieved the
best overall numerical performance at both forecasting horizons. For the 6-hour forecast, Ridge
Regression produced an MAE of 2.19 °C, an RMSE of 3.10 °C, and an R?of 0.72. In comparison, the
persistence baseline yielded an MAE of 2.77 °C and an RMSE of 3.76 °C. Thus, Ridge Regression
reduced the MAE by approximately 21% and the RMSE by approximately 17.7% relative to the
baseline. XGBoost and Gradient Boosting Regression showed performance close to Ridge Regression,
whereas KNN exhibited the weakest performance among the machine learning models, with an MAE
of 2.49 °C, an RMSE of 3.44 °C, and an R?of 0.653.

For the 12-hour forecasting horizon using meteorological-temporal features, Ridge Regression
again achieved the best overall performance, with an MAE of 2.76 °C, an RMSE of 3.76 °C, and an
R?0of 0.584. The corresponding persistence baseline produced an MAE of 3.76 °C and an RMSE of
4.93 °C. Ridge Regression therefore reduced the MAE and RMSE by approximately 26.8% and
23.7%, respectively. XGBoost was the second-best model, with an MAE of 2.81 °C, an RMSE of 3.81
°C, and an R?of 0.573. Similar to the 6-hour horizon, KNN showed the weakest performance among
the machine learning algorithms.

Adding meteorological-physical features, including saturation vapor pressure, actual vapor
pressure, VPD, and the air temperature-dew point temperature difference, resulted in an overall
positive but relatively limited improvement in model performance. These variables provided
additional information about atmospheric moisture conditions and the proximity of the atmosphere to
saturation, which can be relevant for identifying critical conditions associated with radiation frost.

At the 6-hour forecasting horizon, XGBoost achieved the best numerical performance after the
addition of the physical features, with an MAE of 2.14 °C and an RMSE of 3.03 °C. Its precision,
recall, Fl-score, and CSI were 0.916, 0.902, 0.909, and 0.833, respectively. Gradient Boosting
Regression showed very similar performance, with an MAE of 2.14 °C, an RMSE of 3.04 °C, an F1-
score of 0.907, and a CSI of 0.830. Although SVR did not achieve the lowest numerical error, it
produced the highest precision and recall, at 0.919 and 0.904, respectively, resulting in the highest F1-
score (0.911) and CSI (0.837) among the evaluated models. Therefore, SVR was particularly suitable
when the primary objective was identifying conditions conducive to frost, whereas XGBoost was
preferable when minimizing numerical prediction errors was the primary objective.

At the 12-hour horizon, XGBoost again achieved the lowest numerical errors, with an MAE of 2.61
°C and an RMSE of 3.62 °C. Its Fl-score and CSI were 0.873 and 0.774, respectively. Ridge
Regression showed balanced performance, with a precision of 0.886, recall of 0.870, F1-score of
0.878, and CSI of 0.783, representing the highest F1-score and CSI at this forecasting horizon. Thus,
Ridge Regression provided the most balanced performance for identifying frost-prone conditions over
the 12-hour horizon.

Comparison of the two forecasting horizons demonstrated a consistent decline in predictive
performance when the horizon increased from 6 to 12 hours. This reduction indicates that longer
forecasting horizons are associated with greater uncertainty, even when additional physical features
describing atmospheric moisture are included. Although the meteorological-physical features
generally improved model performance, the magnitude of improvement was relatively limited. This
may partly be attributed to the physical dependence of variables such as VPD, saturation vapor
pressure, and the air temperature—dew point temperature difference on the basic meteorological
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variables, meaning that they provide complementary representations rather than completely
independent information.

Statistical pairwise comparisons were also conducted to determine whether differences in model
performance represented statistically meaningful improvements rather than merely small numerical
differences. The Holm correction was applied to account for multiple pairwise comparisons. At the 6-
hour horizon, XGBoost showed statistically significant improvements over KNN, the persistence
baseline, and Gradient Boosting Regression, whereas its differences from Ridge Regression, SVR,
Extra Trees, and Random Forest were not statistically significant. At the 12-hour horizon, although
Ridge Regression achieved the lowest RMSE, its performance did not differ significantly from that of
SVR, XGBoost, Extra Trees, Gradient Boosting Regression, or Random Forest.

Conclusion

This study demonstrated the potential of machine learning algorithms for short-term prediction of dew
point temperature as a physically relevant indicator for forecasting conditions conducive to radiation
frost. All evaluated machine learning models outperformed the persistence-based baseline, indicating
that the meteorological and temporal information contained in the predictor variables provided useful
information for predicting future dew point temperature. However, model performance depended on
both the forecasting horizon and the type of input features.

When only meteorological-temporal features were used, Ridge Regression provided the most
stable and balanced overall performance at both the 6- and 12-hour horizons. After incorporating
meteorological-physical features, XGBoost achieved the lowest numerical prediction errors at both
horizons, while SVR at 6 hours and Ridge Regression at 12 hours provided better performance
according to the classification-oriented measures used to identify frost-prone conditions. These
findings emphasize that the model with the lowest numerical error is not necessarily the most
appropriate model for identifying critical frost conditions.

The addition of saturation vapor pressure, actual vapor pressure, VPD, and the air temperature—dew
point temperature difference had a positive but limited effect on predictive performance. Nevertheless,
these features provide a more explicit representation of atmospheric moisture conditions and can
complement conventional meteorological predictors. The decline in model performance from 6 to 12
hours also highlights the increasing uncertainty associated with longer forecasting horizons. Overall,
the results indicate that a dew-point-temperature-based machine learning framework, combined with
meteorological variables and physically meaningful atmospheric moisture features, can provide a
suitable basis for the development of short-term radiation frost forecasting and early-warning systems.
Future studies should incorporate additional spatial observations, surface and atmospheric variables,
and data from different agricultural regions to improve the generalizability and practical applicability
of the proposed forecasting framework.
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1. Vapor Pressure Deficit (VPD)
2. Ridge Regression
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. Support Vector Regression (SVR)

. K-Nearest Neighbors (KNN)

. Random Forest (RF)

. Extremely Randomized Trees

. Gradient Boosting Regression (GBR)
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. Skill Score
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1. Critical Success Index
2. Mean Absolute Error (MAE)
3. Root Mean Squared Error (RMSE)
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