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Abstract—Radar constant miscalibration is one of the major
sources of uncertainty in the radar-derived rainfall products. The
traditional bias correction techniques often struggle to account
for the nonstationary and nonlinear nature of bias. This study
proposes a novel machine learning-based framework using the
extreme gradient boosting (XGBoost) algorithm to model reflec-
tivity bias as a function of ground radar (GR) and spaceborne
radar (SR) reflectivity differences, along with radar geometrical
parameters (range, azimuth, and elevation). Furthermore, a
strategy for near real-time bias correction is proposed based
on an ensemble approach that combines an offline-pretrained
model with an adaptive online learning component, incrementally
updating the output as new data becomes available. This allows
the model to adapt to evolving bias patterns over time. The results
indicate that the proposed technique consistently outperforms the
traditional iterative method. The results point toward its potential
in reducing bias in near real-time for improved quantitative
precipitation estimation (QPE) and other applications.

Index Terms—Calibration, ensemble method, extreme gradient
boosting (XGBoost), global precipitation measurement (GPM),
machine learning, spaceborne radar (SR), weather radar.

I. INTRODUCTION

POLARIMETRIC Doppler weather radars (DWRs) have
significantly enhanced precipitation measurements by

providing high-resolution observations with polarimetric vari-
ables that offer valuable insights into hydrometeor size, shape,
concentration, and phase. It offers unprecedented opportunities
across applications such as storm tracking, nowcasting, and
quantitative precipitation estimation (QPE). Accurate QPE can
aid improved numerical weather prediction (NWP) models as
well in disaster management and early warning [1]. However,
the quality of DWR observations significantly affects their
quantitative use in various applications [2].

There are various sources of uncertainties that affect the
DWR measurements, arising from rain microphysics as well as
from a system point of view. Ground clutter, like tall buildings
and mountains within the radar coverage, can significantly
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contaminate the received signal and become more pronounced
in cases of complex topography. Attenuation of the transmitted
signal is another factor contributing to the uncertainties in
radar-derived rainfall products. Typically, DWRs operating at
higher frequencies, such as X, C, and Ka bands, experience
more pronounced attenuation effects. While polarimetric radar
provides improvement in radar QPE, given the large number
of single-polarized radars, the role of the calibration constant
remains a major factor influencing the accuracy of radar-
derived products. Houze et al. [3] reported that even a 2-dB
calibration offset could lead to a 30% error in monthly rainfall
estimates.

Typically, radar operators calibrate the radar using tar-
gets of known reflectance, like metallic spheres. However,
these approaches are labor- and time-intensive, which limits
their usage and often prevents them from being performed
regularly. Advancements in spaceborne precipitation radars
provide a cost-efficient opportunity to evaluate and calibrate
DWR systems independently. These spaceborne systems are
constantly monitored, having extensive internal and external
calibration procedures with the errors in reflectivity ranging
below 1 dBZ [4]. Several previous studies have focused on val-
idating and calibrating ground radars (GR) using spaceborne
radar (SR) observations, particularly with the dual-frequency
precipitation radar (DPR) onboard the global precipitation
measurement (GPM) mission [5].

The traditional bias correction procedures are based on
least-squares techniques and iterative methods, which typically
assume stationarity and linear bias characteristics. In practice,
radar calibration biases could be nonlinear in nature and
nonstationary over time due to hardware aging, maintenance
activity, and operational changes. This makes conventional
approaches inadequate for robust long-term calibration.

To overcome these challenges, a novel machine learning-
based calibration framework is proposed using the extreme
gradient boosting (XGBoost) algorithm that accounts for non-
linear and nonstationary biases in GR. Apart from GR–SR
reflectivity differences, radar geometrical parameters (range,
azimuth, and elevation) are also considered as input features,
enabling the algorithm to capture spatial heterogeneity to
account for GR–SR volume mismatch. Furthermore, a strategy
is proposed based on an ensemble approach that combines an
offline pretrained model and an online model to dynamically
correct the bias for near real-time applications.

II. DATASETS

A. Doppler Weather Radar

To evaluate the proposed methodology, the observa-
tions from the C-band (5.6–5.65 GHz) DWR located at
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the Thumba Equatorial Rocket Launching Station (TERLS;
8.53◦N, 76.86◦E) in Thiruvananthapuram, India, are used. The
details of the radar system and its initial validation results can
be found in [8].

The DWR dataset covers the period 2017–2024, and the
data availability across this period is summarized in Table I
(Supplementary Material). Specifically, radar data were
unavailable for September and November 2020 and July
2021, while all other months contained sufficient data. All
available Level-2 (L2A) plan position indicator (PPI) scans
are used in the study obtained from the Meteorological and
Oceanographic Satellite Data Archival Centre (MOSDAC,
https://www.mosdac.gov.in).

