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ABSTRACT: Merging multisource precipitation data based on deep learning models to create an accurate rainfall dataset
has received significant interest in recent years. This article proposes a deep learning model to produce a high-accuracy,
near-real-time precipitation product for the north-central region of Vietnam during the period 2019–23, with a spatial resolution
of 0.048 and a temporal resolution of 1 h. The input multisource data including near-real-time satellite-derived precipitation
products [PERSIANN-CCS, Global Satellite Mapping of Precipitation Near–Real Time (GSMaP-NRT), and IMERG-Early
Run], radar precipitation, and gauge observations and spatial features neighbor estimation (NE) and precipitation occurrence
probability (POP) are merged by a multiscale convolutional neural network (CNN)–based model with focal loss function and
mean-square-error loss function for classification and regression tasks, respectively. Extensive experiments demonstrate that
the proposed precipitation product outperforms all the input precipitation products and the post-real-time global precipitation
products including GSMaP-moving vector with Kalman filter (MVK)-Gauge and IMERG-Final Run. It achieves classification
metrics with a critical success index (CSI) of 0.65 and a BIAS of 1.03, with improvements from 31.58% to 54.8% in CSI and
from 17.47% to 105.82% in BIAS, compared to radar, GSMaP-MVK-Gauge, and IMERG-Final Run products. For regression
metrics, it achieves an RMSE of 3.34 mm h21, and a modified Kling–Gupta efficiency (mKGE) of 0.70, with improvements
from 10.18% to 100% in RMSE and from 15.71% to 71.43% in mKGE over the same reference products. These results indi-
cate that the merged product has a greater capability to detect rainfall events and significantly better overall performance, with
lower systematic and random errors compared to the same reference products. Moreover, the proposed method outperforms
the other methods, including random forest, long short-term memory, and the original multiscale CNN.

SIGNIFICANCE STATEMENT: We propose a high-accuracy hourly precipitation estimation method by merging
multisource near-real-time precipitation products and testing on a dataset from 2019 to 2023 in the north-central region
of Vietnam. The merged product has demonstrated its superiority over input products, the post-real-time global prod-
ucts, and other baseline models’ results. This study paves the way for merging precipitation products, especially through
the use of a multiscale convolutional neural network (CNN) model enhanced with focal loss and spatial input features
from rain gauge observation. Moreover, our work is necessary since the study area is often heavily affected by floods
under increasingly complicated conditions.

KEYWORDS: Algorithms; Data processing/distribution; Databases; Remote sensing; Neural networks;
Regression analysis

1. Introduction

Precipitation is of utmost importance in different aspects of
life as it plays a crucial role in the global water cycle as well as
human life (Kidd and Huffman 2011). Accurate precipitation
estimation is crucial for monitoring and effectively using this re-
source. To address this challenge, merging various precipitation
data sources has gained significant attention. These sources typ-
ically include rain gauges, weather radars, and satellites. By
merging them, the accuracy of ground-based measurements is
combined with the broad coverage of radars and satellites,

resulting in a higher-resolution precipitation product with
improved accuracy compared to the individual sources. In
addition to the three main sources, auxiliary data such as
meteorological characteristics, topography, and reanalysis
atmospheric data are also utilized to enhance the accuracy of
the final merged precipitation product (Assiri and Qureshi
2022; Baez-Villanueva et al. 2020; Zhang et al. 2011).

Various methods have been proposed to address this merg-
ing issue. These methods can be categorized into two main
groups: traditional approaches involving interpolation and sta-
tistical techniques and modern ones applying machine learning
techniques. The former usually establishes a linear relationship
between the merging inputs and the integrated precipitation
product (Mastrantonas et al. 2019; Shen et al. 2014), which mayCorresponding author: An Hung Nguyen, hungan@lqdtu.edu.vn
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limit the ability to identify and estimate rainfall of the merged
output accurately (Baez-Villanueva et al. 2020). Besides linear
averaging, interpolation techniques often assume dependence of
the error variance on precipitation intensity, a nonlinear correla-
tion between the dependent variable, normal (Gaussian) distri-
bution of precipitation, etc., which may not hold true in reality
(Zhang et al. 2021). The latter using machine learning approach
is becoming increasingly popular in this issue (Fang et al. 2023;
Lei et al. 2022), because of its capability to process various types
of data, especially multidimensional data, and capture complex
nonlinear relationships from input data. Regarding the tradi-
tional machine learning techniques, Assiri and Qureshi (2022)
used random forest (RF) to merge satellite retrievals, rain gauge
data, and surface parameters in Saudi Arabia. Wehbe et al.
(2020) combined the IMERGV06B precipitation product, radar
precipitation data, and rain gauge observations using artificial
neural networks (ANNs) in a hyperarid region of the United
Arab Emirates. Zhang et al. (2021) proposed a double machine
learning (DML) approach for integrating multisource precipita-
tion products, combining RF for classification with various ma-
chine learning algorithms}including RF, ANN, support vector
machine, and extreme learning machine}for regression.

Besides, deep learning methods have been widely used due
to their more powerful ability to automatically capture spatial
and temporal patterns hidden in the data (Tang et al. 2021).
Shen et al. (2022) utilized long short-term memory (LSTM) to
merge four satellite precipitation products with ground-based
measurements over the Han River basin of China from 2007 to
2018. Lyu and Yong (2024) merged multiple precipitation prod-
ucts over the Tibetan Plateau using two models: extreme gradi-
ent boosting (XGBoost) for the classification task and LSTM
for the regression task. Nan et al. (2023) used a convolutional
neural network (CNN) model to merge multisource precipita-
tion (i.e., gauged, gridded, satellite-derived, and dynamic down-
scaling products) over the Tibetan Plateau. The CNN achieved
better performance than the ANN and the statistical extended
triple collocation (ETC) method. To leverage the advantages of
CNN with LSTM, Fang et al. (2023) proposed a convolutional
LSTM (ConvLSTM) model with an attention mechanism to
merge various precipitation sources, including ground observa-
tions, IMERG, Climate Hazards Infrared Precipitation with
Stations (CHIRPS), ERA5 data, normalized difference vegeta-
tion index (NDVI), DEM, and streamflow series of five hydro-
logical stations from 2011 to 2020 over the Yalong River of the
Tibetan Plateau. Compared to the original precipitation prod-
ucts, the ConvLSTM model achieved higher accuracy [0.853 in
correlation coefficient (CC) and 3.53 mm day21 in root-mean-
square error (RMSE)]. Although ConvLSTM utilizes both
spatial and temporal factors, its ability to exploit spatial in-
formation is not as effective as that of CNN-based architec-
ture (Sadeghi et al. 2020).

In the process of merging precipitation products, spatial fac-
tors are often considered more important than temporal ones
due to their critical role in capturing the distribution and spatial
variation of precipitation. Moraux et al. (2021) proposed a mul-
tiscale CNN architecture to merge rain gauge observations, pre-
cipitation radar, and thermal satellite infrared radiometer
observations over Belgium, the Netherlands, and Germany for

the period 2015–19. This model achieved good performance
with a critical success index (CSI) of 0.629, a CC of 0.688, and
an RMSE of 1.488 mm h21. Given the high variability of terrain
and climate in the north-central region of Vietnam, the multi-
scale CNN approach could be a viable solution for merging
rainfall products in this area.

