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Abstract—Accurate quantitative precipitation estimation
(QPE) is essential for managing water resources, monitoring
flash floods, creating hydrological models, and more. Traditional
methods of obtaining precipitation data from rain gauges and
radars have limitations such as sparse coverage and inaccurate
estimates for different precipitation types and intensities.
Symbolic regression, a machine learning method that generates
mathematical equations fitting the data, presents a unique
approach to estimating precipitation that is both accurate
and interpretable. Using WSR-88D dual-polarimetric radar
data from Oklahoma and Florida over three dates, we tested
symbolic regression models involving genetic programming and
deep learning, symbolic regression on separate clusters of the
data, and the incorporation of knowledge-based loss terms
into the loss function. We found that symbolic regression is
both accurate in estimating rainfall and interpretable through
learned equations. Accuracy and simplicity of the learned
equations can be slightly improved by clustering the data based
on select radar variables and by adjusting the loss function with
knowledge-based loss terms. This research provides insights
into improving QPE accuracy through interpretable symbolic
regression methods.

Index Terms—quantitative precipitation estimation, polarimet-
ric radar, symbolic regression, knowledge-based loss terms

I. INTRODUCTION

Accurate estimations of rainfall are crucial for a variety of
applications such as extreme weather condition forecasting,
flash flood monitoring, and ongoing climate research [1].
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Rainfall can be measured directly through rain gauge stations
or indirectly calculated through radar remote sensing. Rain
gauges provide accurate data but have limited spatial coverage,
whereas radars have higher coverage yet more uncertainty
as rainfall rate must be calculated from radar data through
empirical equations [2]. The traditional radar method for esti-
mating precipitation primarily relied on the Z–R relationship
between rainfall rate R and radar reflectivity factor Z. This
approach, however, has limitations due to the complex and
variable nature of rainfall [3]. There has been significant
progress in quantitative precipitation estimation (QPE) with
the development of dual-polarimetric radars, which provide
additional variables such as differential reflectivity ZDR, spe-
cific differential phase KDP , and correlation coefficient ρhv .
The integration of these variables has been shown to reduce
uncertainty in QPE by addressing issues related to drop size
distribution variability, radar miscalibration, attenuation, and
partial beam blockage [3].

Despite these advancements, challenges still remain in ac-
curately modeling the complex relationships between radar
measurements and precipitation rate. Symbolic regression is
a machine learning method that discovers mathematical rela-
tionships from data [4], [5], which offers a promising approach
to further enhance the interpretability and accuracy of radar-
based precipitation estimation. Symbolic regression will create
interpretable models, allowing us to explicitly understand how
specific variables impact rainfall rate in the form of concrete



equations. Our implementation code is publicly available.1

This research aims to improve precipitation estimation from
dual-polarimetric radar data through the following contribu-
tions:

� Testing various symbolic regression models, from genetic
programming to deep learning-based methods, in order
to understand how symbolic regression could achieve
accurate and interpretable QPE.

� Studying whether improved mathematical equations
could be learned by subsetting the data prior to applying
symbolic regression, considering the complexity of the
physics of precipitation and various precipitation types.

� Studying how existing symbolic regression approaches
could be extended to embed domain knowledge and to
adapt to the complexity of precipitation.

The remainder of this report is organized as follows: Sec-
tion II provides a background of QPE and symbolic regression,
Section III covers related work, Section IV describes our
dataset, Section V covers our methodology for testing the
symbolic regression models, subsetting the data prior to apply-
ing symbolic regression, and applying knowledge-based loss
terms, Section VI covers the results, Section VII reviews the
equations produced by symbolic regression, and Section VIII
provides a conclusion of our research and an overview of
future work.

II. APPLICATION BACKGROUND

A. Quantitative Precipitation Estimation (QPE)

One method of measuring precipitation is through a network
of rain gauges, each of which collects rain at a specific time
and location. However, sampling errors, poor gauge placement,
wind, clogging of the gauge funnel, and other errors can cause
inaccurate precipitation measurements [6]. Another way of
measuring precipitation is through radar-derived QPE sources,
which provide wider coverage compared to rain gauges as
radar can sample large areas in a short amount of time [2].
In particular, polarimetric radars perform real-time and high-
resolution QPE the most efficiently [7].

