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Abstract
To expedite regional-scale climate change impact research and assessments, the downscaling of climate data is a crucial 
prerequisite. Image super-resolution, which is analogous to gridded data downscaling, is the concept of improving the pixel 
quality of images using deep learning techniques. In this study, the performance of a Super-Resolution Generative Adver-
sarial Network (SRGAN), a cutting-edge deep learning-based image super-resolution technique, is assessed in producing 
perceptually realistic high-resolution rainfall data over India from the low-resolution input. The main component of SRGAN 
is a generator network that takes abstract information from low-resolution (LR) rainfall data to infer potential high-resolution 
(HR) counterparts. A Super-Resolution Residual Neural Network (SRResNet) is used as the generator network. It is trained 
using a supervised learning strategy (SRResNet) and adversarial learning strategy (several variants created, e.g., SRGAN-
MSE, SRGAN-VGGB2, SRGAN-VGGB3 and SRGAN-VGGB4). A statistical downscaling method called bias correction 
and spatial disaggregation (BCSD) is also employed to compare with the deep learning-based downscaling methods. All 
these methods are rigorously assessed for their ability to reconstruct distribution, mean, and extreme rainfall during the test 
period. Our results show that the supervised learning-based SRResNet and adversarial learning-based SRGAN-MSE variant 
has an upper hand over the BCSD method for gridded rainfall downscaling. These findings have important implications for 
enhancing the precision and quality of regional climate data in the context of climate change impact assessment.
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Introduction

The changing climate and its impacts are among the fore-
most challenges of the current century. With high confi-
dence, the Intergovernmental Panel on Climate Change 
has stated that the exposure and vulnerability of the Asian 
population to climate change will increase in the future 
(IPCC 2022). This elevates the requirement for improving 
the regional scale climate change studies over Asia. Data 
is the fuel for scientific understanding, and high-resolution 
climate datasets for the future timescale are a requirement to 
understand the spatiotemporal evolution of potential climate 
change impacts and to implement adequate adaptation and 

mitigation strategies in advance. In general, Earth System 
Models (ESM) and Global Climate Models (GCM), which 
are typically global simulations at coarse resolution, offer 
crucial insights into the future climate (Taylor et al. 2012; 
Eyring et al. 2016). However, they are not necessarily opti-
mal for studies of regional climate due to coarse resolution 
and lack of representation of regional dynamics and sub-grid 
scale processes (Kumar et al. 2013, 2022). Regional climate 
change studies and investigations require high-resolution, 
high-quality datasets, and the solution is to downscale the 
coarse data.

Downscaling is the process of increasing the horizontal 
resolution of gridded climate data via dynamical or statis-
tical downscaling methods. Dynamical downscaling is an 
initial/boundary value problem in which a regional model 
takes in the initial and boundary conditions from ESM/GCM 
simulations and numerically resolves them to generate high-
resolution data over a limited area (Giorgi and Gao 2018). 
This method is computationally intensive but scientifically 
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proven and adapted for regional climate studies across the 
globe (Jacob et al. 2012). On the other end, the statistical 
downscaling methods are computationally cheaper to imple-
ment and involve mostly data-driven methods. Due to the 
availability of powerful computing resources and large-scale 
datasets, data-driven approaches like artificial intelligence, 
machine learning, and deep learning (AI/ML/DL) tech-
niques have expanded significantly in recent years (LeCun 
et al. 2015). This opens a wide range of opportunities to 
improve the existing climate modeling framework and to 
generate high-quality, high-resolution climate datasets at a 
cheaper computation cost.