In recent years, Vietnam has witnessed several extreme
weather events, such as storms, floods, and droughts, which
heavily affect agricultural production efficiency (Do et al.
2021). Therefore, accurate weather forecasting, particularly in
estimating and predicting precipitation, is undoubtedly neces-
sary for natural disaster precautions and management. Studies
on the precipitation for the Vietnam region have so far mainly
concentrated on evaluating and correcting precipitation prod-
ucts (Ngo-Duc et al. 2013; Thanh 2019; Trinh-Tuan et al. 2019;
Kimpara et al. 2023; Tran et al. 2023; Roversi et al. 2024). De-
spite certain contributions, these studies have not yet exploited
the advantages of merging multisource precipitation products.

In this research, we proposed a multiscale CNN-based model
enhanced with additional spatial features to merge hourly mul-
tisource precipitation data, including gauge observations, radar
precipitation, and three widely used near-real-time satellite pre-
cipitation products [Precipitation Estimation from Remotely
Sensed Information Using Artificial Neural Networks–Cloud
Classification System (PERSIANN-CCS), Global Satellite
Mapping of Precipitation Near–Real Time (GSMaP-NRT),
and IMERG-Early Run] over the north-central region of
Vietnam in the period of 2019–23. The final purpose is to
create a near-real-time precipitation product with high accu-
racy, comparable to post-real-time precipitation products.
The idea behind this proposal is to employ a multiscale
CNN (M-CNN) architecture suggested by Moraux et al. (2021)
due to its strong spatial feature extraction capabilities. How-
ever, this algorithm might be ineffective for point data such as
rain gauge observations and imbalanced datasets. Therefore, to
address this limitation, we exploit the focal loss function and en-
hance the spatial characteristics of rain gauge data by leveraging
information from the surrounding areas of rain gauge stations
rather than solely relying on point data at the gauge stations.
Hence, the proposed model is a deployment of the modified
M-CNN model with the additional precipitation spatial features
from rain gauge data (hereafter referred to as PSM-CNN). Ex-
perimental results demonstrate that PSM-CNN can significantly
improve accuracy in comparison with satellite and radar precipi-
tation products and outperform other techniques.

The next sections of this paper are organized as follows.
Section 2 introduces the study area and the data used. The
methodology is presented in section 3, while the experimental re-
sults and further analysis are shown and discussed in sections 4
and 5, respectively. Finally, section 6 draws significant conclu-
sions and future work.

2. Study area and data

a. Study area

The north-central region, including three provinces: Thanh
Hóa, Nghe An, Hà Tı̃nh, and its neighboring provinces in
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Vietnam, was selected as the study region. As illustrated in
Fig. 1, the topography of the north-central region is fairly
complex, with several mountains and rivers overlooking the
sea. Due to the diverse topography with steep mountains and
fast-flowing rivers, natural disasters, especially floods, are
likely to have a severe impact on production activities and
community life in the north-central region (Vu and Ranzi
2017). This area has a tropical-monsoon climate, with two distinct
seasons, dry season and rainy season. The rainy season, account-
ing for 68%–75% of annual rainfall, often causes severe flooding
and significant damage to production, property, people, and the
environment (Casse et al. 2015). As a result, the process of gather-
ing and measuring rainfall in this region is impeded.

b. Data

1) GAUGE OBSERVATIONS

Gauge precipitation data used in this study are collected
from 726 automatic weather stations in the north-central region
for the period 2019–23. The rain gauges measure precipitation
accumulation every 10 min, from which we aggregated hourly
precipitation observations. The data are provided by the
National Centre for Hydro-Meteorological Network (NCN)
under the Vietnam Meteorological and Hydrological Ad-
ministration (VNMHA), suitable for various fields of scien-
tific research and in practical life.

2) WEATHER RADAR PRECIPITATION

The radar precipitation product used in this study has a tem-
poral resolution of 1 h and a spatial resolution of 0.018. It was
developed and provided by NCN, VNMHA. The input data of
the radar precipitation calculation method applied by NCN
are the 2-km pseudoconstant altitude plan position indicator
(PCAPPI) data extracted from quality-controlled reflectivity
intensity of 10 radars in Vietnam every 10 min. Depending on
the scanning strategy, the 2-km PCAPPI data are generated
by combining reflectivity data of the 3–5 lowest elevation
angles of each radar in general. The 2-km PCAPPI data are then
converted into rain rate through theMarshall–Palmer relationship.

Moreover, radar precipitation was calibrated using rain gauge
data (Kimpara et al. 2020; Makihara 1996).

3) SATELLITE-DERIVED PRECIPITATION PRODUCTS

PERSIANN-CCS was developed by the Center for
Hydrometeorology and Remote Sensing (CHRS) at the
University of California, Irvine (UCI). Its algorithm exploits
the relationship between geostationary infrared brightness
temperature images and rainfall rates (Hong et al. 2004; Hsu
et al. 2013). The product is provided with a spatial resolution
of 0.048, a temporal resolution of 1 h, and a data latency of 1 h.

GSMaP is a high-resolution global precipitation product devel-
oped by the Japan Science and Technology Agency (JST) and the
Japan Aerospace Exploration Agency (JAXA). The product uses
precipitation retrieval algorithms based on physical models, com-
bining passive microwave data from low-Earth-orbiting (LEO) sat-
ellites and infrared data from geostationary satellites (Okamoto
et al. 2008). GSMaP has several products to suit different user re-
quirements and research purposes. In this study, the product
GSMaP-NRT version 8 with a spatial resolution of 0.18, a temporal
resolution of 1 h, and a data latency of 4 h is selected for integra-
tion, while the product GSMaP-moving vector with Kalman filter
(MVK)-Gauge version 7, with a data latency of 3 days is selected
to use for performance comparison with the merged product.

Integrated Multi-satellitE Retrievals for Global Precipitation
Measurement (GPM) (IMERG) is a level-3 precipitation prod-
uct of GPM, operated based on the collaboration between the
National Aeronautics and Space Administration (NASA) and
JAXA. IMERG uses various algorithms to estimate precipita-
tion from GPM microwave sensors, geostationary satellite in-
frared sensors, and rain gauge observations (Huffman et al.
2023, 2020). The IMERG-Early Run (IMERG-E) version 6
product, with a spatial resolution of 0.18, a temporal resolution
of 30 min, and a data latency of 4 h, was used in this study for
integration, while the IMERG-Final Run (IMERG-F) version
7 product, calibrated with gauge data, has a 0.18 spatial resolu-
tion, 30-min temporal resolution, and 3.5-month data latency
and was used for performance comparison with the merged
product.