In quantitative estimates of precipitation with radars, con-
ventional methods use a Z–R relationship to estimate rainfall
R (mm/hr) via reflectivity Z (mm6/m3), given by the equation
Z = aRb, where a and b are constants that vary by drop size
distribution and precipitation type [2], [8], and Z measures
the amount of energy reflected back to the radar after hitting
a raindrop [9]. However, the Z–R relationship fails to account
for nuances in rainfall by precipitation type, region, and season
[2].

Dual-polarization radars gather data from both the hori-
zontal and vertical polarizations, thus being able to better
reflect the size, shape, distribution, and phase state of rain-
drops compared to previous, single-polarization radars [2],
[9]. In addition to reflectivity, dual-polarization radars provide
differential reflectivity ZDR, specific differential phase KDP ,

1View our implementation code at https://github.com/big-data-lab-umbc/
big-data-reu/tree/main/2024-projects/team-1.

and co-polar correlation coefficient ρhv (also referred to as
CC) [9]. ZDR is impacted by the composition or density of
raindrops, helping differentiate water drops from ice pellets
and snow. As the ratio between reflectivity factors at horizontal
and vertical polarizations, ZDR is not impacted by calibration
errors, but may become biased with issues such as beam
blockage [9]. KDP , a derived variable that represents the
change in differential phase shift �DP , is useful for identifying
heavy precipitation and when hail is mixed with rain, but
KDP can be more noisy in light rain [9]. KDP , being im-
mune to radar calibration errors, attenuation, and partial beam
blockage, is a reliable factor for rainfall estimation [3]. The
relationship between KDP and rainfall has lower sensitivity to
variations in drop size distribution than the Z–R relationship
[2]. Moreover, as a measure of the variety of how particles
affect the radar signals, ρhv is close to 1.0 during uniform
rainfall and decreases with more variability in the types,
shapes, and orientations of particles. ρhv is independent of
particle concentrations and is immune to radar miscalibration,
attenuation, and beam blockage [9]. As such, dual-polarization
radar variables pose significant improvements for accurate
precipitation estimation.

B. Symbolic Regression

Symbolic regression (SR) is a machine learning technique
that finds an interpretable and best-fitting mathematical expres-
sion based on the data [4]. Popularity as well as advancements
in computing have redefined SR and led to the rapid growth of
related published papers in the past decade [10]. SR is usually
implemented by evolutionary algorithms, specifically genetic
programming, which constructs, compares, and combines dif-
ferent symbolic expressions to form a potential expression
while discarding poor-performing combinations [10].

However, SR also presents some limitations for quanti-
tative precipitation estimation. Symbolic regression methods
may generate simple to complex equations that disagree
with presently accepted knowledge regarding the relationships
between radar data and rainfall rate. This prompts further
research into the applicability and generalizability of symbolic
regression methods to complex datasets.

1) Genetic Programming Symbolic Regression Models: We
tested five genetic programming symbolic regression methods
(gpg, gplearn, PySR, Feyn, and pyoperon), each with unique
characteristics and approaches. Models such as gplearn [11]
and gpg [12], the latter of which is a re-implementation
of Gene-pool Optimal Mixing Evolutionary Algorithm (GP-
GOMEA) focusing on symbolic regression, generate random
sets of expressions and improve them to best fit the data using
genetic concepts such as evolution, crossover, mutation, and
population fitness. GP-GOMEA excels at generating simpler
symbolic expressions through estimating and crossing over
interdependencies between model components [12], [13]. In
contrast, the C++ framework Operon [14], which is imple-
mented in Python through pyoperon, focuses on execution
speed and local search with gradient-based optimization, but
tends to produce exceedingly complex models [15]. Packages



like PySR [16] have made modifications to classic evolutionary
algorithms and use a multi-population evolutionary algorithm
that optimizes unknown scalar constants in newly discovered
expressions. Similarly, Feyn [17] creates an evolutionary envi-
ronment to simulate discrete paths from multiple inputs to an
output, an idea inspired by Feynman’s path integral. Random
interactions are sampled onto paths, and with evolution and
repeated reinforcement, the best output is produced [17].

2) Deep Learning-Based and Other Symbolic Regression
Models: We tested three additional symbolic regression meth-
ods (DSO, FFX, and RILS-ROLS), each of which applies
different approaches to generate expressions learned from the
data. Deep Symbolic Optimization (DSO) [18] combines sym-
bolic regression with deep learning to leverage neural networks
and a novel risk-seeking policy gradient to generate better-
fitting expressions. Another method, Fast Function Extraction
(FFX) [19], uses pathwise regularized machine learning to
rapidly extract interpretable and simpler models. Moreover,
RILS-ROLS [20] is a symbolic regression method that is built
upon iterated local search and ordinary least squares to solve
combinatorial aspects and determine best-fitting coefficients
for equations, respectively.