B. GPM Dual-Frequency Precipitation Radar

The data from the GPM-DPR, operating at the Ka-band
(35.5 GHz) and Ku-band (13.6 GHz), is used in the
present study. It has a swath of 120 km with a hor-
izontal resolution of 5 km and a vertical resolution of
125 m. The data is obtained from NASA’s Earthdata portal
(https://www.earthdata.nasa.gov/).

III. METHODOLOGY

A. Problem Formulation

The primary objective is to model and correct the bias
between GR (ZGR) and SR reflectivity (ZSR). One of the major
sources of the difference is the drifting of the radar constant,
C, along with factors like the alignment geometry and spa-
tiotemporal mismatch. The overall bias can be expressed as

B = Cdrift + ε (1)

where Cdrift denotes the drift of the radar constant and ε is the
contribution from other random or unmodeled factors.

Warren et al. [6] demonstrated that the volume matching
method (VMM) results combined with the radar maintenance
logs can be useful to identify potential variations in GR
calibration offsets. However, in the absence of any mainte-
nance logs, it is practically challenging to model the effect of
GR calibration offset arising solely from radar constant drift.
Thus, the bias is modeled as integrated bias by constructing a
mapping function that estimates the overall bias B as a function
of relevant predictors and framed as a supervised regression
problem

min
f∈F
E

�
(b − f (x))2�

, s.t. f ∈ FXGB (2)

where FXGB represents the hypothesis space, b is the difference
of GR and SR (ZGR − ZSR), and f (x) is the function to model
the bias.

B. Preprocessing of GR and SR Data

The reading and preprocessing of raw GR data is performed
using an in-house developed open-source Python library,
Python Indian weather radar (PYIWR) toolkit [9] available
at https://github.com/nitigsingh/pyiwr. The radar is located in
the complex topography of the Western Ghats (high mountain
ranges), resulting in significant contamination of reflectivity
echoes due to ground clutter. To address this, a clutter cor-
rection algorithm proposed by Tyagi and Das [10] has been

applied. It eliminates persistent ground clutter using a clutter
map based on long-term observations along with a spatial
filter based on horizontal variation of reflectivity, as shown
in Fig. S1.

Furthermore, since both the instruments have different
operating frequencies, the SR Ku-band reflectivity values are
converted to GR C-band reflectivity using the procedure as
outlined by Sharma and Kannan [11] based on empirical
relations [12].

C. GR–SR Volume Matching

To quantitatively compare the GR and SR observations, the
difference in the geometry and sampling technique of the two
instruments needs to be considered. The VMM, as proposed
by Schwaller and Morris [7], is used to collocate GR and
SR observations. To enable reliable comparisons, a temporal
tolerance of 5 min is considered. The collocated dataset
is further filtered by considering quality rainy observations
with successful bright band detection and by excluding the
observations within the melting layer to avoid contamination
from mixed-phase conditions [6].

D. Proposed Bias Correction Technique

To correct the GR bias using SR as a reference, a supervised
bias correction framework is proposed to model the bias as a
function of GR–SR reflectivity differences and radar geomet-
rical parameters (range, azimuth, and elevation). The inclusion
of these parameters enables the model to account for bias
arising due to GR–SR volume mismatch, sampling effects, and
spatial variability. The feature set is limited to radar-derived
quantities to maintain a self-constrained framework that
relies solely on DWR-based information. To model the bias,
the XGBoost algorithm [13] is employed, due to its robustness
to multicollinearity, ability to capture nonlinear dependencies,
and computational efficiency. XGBoost has been widely shown
to outperform other ensemble and deep learning methods for
tabular data [15], making it well-suited for the present bias
correction problem. Moreover, a comparative analysis for the
year 2024 also reveals the superior performance of XGBoost,
achieving the lowest root-mean-squared error (RMSE)
(2.47 dBZ), mean absolute error (MAE) (1.64 dBZ), and high-
est correlation coefficient (CC) (0.89), outperforming random
forest (RMSE: 2.64 dBZ, MAE: 1.75 dBZ, and CC: 0.87) and
ridge regression (RMSE: 4.64 dBZ, MAE: 3.15 dBZ, and CC:
0.60). Before training the XGBoost model, hyperparameters
such as the number of estimators, maximum tree depth, and
learning rate are optimized using the RandomizedSearchCV
function in scikit-learn. The model is trained and evaluated
using a tenfold cross-validation strategy, ensuring a robust and
unbiased estimate of model performance. The detailed flow of
the process is illustrated in Fig. 1.