FIG. 1. Topography over the north-central region of Vietnam.
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3. Methodology

The workflow of the study is illustrated in Fig. 2. First, pre-
processing is applied on all datasets. After that, they are
merged into samples and then divided into four distinct sets for
model training and evaluation. Along with general, sea-
sonal, and location-based evaluations of the proposed PSM-
CNN, it is also compared with other algorithms such as RF,
LSTM, and the original M-CNN. Besides investigating the
impacts of the additional input spatial features and the loss
function, the feature importance analysis and window pa-
rameter selection are conducted to provide insights into the
PSM-CNN.

a. Data preprocessing

The rain gauge precipitation data are qualified by applying
gross check, temporal check, and spatial check (Shafer et al.
2000). The gross check ensures that each rainfall observation
data are not less than 0 and not greater than a maximum ac-
ceptable value determined by Vietnam’s natural conditions
standards used in construction for average maximum rainfall
in a 60-min period by province. The temporal check compares
the variation between consecutive observations to detect out-
liers. Meanwhile, the spatial test compares gauge observations

with the estimated values from neighboring gauges to find
outliers.

In addition, inspired by Zhang et al. (2021), the study also
defines two complementary spatial features generated from
gauge data to show the correlation between the data point
and the surrounding stations. The two characteristics are cal-
culated as follows:

NE 5

∑
N

i51
riPi

∑
N

i51
ri

, ri 5
1
d2i

, (1)

POP 5

∑
N

i51
riPOi

∑
N

i51
ri

, ri 5
1
d2i

, POi 5
0 Pi 5 0

1 Pi . 0
,

{
(2)

where neighbor estimation (NE) is calculated based on the
rainfall measured from neighboring gauges and precipitation
occurrence probability (POP) represents the probability of rain
occurrence based on neighboring gauges (Thornton et al. 1997);
di is the distance to the ith neighboring gauge; and Pi is the rain-
fall recorded at the ith neighboring measuring station, while

FIG. 2. Workflow of the study.
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POi is a binary variable representing rain occurrence at the ith
neighboring station.

Radar and satellite precipitation products need to be re-
sampled to the same resolution with a 0.048 spatial resolution
and an hourly time scale. In this study, the nearest neighbor
method was used for resampling satellite data, and the aver-
age method was used for radar data. Since IMERG data have
a 30-min temporal resolution, hourly precipitation data were
obtained by accumulation.

b. Data merging

Model input is constructed as image patches of a 24 3 24
window, corresponding to a range of about 96 km 3 96 km
around the target station of the sample. Figure 3 illustrates an
example of the process of clipping input image datasets into
3 3 3 patches. In addition, with respect to model training
and evaluation, the measured rainfall from the target gauge
of a patch will not be used to calculate NE and POP on this
patch. The datasets are combined as a six-channel image in-
put, including radar precipitation, satellite precipitation prod-
ucts (PERSIANN-CCS, GSMaP-NRT, and IMERG-E), and
gauge-related features (NE and POP). For each sample, a
gauge record is selected as the target.

c. Convolutional neural network

1) MODEL STRUCTURE

The model used in this study, simply referred to as PSM-
CNN, can be divided into three main parts: the encoder, the
decoder, and two subnetworks that perform two separate
tasks, calculating precipitation probability and estimating rain-
rate value.

The overall architecture of the model is illustrated in Fig. 4.
First, the encoder gradually reduces the resolution of the fea-
ture map, allowing the filters to cover a larger spatial extent.
Specifically, the input goes through two convolutional filters,
each comprised of a 3 3 3 kernel filter, a batch normalization,
and a rectified linear unit (ReLU) activation function. Then,
the maximum pooling layer is applied to halve the size of the
feature map. After two downscaling times, the typical 3 3 3
convolution layer is replaced by the inception module (Szegedy
et al. 2015) to boost the ability of multiscale feature extraction.
In this study, the inception layer architecture is optimized ac-
cording to Szegedy et al. (2016) to reduce the computational
cost of the model. After the third maximum pooling layer, the
decoder progressively restores the resolution of the feature map
following the same process as the encoder with the maximum
pooling layer replaced by the bilinear upsampling. Simultaneously,

FIG. 3. An example of input cropping process. (a) Initial data; (b) data after cropping images around the station.

FIG. 4. Model structure.
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the corresponding output from the encoder, passed through
the residual layer (He et al. 2016), is combined with the fea-
ture map at the decoder. After undergoing three upsampling
times, the feature map is restored to its original resolution.

Finally, at the end of the decoder, the feature map is passed
through two different subnetworks, each consisting of a 3 3 3
convolutional layer, followed by a 1 3 1 convolutional layer.
The sigmoid activation function is applied to the rain probabil-
ity subnetwork. Instead of training two different models for
each task, the study trains a multitask model to generate classi-
fication and regression results simultaneously. Besides saving
training time, individual task performance can be improved
compared to using single-task models (Kendall et al. 2018).

2) LOSS FUNCTION

In the study, mean-square-error loss is used to optimize the
precipitation rate estimation branch, and focal loss (Lin et al.
2017) is applied to optimize the binary classification branch.
Focal loss is an extension of cross-entropy loss, specialized for
imbalanced data. Therefore, this loss function is selected for
the precipitation classification task with norain data being the
majority. Focal loss is defined as follows:

Lf (t) 52at(1 2 pt)glog(pt), (3)

where

pt 5
p, y 5 1
1 2 p, otherwise

,
{

at 5
a y 5 1
1 2 a otherwise

,
{

y 2 {0, 1} specifies the data label; p 2 [0, 1] is the model’s esti-
mated rain probability (y 5 1); a is the weighting factor; and g

is the focusing parameter.
The optimization is performed on the central pixel of the

patch, corresponding to the target gauge location. In addition,
for the regression branch, the loss is calculated on positive sam-
ples with precipitation events recorded. The study applies the
method proposed by Kendall et al. (2018) that considers task-
specific uncertainty to combine different loss functions:

L 5
1
s2

f

Lf 1
1

2s 2
mse

Lmse 1 logs f 1 logsmse, (4)

The parameters sf and smse are trainable and automatically
optimized during model training by backpropagation.

In comparison with the original M-CNN proposed by Moraux
et al. (2021), PSM-CNN has the same model structure but uses a
different loss function. The focal loss is exploited instead of the
binary cross-entropy loss for the classification task.

d. Experimental design

In this study, numerous experiments are conducted to vali-
date the performance of the PSM-CNN model. The train da-
taset was collected from 518 gauges, while the validation
dataset was collected from 70 gauges during the period from
2019 to 2022. The test dataset was collected in 2023 and

separated into two datasets: the temporal independent (TI) test
and the spatial and TI (STI) test. The former collected from all
588 rain gauges, representative of locations at trained and vali-
dated stations, is used only for comparing the methods in sec-
tion 4e. Meanwhile, the latter, collected from 138 rain gauges
(19% of the total number of stations) and representative of lo-
cations without stations, was used as reference data in sections
4b–4e to comprehensively evaluate the performance of the pro-
posed method, other methods, and the investigated rainfall
products. It should be noted that these 138 gauges are not part
of the 588 gauges used for training and validation and were not
used for computing the features NE and POP.

