How to cite: A. Varga-Balogh, A. Leel6ssy, R. Mészaros (2025) Identifying Precipitation Types From Surface
Meteorological Variables with Machine Learning. "4ir and Water — Components of the Environment” Conference
Proceedings, Cluj-Napoca, Romania, p. 109-114, https://doi.org/10.24193/AWC2025 10 .

IDENTIFYING PRECIPITATION TYPES FROM SURFACE
METEOROLOGICAL VARIABLES WITH MACHINE LEARNING

Adrienn Varga-Balogh,>* Addm Leeldssy*, Robert Mészaros*

ABSTRACT. Identifying Precipitation Types From Surface Meteorological
Variables With Machine Learning. Precipitation type prediction is crucial for various
sectors, including aviation, agriculture, and public safety. For instance, freezing rain and
sleet can severely disrupt transportation, while heavy rainfall may lead to flash floods.
Using METAR weather reports, we sought to classify precipitation types based on surface
variables such as temperature (°C), dew point deficit (°C), wind speed (knots). The
dataset was divided into training and testing subsets. Known precipitation types in the
training set allowed us to fit classifying algorithms. We evaluated several classification
models. The k-nearest neighbors (k-NN) method was initially applied, with parameter
optimization performed to enhance accuracy. Precipitation types were first categorized
into two groups: liquid and non-liquid types. Liquid included rain, fog and drizzle,
excluding convective precipitation. The non-liquid category included solid and
supercooled types like snow, sleet, freezing rain, graupel, and supercooled fog. Further
refinements classified precipitation into six categories: liquid precipitation, convective
precipitation, snow, sleet, ice pellets, and supercooled water (including freezing rain and
rime fog). Additionally, classifications into 5 and 4 categories were analyzed. Evaluation
metrics, such as sensitivity, precision, specificity, and accuracy, were employed to assess
model performance in classifying precipitation types.

This work has been implemented by the National Multidisciplinary Laboratory for
Climate Change (RRF-2.3.1-21-2022-00014) project within the framework of Hungary's
National Recovery and Resilience Plan supported by the Recovery and Resilience
Facility of the European Union.
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1. INTRODUCTION

Determining precipitation types is crucial for climatology (Kienzle, 2008; Ye et
al., 2013), hydrology (Naseer et al., 2019), and weather forecasting. Different data
sources, including model-derived atmospheric fields (Lang et al., 2023), radar
measurements (Shin et al., 2022), and satellite observations (Das et al., 2022; Sims
and Liu, 2015), have been utilized for precipitation classification in the last decades.
Statistical separation of precipitation types using surface measurements has been
explored by Kienzle (2008) and Ye et al. (2013). Operational precipitation-phase
forecasting with machine learning has been implemented using model-derived and
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surface meteorological data (Ersland et al., 2024). Machine learning-based forecasts
outperform parameterized phase predictions from numerical weather models (Moon
and Kim, 2020; Seo, 2020). Ghada et al. (2019) demonstrated precipitation phase
prediction using cloud observations and drop size spectra with machine learning
techniques. Several algorithms, including multinomial logistic regression (Moon
and Kim, 2020), logistic regression (Froidurot et al., 2014; Seo, 2020), k-nearest
neighbors (k-NN), random forests (RF) (Ghada et al., 2019; Seo, 2020), support
vector machines (SVM), decision trees (DT), multi-layer perceptron (MLP) (Seo,
2020), and linear discriminant analysis (LDA), Naive Bayes (NB), and conditional
trees (Ctree) (Ghada et al., 2019), have been analyzed in literature.

In this study, we analyze the effectiveness of various machine learning models for
precipitation classification and focus on k-NN, which demonstrated the highest
accuracy in our experiments.

2. DATA AND METHODS

METAR weather reports were used to classify precipitation into six categories:
freezing precipitation, snow, ice pellets, sleet, convective precipitation, and liquid
precipitation. Categories were determined based on METAR present weather codes
(WX) and the set of criteria is presented in Table 1. Reports containing visibility-
related phenomena (e.g., fog, haze) or non-precipitation-related codes (e.g., volcanic
ash, dust storms) were excluded. European airport METAR reports were analyzed,
with data available at half-hour intervals. A subset of 276 stations, where at least 10
occurrences of snow and freezing precipitation were recorded annually, was
selected. The dataset included temperature (°C), dew point deficit (°C), and wind
speed (knots), along with the present weather codes.

Table 1. Set of criteria used to categorise METAR codes for precipitation by phase

Category Contain Except
Freezing FZ and RA
precipitation |FZ and DZ
Snow SN RA, TSGR
SG FZ and RA, FZ and DZ

Ice pellets L SN, SG, RA, TSGR, FZ and RA, FZ

P and DZ

PL, SN, SG, RA, TSGR, FZ and RA,
Sleet RA and SN £7 and DZ
. VCTS, VCSH

Cr‘;r(‘:‘l’el‘;;'t‘l’gn ga PL, SN, SG, RA, TSGR, FZ and RA,
precip FZ and DZ
Liquid RA TS, SH, PL, SN, SG, RA, TSGR, FZ
precipitation |DZ and RA, FZ and DZ
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The dataset was randomly divided into training (2/3) and testing (1/3) sets.
Classification models, including Support Vector Machine (SVM), Linear
Discriminant Analysis (LDA), logistic regression, multinomial logistic regression,
k-Nearest Neighbors (k-NN), Gaussian Naive Bayes (GNB), and decision trees,
were applied. We tested various classification models, but k-Nearest Neighbors (k-
NN) produced the best results; therefore, this study focuses on presenting the
findings obtained using this method.