E. Real-Time Bias Correction Strategy

The proposed framework employs an ensemble bias cor-
rection approach that combines a pretrained model with an
online model for real-time bias correction. The optimization
is carried out globally, and a temporal validation strategy
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Fig. 1. Flowchart illustrating the proposed online learning bias correction
framework. The diagram outlines the preprocessing, model training, and
correction steps.

is adopted, wherein the model is trained on earlier years
and tested on subsequent years to emulate real-time bias
correction. The pretrained model, trained on historical data,
serves as the baseline correction. In parallel, an online model
is continuously updated and trained using a fixed N samples, in
which new samples (n) are sequentially injected as and when
available.

The ensemble model output is calculated as a weighted
sum of the pretrained and online model outputs. The weights
are adaptively optimized during the online learning phase by
minimizing the mean squared error of the ensemble output.
This adaptive weighting ensures that the ensemble places
greater reliance on the pretrained model when recent data is
limited or sparse, and gradually shifts toward the online model
as new data becomes available.

IV. RESULTS

A. Interannual Variability in Bias

The GR–SR volume matching is performed on the data from
2017 to 2024, resulting in a total of 25 645 samples. Based on
this dataset, the interannual variability in the bias is analyzed
first. Fig. 2 shows the annual variation of mean bias (MB)
with the black curve and the number of samples in each year
as blue bars. It is clear that MB, before correction, reveals
significant interannual variability between 2017 and 2024.
In 2017, the MB was relatively low (∼−3 dBZ) and gradually
increased in magnitude, reaching a maximum value of nearly
−11 dBZ in 2020. The year 2022 exhibits a different trend
with an MB of around (∼−5.3 dBZ). To investigate this, the
number of samples across each year is examined, as shown in
Fig. 2. The year 2022 had a very limited sample (437), which
could be the possible reason for this different trend.

The observed interannual variability suggests that the
GR–SR bias is not temporally stationary. The potential contrib-
utors to this variability include gradual radar miscalibration,

Fig. 2. (Left) Yearly variation of MB before correction (black stars, y-axis)
and the (right) corresponding number of samples (blue bars, y-axis).

Fig. 3. Scatterplots of radar reflectivity and violin distributions of bias
for each year. (Left) Each subplot shows scatterplots of spaceborne radar
(SR) reflectivity against GR reflectivity before (blue) and after (green) bias
correction, with the 1:1 reference line indicated. (Right) Each subplot shows
violin plots of the corresponding bias distributions.

lack of calibration activities, and hardware aging. This empha-
sizes the need for periodic bias assessment to maintain
consistency across the time series.

B. Bias Correction

The collocated data is segregated based on year, and the
model training is performed for individual years. Fig. 3 shows
the scatter plot of GR and SR reflectivity before (blue) and
after (green) correction, along with the probability distribu-
tions of the bias. The scatter plots and bias distributions clearly
demonstrate the effectiveness of the proposed bias correction
method across different years. Before correction, GR reflectiv-
ity is generally negatively biased relative to SR, as evidenced
by the systematic offset from the 1:1 reference line. After the
correction, the GR reflectivity values significantly improved
with green scatter points lying mostly around the 1:1 line.
The violin plots further illustrate that the bias distributions are
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TABLE I
YEARLY STATISTICS: CC, MB, MAE, AND RMSE BEFORE AND AFTER CORRECTION (ITERATIVE AND XGBOOST METHODS)

broad and skewed before correction and become significantly
narrower afterward, with their MB close to zero. This indicates
that the proposed correction schemes reduce the MB and also
improve the consistency between GR and SR.

Table I presents the yearly performance metrics (CC, MB,
MAE, and RMSE) before and after correction, along with
results from a widely used iterative correction method for
comparison [6]. Uncertainties for all metrics are reported as
95% confidence intervals computed across ten cross-validation
folds of the training data. A p-value for all metrics was found
to be less than 0.05 using a paired t-test, confirming that
the improvements are statistically significant. Before correc-
tion, the GR–SR comparison shows weak correlations (often
<0.5 and even negative for the year 2021), large negative
MB (ranging from −3 dBZ in 2017 to around −11 dBZ in
2020), and high MAE and RMSE values. This indicates a
substantial underestimation of GR reflectivity relative to SR
measurements and poor consistency between the two. After
correction, the CCs increase substantially (>0.82, reaching up
to 0.93 in 2021), MB is effectively removed (values close to
zero), and MAE values are below 2.1 dBZ. A significant drop
in RMSE values is also observed.

As shown in Table I, while the iterative method does reduce
absolute MB, the CCs remain unchanged and are very low. The
MAE and RMSE are also considerably high. This indicates
that the iterative method is less effective in capturing bias
between SR and GR reflectivity. In contrast, the proposed
technique consistently achieves superior performance across
all years. The proposed technique significantly reduces the
spatial bias variability (Fig. S2). Although yearly results
appear consistently high, they may reflect overfitting to year-
specific patterns, thereby motivating the development of an
online–offline strategy to improve robustness and cross-year
generalization.