The general evaluation focuses on the performance of PSM-
CNN for classification and regression tasks based on evalua-
tion metrics, scatterplots, map visualization, and analysis of
precipitation categories, including light rain ([0.2, 1) mm h21),
moderate rain ([1, 5) mm h21), heavy rain ([5, 30) mm h21),
and very heavy rain ([30, 1‘) mm h21). Moreover, the PSM-
CNN model is also evaluated separately in two distinct seasons
in 2023, particularly the dry season (January, February, March,
April, November, and December) and the rainy season (May,
June, July, August, September, and October). In addition,
the study investigates the effectiveness of PSM-CNN in the
method aspect by comparing it with RF, LSTM, and M-CNN
based on both STI and TI test sets. For further discussion,
the experiment on input selection, especially two additional
gauge-based features (NE and POP), is conducted. We also in-
vestigate different window sizes w 2 {8, 12, 16, 24, 28, 32} to
find the optimal value for calculating NE and POP features.

e. Evaluation metrics

In this study, four metrics are used to quantify the ability of
the model to detect precipitation events (Table 1), namely,
probability of detection (POD), false alarm rate (FAR), BIAS,
and CSI. Rain/norain classification is performed by applying a
threshold (0.2 mm h21) to the measured and estimated rainfall
data. Classification metrics are presented on a single diagram
for visual illustration purposes (Roebber 2009). Optimal perfor-
mance is achieved when POD5 12 FAR5 BIAS5 CSI5 1.

Also, four regression metrics are used to evaluate the model
precipitation estimation capability (Table 1). Mean absolute er-
ror (MAE) and RMSE are employed to measure errors between
predicted model values and actual observations. Pearson’s CC
represents the linear correlation between estimated precipitation
and recorded gauge rainfall. Besides, modified Kling–Gupta effi-
ciency (mKGE) (Kling et al. 2012) is composed of multiple indi-
ces: CC, bias ratio b, and variability ratio g.

4. Experimental results

a. Input data statistics

In this study, we analyze five precipitation datasets in the
period of 2019–23 to gain insight into the correlation between
input data and gauge observations. Figure 5 presents the
hourly seasonal precipitation of all datasets over the north-
central region. It is notable that while IMERG-E shows little
difference between the two seasons, the other datasets follow
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a similar trend: The rainfall rate in the rainy season is greater
than that in the dry one, with median values increasing from
1.71 to 2.50 times. Among satellite-based products, PERSIANN-
CCS is the least similar to ground-based measurements with
overestimated precipitation values. Figure 5 also suggests that
GSMaP-NRT and radar precipitation align more closely with
gauge observations than satellite retrievals in both seasons.
Moreover, the radar dataset records more heavy precipitation
events (.100 mm h21) than other datasets.

b. General evaluation

Figure 6 presents the classification results of radar precipitation
and three near-real-time satellite products}PERSIANN-CCS,

GSMaP-NRT, and IMERG-E}used as input data, with PSM-
CNN as the output through the performance diagram. Addition-
ally, the output is compared with post-real-time global satellite
precipitation products, namely, IMERG-F and GSMaP-MVK-
Gauge, through this diagram. The classification performance eval-
uation of all these rainfall products is based on the STI dataset.

It is evident that the proposed PSM-CNN model outperforms
both the input rainfall products and the post-real-time rainfall
products across all metrics, with a POD of 0.73, a FAR of 0.29, a
BIAS of 1.03, and a CSI of 0.57. Specifically, the POD, FAR,
BIAS, and CSI indices of the proposed model show improve-
ments of 28.76%, 34.48%, 17.47%, and 31.58% for radar; 10.96%,
137.93%, 105.82%, and 54.38% for GSMaP-MVK-Gauge; and
28.76%, 124.13%, 43.68%, and 52.63% for IMERG-F, respectively.

FIG. 5. Boxplot of hourly precipitation for five datasets in dry (red color) and rainy (blue color)
seasons.

TABLE 1. List of classification and regression metrics used in the evaluation. True positive (TP) is the number of precipitation
events the model predicts correctly; false negative (FN) is the number of precipitation events the model misses; false positive (FP) is
the number of events the model predicts as rainy when in fact there is no rain; b 5 mŷ /my, g 5 (s ŷ /mŷ )/(sy/my); y is the gauge
observation; ŷ is the model’s estimated value; m is the mean value; and s is the standard deviation.

Metrics Equation Optimal value

Classification POD
POD5

TP
TP1 FN

1

FAR
FAR5

FP
TP1 FP

0

BIAS
BIAS5

TP1 FP
TP1 FN

1

CSI
CSI5

TP
TP1 FN1 FP

1

Regression MAE MAE5
1
N
∑
N

i51
|ŷi 2 yi| 1

RMSE RMSE5

��������������������
1
N
∑
N

i51
(ŷi 2 yi)2

√
0

CC CC5

1
N
∑
N

i51
(ŷi 2mŷ )(yi 2my)

s ŷ
sy 1

mKGE mKGE5 12
�������������������������������������������
(12 CC)2 1 (12 b)2 1 (12 g)2

√
1
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The addition of extra input features like NE and POP, along with
the use of a focal loss function, likely contributes to PSM-CNN’s
enhanced performance in the precipitation identification task.

Besides the rain detection task, PSM-CNN is also validated
in terms of the rain estimation task with statistics computed
only on precipitation events. Figure 7 shows comparison results

of precipitation obtained from radar, the three input satellite
products, the two post-real-time global precipitation products,
and PSM-CNN with rain gauge measurements. In terms of er-
ror metrics (Figs. 7a,b), PSM-CNN demonstrates the lowest er-
ror values among the six precipitation products investigated,
with an MAE of 1.44 mm h21 and an RMSE of 3.34 mm h21.
When compared to the radar product, which has the second-
highest accuracy (with an MAE of 1.54 mm h21 and an RMSE
of 3.68 mm h21), PSM-CNN shows an improvement of 6.94%
in MAE and 10.18% in RMSE. Additionally, when compared
to the post-real-time rainfall product GSMaP-MVK-Gauge,
which ranks third in accuracy, PSM-CNN outperforms it with
improvements of 49.31% in MAE and 48.80% in RMSE. Both
IMERG-E and IMERG-F show lower performance compared
to the other five products, with IMERG-E having an MAE of
3.37 mm h21 and an RMSE of 7.14 mm, while IMERG-F has
an MAE of 3.41 mm h21 and an RMSE of 6.68 mm.

Similarly, in the two remaining metrics (Figs. 7c,d), PSM-
CNN demonstrates its superiority over other precipitation
products. Even the radar precipitation product shows lower
values in both CC and mKGE compared to PSM-CNN, with
a CC of 0.73 versus 0.77 for PSM-CNN and an mKGE of 0.59
versus 0.70, respectively. Notably, PSM-CNN achieves signifi-
cant improvements of 48.05% and 51.95% in CC and 71.43%
and 62.86% in mKGE compared to the post-real-time precipita-
tion products, including GSMaP-MVK-Gauge and IMERG-F,
respectively. PERSIANN-CCS shows the lowest performance,
with a CC of 0.26 and a negative mKGE score of 20.03, which
suggests that it may not effectively capture the actual precipita-
tion distribution, even though it performs competitively with
GSMaP-NRT in other metrics (Figs. 7a,b).