The k-nearest neighbor (k-NN) algorithm selects the k training samples that have
the most similar datasets. It then applies one of two approaches: (i) in classification
tasks, it assigns the new data point the label that appears most frequently among the
k neighbors, or (ii) in regression tasks, it outputs the average value of the k nearest
neighbors. This simple yet effective method is widely used in pattern recognition,
recommendation systems, and anomaly detection due to its intuitive nature and
ability to adapt to various types of data. Predictions were evaluated using sensitivity,
precision, specificity, and accuracy metrics.

To evaluate the performance of classification models, several metrics were used
to assess model quality from different perspectives. The primary evaluation metrics
included sensitivity (recall), specificity, accuracy, and precision, all of which were
derived from the confusion matrix. This matrix categorizes predictions into four
groups: True Positive (TP), where the model correctly predicts a positive case; True
Negative (TN), where a negative case is correctly identified; False Positive (FP),
where the model incorrectly classifies a negative case as positive; and False Negative
(FN), where a positive case is misclassified as negative. (Table 2.)

Table 2. Confusion matrix illustrating the performance of the classification model.

measured value
true false
predicted | true True positive Fals positive
value false False negative | True negative

Sensitivity (TP / (TP + FN)) measures how well the model identifies positive
cases, making it crucial for detecting hazardous weather conditions, such as heavy
snowfall or freezing precipitation. Specificity (TN / (TN + FP)) quantifies the
model’s ability to correctly classify negative cases, which is essential for minimizing
false alarms in precipitation forecasting. Accuracy ((TP + TN) / (TP + TN + FP +
FN)) provides an overall measure of correct classifications, though it may be
misleading for imbalanced datasets. Finally, precision (TP / (TP + FP)) evaluates
how many of the predicted positive cases are truly positive, helping reduce false
alarms in severe weather warnings. These metrics were used to compare the
performance of different machine learning algorithms in classifying precipitation

types.
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3. RESULTS AND DISCUSSION

Initial classification separated precipitation into two categories: liquid and
solid/mixed precipitation. The k-NN classifier was optimized with parameter tuning,
achieving the highest accuracy at k=30 (96%).

For two-category classification (liquid vs. other precipitation types), the classifier
demonstrated high accuracy as presented in Table 3.

Table 3. Validation of classification into two categories
Category | Sensitivity | Precision | Specificity | Accuracy
Liquid 97% 96% 93% 96%

Other 93% 95% 97%

If six precipitation categories were considered, accuracy decreased due to
increased complexity (Table 4.). The most frequent classes were well predicted, but
under-represented classes (sleet, ice pellet) were more prone to error. The
incorporation of convective precipitation also made it more difficult to separate
groups because of the different characteristics of this precipitation type.

Table 4. Validation of classification into six categories

Category | Sensitivity | Precision | Specificity | Accuracy
Liquid 79% 82% 76%
Convective 36% 75% 95%
Show 36% 70% 94%

78%

Sleet 0% 60% 100%
Ice Pellets 0% TP+FP=0 100%
Freezing 38% 72% 94%

To improve results, convective precipitation was removed, and analysis focused
on winter precipitation types (liquid, snow, sleet, ice pellets, freezing precipitation).
Classification performance improved, although the method could still not detect the
rare precipitation types of sleet and ice pellets (Table 5).

Table 5. Validation of classification into five categories

Category | Sensitivity | Precision | Specificity | Accuracy
Liquid 85% 95% 89%
Snow 60% 68% 93%
Sleet 1% 50% 100% 86%
Ice Pellets 0% TP+FP=0 100%
Freezing 58% 72% 94%

Further reducing the number of categories to four improved classification
reliability, as the appearance of ice pellet was not satisfactory in the test set (Table
6).
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Table 6. Validation of classification into four categories

Category | Sensitivity | Precision | Specificity | Accuracy
Liquid 85% 95% 89%
Snow 60% 68% 93%
86%
Sleet 1% 50% 100%
Freezing 59% 73% 94%

4. CONCLUSION

Machine learning methods effectively classify precipitation types from surface
METAR observations. Binary classification (liquid vs. other) yields high accuracy
(~96%). However, increasing category count reduces classification accuracy,
particularly for rare precipitation types (e.g., ice pellets, sleet). Excluding convective
precipitation and focusing on winter precipitation improves reliability. Future work
may integrate additional meteorological parameters or ensemble learning methods
to further enhance accuracy.
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