III. RELATED WORK

Previous research has found that machine learning and
deep learning methods have resulted in improved QPE ac-
curacy compared to conventional Z–R relationships. Huangfu
et al. [21] found, in a study of twelve deep-learning-based
QPE models, rainfall estimates were more accurate when
distinguishing rainfall intensity using a KDP threshold and
when applying a self-defined loss function that gave varying
weights to different intervals of rainfall intensity. Using dual-
polarization radar variables as input data, Li et al. [22] and
Wang and Chen [23] have found that QPEs derived from
convolutional neural networks outperformed those derived
from conventional Z–R relationships. Shin et al. [24] found
that random forest and regression tree methods were also more
accurate at estimating precipitation than the Z–R relation-
ship. Moreover, Verdelho et al. [25] found that combining
classification and regression techniques (random forest and
gradient boosting) applied on dual-polarimetric radar variables
outperformed Z–R relationships. They found that the models
had varying accuracy across different rain intensity groups,
performing best on moderate rain [25].

Previous studies have explored the role of clustering the data
prior to applying symbolic regression. Sofos et al. [26] used k-
medoids and agglomerative hierarchical clustering to separate
a fluid simulation dataset into gas, liquid, and supercritical
states prior to applying symbolic regression with PySR on
each cluster. They found that clustering may reveal under-
lying nuances in the dataset for which symbolic regression
identifies specific equations [26]. Building upon previous
research, we test different symbolic regression methods and
evaluate whether separating the data into groups based on the
radar variables and rainfall intensity may reveal relationships

between rainfall observations that can strengthen estimation
accuracy.

IV. DATA

The source of dual-polarimetric radar data we used for this
research is the Weather Surveillance Radar, 1988 Doppler
(WSR-88D) [27], also referred to as Next Generation Weather
Radar (NEXRAD), operated across the United States by the
National Weather Service, the Federal Aviation Administra-
tion, and the U.S. Air Force. Our dataset consists of reflec-
tivity ZH (dBZ), differential reflectivity ZDR (dB), specific
differential phase KDP (deg/km), and co-polar correlation
coefficient ρhv , collected from the WSR-88D radars at Level-
II and a 0.5� elevation angle. We explore radar data from
South Florida, USA and Central Oklahoma, USA across three
dates with significant precipitation. The data for South Florida
are retrieved from the Miami KAMX WSR-88D radar and the
data for Central Oklahoma are retrieved from the Oklahoma
City KTLX WSR-88D radar.

The radar data are spatially and temporally merged with
the rainfall rate collected from rain gauge stations from the
Oklahoma Mesonet [28], [29] and the South Florida Water
Management District [30]. The rainfall rate is used as the
ground-truth target variable, where the units are in millimeters
accumulated within the past hour (mm/hr) of the recorded
time. We keep only observations where the rainfall rate is
equal to 1 mm/hr or greater due to data quality concerns with
trace amounts of rainfall. The range of rainfall rates are 1.010
mm/hr to 101.600 mm/hr, the median value is 5.334 mm/hr,
and the standard deviation is 11.82 mm/hr. The rainfall rate
has a right-skewed distribution with most observations close
to 1 mm/hr and few extreme values.

For Florida, we have data for every 15 minutes on April
12, 2023 (totalling 1,324 observations after cleaning the data),
and for Oklahoma, we have data for every 5–10 minutes on
July 9, 2023 and June 8, 2022 (totalling 1,406 observations
after cleaning the data). Fig. 1 shows an example of the
radar data from the Miami WSR-88D radar (KAMX) and the
Oklahoma City WSR-88D radar (KTLX) for rainfall events
on April 12, 2023 at 17:00 UTC and July 9, 2023 at 10:50
UTC, respectively, made using a radar colormap from Py-
ART [31]. Rain gauge stations providing the ground truth
data are displayed as black circular outlines. While the radar
data are available over the observed area of Central Oklahoma
and South Florida, the rain gauge data are only available at
specific stations. We use the merged radar and rain gauge data
located at these stations, which totals 2730 observations across
the three days, to train and validate the symbolic regression
methods.

V. METHODOLOGY

A. Benchmarking Procedure

The procedure used to apply symbolic regression to the
dual-polarimetric radar data was informed by SRBench [4],
a benchmark of 14 different methods on over 200 datasets.