Overall, PSM-CNN has demonstrated superior accuracy and
better alignment with ground-based measurements compared to

FIG. 6. Performance diagram for the merged precipitation product
(PSM-CNN), the input NRT precipitation products (PERSIANN-
CCS, GSMaP-NRT, IMERG-E, and radar), and post-real-time
precipitation products (GSMaP-MVK-Gauge and IMERG-F). The
green dashed line represents BIAS, while the black solid
line represents CSI.

FIG. 7. Bar plots of regression metrics for the merged precipitation product (PSM-CNN), the input NRT precipitation products
(PERSIANN-CCS, GSMaP-NRT, IMERG-E, and radar), and post-real-time precipitation products (GSMaP-MVK-Gauge and IMERG-F).
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the input precipitation products. It also shows significant im-
provements in both classification and regression performance
when compared to the post-real-time precipitation products.

For further comparison, scatterplots in Fig. 8 visualize the cor-
relation between gauge observations and seven precipitation
products, including PSM-CNN, four input products, and two post-
real-time products. For rain rate below 1 mm h21, the distribution

of ground measurements is coarser than other products (Roversi
et al. 2024), resulting in distinct peaks around 0.2 and 0.4 mm h21

in Fig. 8a and higher vertical bands on the left in Figs. 8b–h.
It is apparent that all seven products overestimate rainfall be-
low 1 mm h21 and underestimate rainfall above 20 mm h21.

Among the input precipitation products, PERSIANN-CCS
displays data points scattered across the range of 1–60 mm h21,

FIG. 8. (a) Histogram of gauge data and (b)–(h) scatterplots for the relationship between the precipitation products (input, merged, and
post-real-time ones) and gauge observations, excluding nonprecipitating gauge samples.
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with most values falling below 35 mm h21, showing minimal
correlation with ground-based measurements. However, due to
the skewed distribution of gauge observations, which are domi-
nated by light and moderate rainfall and significantly lack
heavy rainfall (Fig. 8a), PERSIANN-CCS, with its low-
range estimates, exhibits error statistics comparable to
GSMaP-NRT and even lower than IMERG-E (Figs. 7a,b).
Meanwhile, GSMaP-NRT and IMERG-E data points are
more tightly aligned along the diagonal compared to those of
PERSIANN-CCS. However, both tend to overestimate values
below 5 mm h21, with IMERG-E showing more pronounced
overestimations, as its data points can exceed 90 mm h21

within this range and are mostly concentrated above the diago-
nal. As a result, despite showing good agreement with gauge
observations, IMERG-E exhibits the highest errors compared
to the other input products (Fig. 7a). Radar data show the best
linear correlation with gauge observations among the input
precipitation products, with its data points densely clustered
along the diagonal. However, some points are oriented toward
the axes, indicating a bias in precipitation estimation.

The post-real-time precipitation products, including GSMaP-
MVK-Gauge and IMERG-F, show a better level of concentration
around the diagonal than the three input satellite precipitation
products. However, GSMaP-MVK-Gauge tends to underpre-
dict, with its predicted values not exceeding 30 mm h21 and
underestimating values above 2 mm h21. IMERG-F, on the
other hand, tends to overestimate values below 10 mm h21

and underestimate values above 20 mm h21. As shown in
Figs. 7e–h, the degree of scatter around the main diagonal across
the entire precipitation range for these two products is worse
compared to radar and the proposed precipitation product,
PSM-CNN.

The PSM-CNN significantly improves the correlation with
ground-based measurements. It features a narrower and more
diagonal-concentrated distribution compared with radar as well
as minimizes the bias problem associated with radar. However,
it still overestimates values below 0.5 mm h21 and underesti-
mates severe rain events exceeding 30 mm h21.

To assess the products’ ability to estimate precipitation
across different types, we conduct an experiment on samples
from the four intensity ranges. The regression indices of seven
products are shown in Fig. 9. As seen in Fig. 9a, most data fall
into the light rain category ([0.2, 1) mm h21), while the very
heavy rain category contains only 420 samples or 1.23%.

Regarding error metrics (MAE and RMSE), all the prod-
ucts exhibit a similar increasing trend across rising rainfall in-
tensity ranges. PERSIANN-CCS has comparable results for
light ([0.2, 1) mm h21), moderate ([1, 5) mm h21), and heavy
([5, 30) mm h21) rain events, gradually increasing from 0.83
to 2.53 to 9.35 in MAE and from 2.43 to 3.91 to 11.09 in
RMSE. It then spikes to 33.43 in MAE and 35.94 in RMSE
for very heavy rainfall ($30 mm h21), recording the highest
errors among all products. Similarly, GSMaP-NRT errors
range from 0.88 to 9.17 in MAE and from 2.62 to 11.27 in
RMSE for intensity classes below 30 mm h21 and suddenly in-
crease to 31.52 and 34.24, respectively. In contrast, IMERG-E
maintains the lowest ranking for the three lower ranges (1.57,
3.88, and 9.40 in MAE and 4.43, 7.08, and 12.00 in RMSE) and
performs fairly well for very heavy rainfall (28.83 in MAE and
32.57 in RMSE). It is obvious that radar exhibits the best re-
sults for all intensity classes among the input products, ranging
from 0.48 to 20.78 in MAE and from 1.22 to 24.19 in RMSE.

Among the two post-real-time precipitation products,
GSMaP-MVK-Gauge outperforms IMERG-F in accuracy across

FIG. 9. (a) Data distribution per rain intensity class and (b)–(e) line plots of regression metrics for the merged precipitation product,
PSM-CNN, and the other precipitation products at the four classes (mm h21).
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the three lower precipitation levels, with MAE errors ranging
from 0.65 to 8.47 and RMSE errors from 1.28 to 10.28, and is
only less accurate than the radar product and PSM-CNN. For
precipitation values greater than 30 mm h21, the errors of
GSMaP-MVK-Gauge are comparable to those of PERSIANN-
CCS, with MAE of 34.24 and RMSE of 35.92. Although IM-
ERG-F has lower accuracy in the three lower rainfall ranges
compared to GSMaP-MVK-Gauge, it achieves accuracy (with
MAE of 25.74 and RMSE of 29.16) higher than that of
GSMaP-MVK-Gauge and the three input satellite rainfall
products in the very heavy rainfall range and is only less accu-
rate than the radar product and PSM-CNN.

Although PSM-CNN shows little noticeable difference in
the error statistics with radar for light and moderate rain types,
it achieves remarkable improvement from this best component
product at heavy and very heavy rainfall, increasing by 19.35%
(MAE) and 17.25% (RMSE) for the former and 5.16%
(MAE) and 6.52% (RMSE) for the latter.

Besides, for CC and mKGE results, all the evaluated prod-
ucts gradually rise to a peak at heavy rainfall and then mostly
decline at very heavy rainfall, except for the CC statistic of
GSMaP-MVK-Gauge, which levels off. It has shown the in-
crease in CC when the precipitation amount increases and the
low accuracy for very heavy rainfall estimation of all consid-
ered precipitation products. Generally, all the satellite rainfall
products have relatively low correlation (CC) with the range
from 20.1 to 0.17. Among them, PERSIANN-CCS shows
lower performance than the other products for all ranges, re-
porting CC between 0.01 and 0.17 and mKGE between 25.34
and 21.77. Radar yields the best results among the input pre-
cipitation products.