C. Sensitivity Analysis

While the proposed technique shows promising results,
its sensitivity to input data must be considered for broader
applicability and generalizability. A sensitivity analysis is
performed using data from 2024, which comprises a total of
5832 samples. The model is trained by varying the size of the
input data, and the corresponding MB and MAE are evaluated
(Fig. 4). The sensitivity analysis reveals that the performance
of the technique is sensitive to the number of input samples.
At very low sample sizes, both the MB and MAE exhibit fluc-
tuations, reflecting unstable correction behavior. As the sample
size increases, the MB converges toward zero, and the MAE

Fig. 4. Variation of MB (black curve) and MAE (red curve) with different
input data size.

decreases significantly. After approximately 1000 samples, the
MB converges slowly to zero, and the MAE is also below
2 dBZ.

D. Implementation Strategy for Real-Time Bias Correction
The sensitivity study indicates the potential for implement-

ing the proposed technique for real-time correction. For this,
an online-learning framework is used and tested for the year
2023. The online learning began by initializing the model with
2000 matched samples (N), and a rolling window is considered
to inject the new incoming data (n = 500 samples) as and
when available. After each iteration, the model is evaluated
on the next 1000-sample test chunk. This approach allows
a new model to be retrained periodically, incorporating new
observations to refine its performance. The ensemble of online
learning model output and the pretrained model (trained using
data from 2017 to 2022, around 15 197 samples in this case)
is calculated using the weighted average of these two models.

The performance of the ensemble model and the pretrained-
only model is compared in Fig. 5. The figure presents the
MB (plain bars), MAE (dotted bars), and RMSE (hashed bars)
for the raw (blue), pretrained (orange), and ensemble (green)
models across successive iterations. The results demonstrate
that the ensemble model, considering both pretrained offline
and online models, progressively adapts to changes in data
over time, with a significant reduction in all metrics after
the injection of the new data, as shown by the green bars.
This suggests the suitability of the framework for real-time
bias correction with the availability of new incoming data.

V. DISCUSSION AND CONCLUSION

Several studies worldwide have focused on calibrating and
evaluating the performance of GR networks [5], [6], [7]. The
present study proposes a machine learning-based framework
for correcting biases in GR data in near real-time using
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Fig. 5. Comparison of the MB in dBZ with the pretrained model (orange
bars) and ensembled model (green bars) over successive iterations. The raw
MB before any correction is shown with blue bars. The x-axis represents the
start and end times of the test data period.

well-calibrated SR reflectivity data as a reference. The initial
assessment of bias in the TERLS C-band GR before correction
reveals significant variability in the MB. The bias is minimal
in 2017 but increases in magnitude in the subsequent years,
exhibiting notable interannual variability. While infrequent
calibration activities may contribute to the drift in calibration
offset, years with limited sample availability could also affect
the robustness of the estimated bias.

The proposed technique demonstrated substantial improve-
ments in error metrics by reducing the MB, RMSE, and MAE,
while improving CCs between GR and SR reflectivity. After
applying the proposed technique, the CC improved signifi-
cantly from an average of 0.23 to 0.88 (across all years). The
bias before correction exhibits a broad distribution, suggesting
the nonlinear characteristics of the same. The application
of a uniform bias is thus ineffective, as also observed in
Table I, by the poor performance of the iterative method.
While the iterative approach applies a uniform adjustment
based on the estimated bias, the proposed machine learning
framework can learn the underlying bias patterns and apply
the nonlinear corrections. Thus, the proposed technique out-
performs the iterative correction method. Similar observations
are also reported by several other researchers for diverse bias
correction applications [14]. The proposed approach achieves
a postcorrection CC of 0.88, compared with the value of
0.79 as reported by [11] for their CNN-based bias-correction
framework for Delhi DWR.

The study also proposes a real-time bias correction strat-
egy using a historical pretrained model (offline model) and
online learning based on new incoming SR observations
(online model) to continuously improve the model perfor-
mance, significantly reducing the MB as new observations
are incrementally injected. This highlights the framework’s
robustness and suitability for real-time bias correction in
operational settings.

In the present study, the framework is demonstrated using
a single C-band radar; however, it can be applied to other

ground-based radars through site-specific retraining to account
for differences in radar characteristics and climatological
regimes. The effectiveness of the approach depends on the
availability and quality of SR reference data, appropriate
tuning for geographic location, and operational factors
such as real-time data latency. Future work could explore
the incorporation of polarimetric radar parameters and
physics-based modeling approaches.
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