For the post-real-time rainfall products, GSMaP-MVK-
Gauge and IMERG-F show similar CC values (from 0.14 to
0.16) for the three lower rainfall ranges, while for the very
heavy rainfall, the former has a better CC value than the latter
(0.16 compared to 0.10). For the mKGE indices, GSMaP-
MVK-Gauge performs better than IMERG-F for light and
moderate rainfall ranges, while for heavy and very heavy rain-
fall ranges, the mKGE values of the two products are quite sim-
ilar. These two post-real-time products have lower CC than
radar. However, they have lower mKGE values in the heavy
and very heavy rainfall ranges, while showing higher values in
the light, when compared to radar. In the moderate rainfall cat-
egory, the mKGE value of GSMaP-MVK-Gauge is approxi-
mately equal to that of radar, while the value of IMERG-F is
lower. From Fig. 9, it is clearly shown that PSM-CNN achieves
the best CC and mKGE values among all the products
compared.

In Fig. 10, hourly precipitation maps of precipitation prod-
ucts in a particular event of the rainy season are shown. The
event began at 2000 UTC 29 October 2023. For gauge obser-
vations, it is apparent that rainfall is heavier and more abun-
dant in the southern region than in the northern one, with
several stations recording rainfall amount exceeding 60 mm.

Most input component precipitation products, especially
PERSIANN-CCS, fail to capture rainfall events in the north-
ern part. Meanwhile, GSMaP-NRT detects several precipita-
tion events in this region, albeit overestimating precipitation

occurrence. IMERG-E and radar maps share similar patterns
with the latter having finer resolution as well as closer estima-
tions for heavy rainfall than the former. Figures 10g and 10h
show that GSMaP-MVK-Gauge underestimates rainfall events
and fails to detect very heavy rainfall events, while IMERG-F
tends to overestimate rainfall events, with an expanded very
heavy rainfall area (indicated by red color).

It is evident that PSM-CNN performs fairly well in both rain
classification and regression tasks on this map, identifying
both the northern and southern rainy areas as well as localiz-
ing the heavy rainfall in the south. Moreover, PSM-CNN could
provide estimations closely related to gauge observations for
high-intensity values, showing potential to resolve common
underestimation problems.

c. Seasonal evaluation

The PSM-CNN is evaluated using data from two distinct sea-
sons: dry and rainy. First, the classification results are visualized
in Fig. 11. In general, it is apparent that, for the rain classification
task, all precipitation products perform less effectively in the dry
season (symbol in blue) than in the rainy one (symbol in red),
mainly due to a decline in detection capability.

Among the input rainfall products, radar shows the highest
classification performance in both the rainy and dry seasons,
with a POD of 0.22, CSI of 0.20, BIAS of 0.35, and FAR of 0.36
in the dry season and a POD of 0.70, CSI of 0.48, BIAS of 1.16,
and FAR of 0.40 in the rainy season. GSMaP-NRT ranks sec-
ond for all metrics except the rainy season POD, where it
underperforms compared to IMERG-E (0.51 vs 0.59). PER-
SIANN-CCS shows the lowest performance in both seasons.

For the post-real-time rainfall products, both GSMaP-
MVK-Gauge and IMERG-F exhibit relatively high BIAS and
FAR values in both seasons, with BIAS ranging from 1.63 to
2.42 and FAR from 0.66 to 0.71 for the former and BIAS from
0.50 to 2.09 and FAR from 0.62 to 0.65 for the latter. There is
a significant difference in POD between the rainy and dry sea-
sons for the IMERG-F product (0.73 for the rainy season and
0.19 for the dry season), whereas this difference is smaller for
the GSMaP-MVK-Gauge rainfall product (0.71 for the rainy
season and 0.55 for the dry season).

It can be observed that PSM-CNN outperforms all other pre-
cipitation products, reaching a CSI of 0.61 in the rainy season
and 0.50 in the dry season. This is contributed by a noticeable
improvement in POD and FAR. Specifically, in the dry season, the
POD shows significant improvements of 67.16%, 17.91%, and
71.64%, while the FAR improves by 9.09%, 100%, and 87.88%
when compared to radar, GSMaP-MVK-Gauge, and IMERG-F,
respectively. In contrast, during the rainy season, the POD improves
by 9.09%, 7.79%, and 5.19%, and the FAR sees improvements of
53.85%, 173.08%, and 150%, relative to the same three products.

In addition, we also assess the ability of precipitation prod-
ucts to estimate rainfall in these two different seasons. The re-
gression results are presented in Fig. 12. All products are
reported to have higher errors in the rainy season than in the
dry season (2.01–2.86 times in MAE and 1.73–1.95 times in
RMSE) as rainfall in the rainy season tends to be heavier
than in the dry one (Fig. 5). It can be seen that IMERG-E has
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the highest errors among the input products due to its severe
overestimations, while radar yields the lowest error results
(Figs. 12a,b). PERSIANN-CCS and GSMaP-NRT show rela-
tively similar error statistics, but GSMaP-NRT exhibits higher
CC and mKGE values than PERSIANN-CCS. Regarding
these two metrics, radar also achieves the best agreement re-
sults among the input products. However, PSM-CNN still out-
performs radar in all four of these metrics.

For the post-real-time rainfall products, IMERG-F has higher
MAE and RMSE errors than GSMaP-MVK-Gauge in both sea-
sons, and its errors are only lower than those of IMERG-E. In
contrast, GSMaP-MVK-Gauge shows better accuracy than the
three input satellite rainfall products but lower accuracy than
radar. Additionally, GSMaP-MVK-Gauge achieves a slightly

higher CC score than IMERG-F in both seasons, while the
former obtains a larger mKGE score in the rainy season but
a smaller mKGE value in the dry season compared to the
latter. It is also clear that both post-real-time products have
higher CC scores than the input satellite rainfall products in
both seasons. This trend continues in the dry season for
mKGE; however, their mKGE values in the rainy season
are lower compared to those of GSMaP-NRT and IMERG-E.
Similar to the results for error indices, both post-real-time
rainfall products have lower CC and mKGE values compared
to radar and PSM-CNN.

From the analysis of the results in Fig. 12, it can be concluded
that PSM-CNN provides the highest accuracy according to the
two criteria of MAE and RMSE compared to all the rainfall

FIG. 10. Hourly precipitation maps of precipitation products in a particular case starting from 2000 UTC 29 Oct 2023.
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products in both seasons. Also, it shows a noticeable performance
gain in precipitation estimation, especially in CC and mKGE. In
particular, the CC and mKGE values improved by 8% and
68.11% in the dry season and by 6.49% and 8.70% in the rainy
season, respectively, compared to the second-best product, which
is radar. For post-real-time products, the improvements are even
more impressive, with CC and mKGE improving by 41.33% and
66.66% in the dry season and 53.25% and 75.36% in the rainy
season, respectively, compared to GSMaP-MVK-Gauge, while
for IMERG-F, the CC and mKGE scores improve by 44% and
56.52% in the dry season and 57.14% and 76.81% in the rainy
season, respectively. Through seasonal validations, PSM-CNN
has demonstrated its robustness in independent periods.

d. Independent location evaluation

Figures 13a and 13b present the spatial distribution of
RMSE and CC for the merged product of PSM-CNN on the
STI dataset described in section 3d. It can be seen from
Fig. 13a that 91.18% of the STI datasets report RMSE values
below 4.30. Meanwhile, 8.82% (12 points) have high RMSE
values above 4.30, with only 2 points (1.47%) having RMSE
values above 6.60. As shown in Fig. 13a, the distribution of
RMSE errors is fairly uniform across the entire study area,
with no region showing an excessive concentration of large

errors. This demonstrates the stable accuracy of the proposed
algorithm in the study area.

Similarly, 84.56% of the STI datasets report CC values above
0.63. Also, only 15.44% of the STI dataset (21 points) have CC
values smaller than 0.63, with only 6.62% (9 points) having CC
values smaller than 0.43. Thus, the points with high CC values
dominate, while the number of points with low correlation is
very small. It can be seen that the distribution of points with high
or low CC values is evenly spread across the entire study area.

Overall, PSM-CNN predictions show a strong correlation
with ground-based observations over the study area, exhibit-
ing a close relationship between the precipitation amounts es-
timated by PSM-CNN and gauge observations.

e. Methodology comparison

To further investigate the capabilities of PSM-CNN, its re-
sults are compared with two other algorithms, RF and LSTM
(without NE and POP), on the same experimental datasets
(STI and TI described in section 3d). RF (Rigatti 2017) is an
ensemble method combining multiple decision trees to im-
prove performance and reduce overfitting. In this study, grid
search is used to select the most suitable hyperparameter sets
for RF. While RF primarily exploits the spatial aspect of data,
LSTM (Hochreiter and Schmidhuber 1997) is designed to

FIG. 11. Performance diagram for the merged precipitation product, PSM-CNN, and the origi-
nal precipitation products in dry (blue color) and rainy (red color) seasons. The green dashed
line represents BIAS, while the black solid line represents CSI.
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process time-series data. It is capable of capturing long-term
dependencies and mitigating the vanishing gradient problem
of traditional recurrent neural network. LSTM is tested with
different time steps, specifically ranging from one to seven his-
torical hours in addition to the current hour. The model using
data from the previous 3 h is selected to implement. RF and
LSTM are selected to evaluate the effectiveness of PSM-CNN
due to their efficiency in utilizing spatial and temporal as-
pects of data, respectively. Moreover, these two models
use pixel-based input, while our method employs image
patches. Therefore, comparing PSM-CNN with RF and
LSTM could help assess the importance of incorporating
extra spatial information into the input.

Moreover, to analyze the effectiveness of two additional
features NE and POP, we also compare PSM-CNN with the
original M-CNN which replaces NE and POP with two di-
rectly gauge-generated ones (Moraux et al. 2021). For the first
feature, pixels with gauge measurements are assigned the re-
corded precipitation rate, while pixels without measurements
are assigned the value of 0. To distinguish between pixels with
a rain rate of 0 and empty pixels, the second feature repre-
sents gauge location information. Specifically, pixels with rain
gauge measurements are marked as 1 and others are marked
as 0. In addition, to evaluate the impact of the focal loss func-
tion and the rain gauge–based spatial features (NE and POP)
on the proposed model, this model with and without using

FIG. 12. Bar plots of regression metrics for the merged precipitation product, PSM-CNN, and the original
precipitation products in the dry and rainy seasons.

FIG. 13. Spatial distribution of (a) RMSE and (b) CC for the merged precipitation product, PSM-CNN, on the STI dataset. The legends
present RMSE and CC ranges and the percentage of rain gauges at each range.
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them was deployed and compared with the M-CNN model
and the other investigated algorithms.

The classification metric results of RF, LSTM, M-CNN, and
PSM-CNN and different versions of PSM-CNN with and
without using NE and POP features and focal loss function
are presented in Fig. 14. As can be seen in this figure, classifi-
cation results of RF, LSTM, and M-CNN are nearly un-
changed on both TI and STI datasets. From the evaluation
results on the TI dataset, it can be seen that PSM-CNN
achieves the best classification quality among the products,
with a POD of 0.79 and a CSI of 0.65, improving by 30.38%,
34.17%, and 18.98% in POD and 41.27%, 39.68%, and 14.28%
in CSI compared to RF, LSTM, and M-CNN, respectively.

On the STI dataset, the classification performance decreases
compared to the TI dataset, with POD (0.73) and CSI (0.57).
However, it still outperforms all the compared products, with
improvements of 24.65%, 28.76%, and 12.32% in POD and
35.08%, 33.33%, and 5.55% in CSI compared to RF, LSTM,
and M-CNN, respectively. This lower result is completely rea-
sonable, as the STI test dataset was randomly selected in both
space and time and did not participate in the training process,
while the TI dataset was only independent in terms of time
and was involved in the training process.

As seen in Fig. 14, algorithms using the focal loss function,
including PSM-CNN and PSM-CNN without using NE and
POP features, tend to have BIAS values closer to the optimal
line (BIAS5 1), whereas the algorithm PSM-CNN using only
NE and POP and binary cross-entropy (BCE) loss function
and M-CNN tend to have BIAS values further away from the
BIAS optimal line in both STI and TI datasets. Moreover,
there is a trade-off between POD and FAR values of the algo-
rithms using the focal loss function and the BCE loss function.

The higher values in POD are observed when using the focal
loss, while the CSI values are quite similar for these algo-
rithms. However, the two algorithms using the BCE loss func-
tion have a lower FAR compared to those using the focal loss
function, with FAR values ranging from 0.16 to 0.22 for the
former, and from 0.24 to 0.31 for the latter, on both TI and
STI datasets. Therefore, for the classification task, it appears
that the focal loss function has a more significant positive im-
pact on the performance of the proposed rainfall product
than the use of the input spatial features NE and POP.

The regression metric results of the six above investigated
algorithms are presented in Fig. 15 on both TI and STI data-
sets. From Figs. 15a and 15b, it can be seen that, for the re-
gression error criteria including MAE and RMSE, the error
on the STI dataset is slightly higher than on the TI dataset,
with the largest differences being 0.13 mm h21 in MAE and
0.24 mm h21 in RMSE. Moreover, PSM-CNN achieves the
smallest error values among the compared methods on both
the TI and STI datasets, with 1.31 and 1.44 mm h21 in MAE
and 3.10 and 3.34 mm h21 in RMSE, respectively. Compared
to M-CNN and PSM-CNN without NE and POP but using the
focal loss function, PSM-CNN with NE and POP and the BCE
loss function exhibits smaller MAE and RMSE error values.
This indicates that the impact of NE and POP on the accuracy
of PSM-CNN is better than that of the focal loss function.

Similarly, the CC and mKGE values on the STI dataset
tend to be slightly lower than those on the TI dataset across
all methods, with the largest differences being 0.03 in CC and
0.02 in mKGE. PSM-CNN still achieves the highest CC and
mKGE values among the compared methods, with a CC of
0.77 and an mKGE of 0.70 on the STI dataset and a CC of
0.80 and an mKGE of 0.72 on the TI dataset. Both RF and

FIG. 14. Classification performance evaluation of different algorithms on the TI dataset (blue
color) and STI dataset (red color).
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LSTM have a CC value of 0.74 on both the TI and STI data-
sets, while the former has an mKGE value of 0.63 and the lat-
ter has an mKGE value of 0.69 on both datasets. It can be
observed that PSM-CNN using NE and POP along with the
BCE loss function achieves slightly higher CC compared to
M-CNN on both the TI and STI datasets and also outper-
forms PSM-CNN using the focal loss function without NE
and POP on the TI dataset. However, for mKGE, PSM-CNN
using NE and POP along with the BCE loss function shows a
significantly better performance compared to both M-CNN
and PSM-CNN using the focal loss function without NE and
POP on both datasets. Therefore, for the regression task, it
appears that NE and POP have a more positive impact on the
performance of the proposed rainfall product compared to
the focal loss function.

Overall, PSM-CNN has a better classification and regres-
sion performance than RF, LSTM, and M-CNN, with POD
ranging from 0.73 to 0.79, CSI from 0.57 to 0.65, MAE from
1.31 to 1.44, RMSE from 3.10 to 3.34, CC from 0.77 to 0.80,

and mKGE from 0.70 to 0.72. This enhanced performance is
due to the contribution of the focal loss function for classifica-
tion tasks and the additional input features, NE and POP, for
regression tasks.

5. Further discussion

a. Feature importance

Analyzing feature importance could assist in better under-
standing the contribution of each feature to model performance.
Permutation is the technique selected to estimate feature impor-
tance for the two distinct tasks of PSM-CNN, namely, classifica-
tion and regression.

As shown in Fig. 16a, for the classification task, POP
achieves the highest score of 0.65, followed by NE with 0.14
and radar with 0.10. POP is directly related to the precipitation
identification task as it represents the precipitation occurrence
probability of neighboring gauges and NE, calculated based
on neighboring gauge measurements, could also provide useful

FIG. 15. Regression performance evaluation of different algorithms.

FIG. 16. Permutation feature importance of PSM-CNN for the (a) classification and (b) regression tasks.
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information to the classification task. Meanwhile, PERSIANN-
CCS ranks the lowest at 0.01 and the other products fall be-
tween 0.04 and 0.05. This is likely because the classification
results of the input precipitation products are not sufficiently ac-
curate as presented in sections 4b and 4c.

In addition, for the regression task (Fig. 16b), radar makes
the largest contribution with a value of 0.66, suggesting a close
relationship between radar precipitation and gauge observa-
tions. This is reasonable because radar performs relatively well
for this task, superior to other products (sections 4b and 4c).
Meanwhile, NE and POP rank second and third, with a relative
importance score of 0.25 and 0.05, respectively, demonstrating
the necessity of these two features in the precipitation estima-
tion task. On the other hand, the other satellite rainfall products
contribute minimally to the regression performance of the final
proposed rainfall product, with GSMaP-NRT having the lowest
importance score of 0.01, while IMERG-E and PERSIANN-
CCS products have scores of 0.02. The low importance level of
satellite rainfall products, compared to the very high importance
level of radar in the regression task, may be attributed to the
high accuracy of radar data, which covers the entire study area.

Also, the high importance scores of the NE and POP, and
the radar, are also reflected in the highest cross-correlation
values among all the cross-correlation values of the five input
products. Specifically, the cross correlation between the radar
and NE is the highest, with a value of 0.63, while the cross cor-
relation between the radar and POP is the second highest,
with a value of 0.58. Although the three input satellite rainfall
products have low importance scores, their cross-correlation
values with NE, POP, and radar are lowest at 0.19 (occurring
between PERSIANN-CCS and POP), while the remaining
values range from 0.22 to 0.46, which are still considered sig-
nificant. As a result, these three satellite products are still via-
ble and suitable choices for input.

b. Parameter study

The window size refers to the coverage range around a
given point, used as the model input. In addition, it also

determines the maximum distance from a neighboring gauge
to the given point, applied for calculating NE and POP. The
smaller window size might overlook valuable spatial details,
while the larger one could introduce unnecessary information
to the input. The experiment is conducted on the validation
set. Figure 17 shows the result of testing this parameter across
several metrics. It is evident that a window size of 16 yields
the best performance in all metrics, with a CSI of 0.50, an
MAE of 1.38, an RMSE of 3.21, and a CC of 0.73. Therefore,
the window size of 16 is selected to use due to its optimal
performance.

6. Conclusions

In this study, the multiscale CNN with additional spatial in-
put features, named PSM-CNN, was proposed to merge hourly
multisource precipitation products from gauge observations,
radar precipitation, and three near-real-time satellite products
(PERSIANN-CCS, GSMaP-NRT, and IMERG-Early Run)
over the north-central region of Vietnam in the period from
2019 to 2023. The additional spatial input features, including
NE and POP, were created from rain gauge observations to ex-
ploit the spatial correlation between the data point and the sur-
rounding stations.

Experimental results on both classification and regression
metrics have demonstrated the effectiveness of PSM-CNN com-
pared to near-real-time component precipitation products, two
post-real-time precipitation products (GSMaP-MVK-Gauge
and IMERG-Final Run), and baseline models (RF, LSTM,
and M-CNN). It achieves classification metric improve-
ments of 10.96%–28.76% in POD, 34.48%–137.93% in FAR,
17.47%–105.82% in BIAS, and 31.58%–54.8% in CSI com-
pared to the radar and the two post-real-time precipitation
products. For regression metrics, it achieves corresponding im-
provements of 6.94%–136.80% in MAE, 10.18%–100% in
RMSE, 5.19%–51.95% in CC, and 15.71%–71.43% in mKGE.
In other words, PSM-CNN is capable of extracting useful in-
formation from input products to establish a high-accuracy
product. Moreover, PSM-CNN, using NE and POP features,

FIG. 17. Performance of PSM-CNN with different window sizes on the validation set.
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and focal loss function, proves its efficiency compared to a spa-
tial machine learning model, RF, a temporal deep learning model,
LSTM, and the original multiscale CNN (M-CNN) without spa-
tial feature enhancement. The study also builds a near-real-time
merged precipitation map dataset with high accuracy for the
north-central region in 2019 and 2023. These contributions are sig-
nificant to the field of merging multisource precipitation products
in Vietnam.

Finally, the limitation of this method is still the overestima-
tion of rainfall values below 0.5 mm h21 and the underestima-
tion of very heavy rainfall events exceeding 30 mm h21, which
is due to data imbalance. Despite that, this study serves as the
foundation for further research on merging multisource pre-
cipitation products in Vietnam. With extensive experiments,
PSM-CNN is thoroughly verified for wide applicability and
has the potential for a broader-scale implementation. Further-
more, the approach presented in this paper opens future re-
search directions for improving the accuracy of merging
multisource precipitation data by enhancing deep learning ar-
chitectures to deal with imbalanced datasets, improve spatial
feature extraction, and increase input spatial features.
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