Reichstein et al. (2019) draw an analogy between deep 
learning-based single-image super-resolution and spatial 
downscaling of gridded climate data. Surrounding this 
idea, there have been multiple recent studies targeted to 
develop AI/ML/DL-based techniques for the downscaling 
of climatic variables. A major advancement of image super-
resolution-based precipitation downscaling is DeepSD, in 
which a stacked super-resolution convolutional neural net-
work was trained to map low-resolution precipitation data to 
high-resolution over the continental United States (Vandal 
et al. 2018). Sachindra et al. (2018) used machine learning 
techniques like support vector machine, relevance vector 
machine and artificial neural networks to downscale pre-
cipitation data from 48 precipitation observation stations 
located across Victoria, Australia. A study by Vandal et al. 
(2019) inter-compared the performance of machine learn-
ing methods such as elastic-net, support vector machine, 
multi-task sparse structure learning and autoencoder neural 
networks for downscaling precipitation gauge data and rea-
nalysis dataset over the Northeastern United States region. 
He et al. (2016) introduced a novel machine-learning-based 
technique, adaptable random forests, for statistical downs-
caling of precipitation data. Li et al. (2020) investigated the 
performance of statistical and machine learning methods in 
developing multi-model ensembles for downscaling long-
term daily temperatures. Tran Anh et al. (2019) proposed 
using long short-term memory and feedforward neural 
network model architectures for downscaling precipitation 
data for the Vietnamese Mekong Delta. Sha et al. (2020a, b) 
employed a UNet model to downscale gridded data, PRISM 
(2 m Temperature and precipitation). They proposed an 
enhanced Nest-UNet, by adding a deep-layer aggregation 
and nested skip connections. Wang et al. (2021) used a deep 
residual neural network to downscale daily precipitation 
and temperature over regions in the United States. Cheng 
et al. (2020b, 2022) applied the super-resolution generative 
adversarial network named DeepDT to downscale climate 
prediction to a higher spatial resolution over a small region 
in China. Several other studies over the recent years have 
explored the use of different machine learning and deep 
learning-based data-driven models in downscaling climate 

data as a potential alternative to conventional statistical and 
dynamical downscaling (Cheng et al. 2020a; Leinonen et al. 
(2021); Sun and Lan 2021; Harris et al. 2022; Wang et al. 
2021; Rampal et al. 2022; Baño-Medina et al. 2020).

The downscaling of rainfall data is even more challeng-
ing due to its skewed distribution and sparse extremes. The 
socioeconomic conditions in India are largely dependent on 
the Indian Summer Monsoon and already a few research 
works have been employed on deep learning-based downs-
caling of gridded rainfall, focussing on India. Following the 
methodology of Vandal et al. (2017), Kumar et al. (2021) 
applied the DeepSD technique over India to downscale IMD 
gridded rainfall data, producing good results. Harilal et al. 
(2021) implemented an augmented convolutional long short-
term memory network (ConvLSTM) to downscale low-res-
olution precipitation simulated by an ESM by incorporat-
ing various auxiliary variables concatenated to the input to 
increase the downscaling skill. In a subsequent study, an 
intercomparison of various novel deep learning techniques 
for downscaling gridded rainfall over India was conducted 
by Kumar et al. (2023), in which an SRGAN, ConvLSTM, 
U-Net and DeepSD, were employed for downscaling IMD 
gridded rainfall, and concluded that the SRGAN has a better 
skill over other deep learning methods. Their experiments 
were based on a synthetic scenario setup, whereas the input 
LR is derived from the HR data itself. Also, the training 
and testing of these experiments were confined to a limited 
period (1979–2009), and an emphasis was given on evalu-
ation at city-scale, in which the SRGAN is reported to be a 
promising downscaling method.

Generative Adversarial Network (GAN), in general, is 
an advanced class of deep learning algorithm consisting of 
two separate deep neural networks; a generator and a dis-
criminator (Goodfellow et al. 2014). The generator tries to 
generate fake samples out of a given input/noise, while the 
task of the discriminator is to distinguish the generated sam-
ples from the real samples. Therefore, the GANs are trained 
by the adversary between the generator and the discrimina-
tor. Since its inception, various types of GANs have been 
successfully implemented for several complicated tasks, 
for example, generating realistic photographs (Karras et al. 
2018), image-to-image translation (Isola et al. 2018; Zhu 
et al. 2020), text-to-image translation (Zhang et al. 2017), 
video prediction (Vondrick et al. 2016), 3-D object genera-
tion (Wu et al. 2017), image super-resolution (Ledig et al. 
2017) etc. The SRGAN is particularly trained to enhance 
the quality of low-resolution images (Ledig et al. 2017). It 
is optimized by minimizing a custom loss function called 
perceptual loss, which is based on the pre-trained VGG-19 
network. Ledig et al. (2017) showed that SRGAN works well 
with RGB images.

This study intends to train SRGAN, a cutting-edge 
deep learning-based image super-resolution technique, for 
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downscaling and generating high-resolution rainfall maps 
of India. Apart from previous studies, several variants of 
SRGAN are delivered by altering the parameters like train-
ing strategy and loss functions. Therefore, this study will 
focus on an in-depth evaluation of the SRGAN technique for 
gridded rainfall downscaling. These downscaling methods 
are also compared with a traditional statistical downscaling 
method called BCSD. Also, a longer period is chosen for 
model training (1901–1999 JJAS) and testing (2000–2021 
JJAS). To summarize, the following bullet points account for 
the objectives and relevance of the presented study:

•	 A deep learning-based image super-resolution technique 
is applied to a climate science application, which is to 
downscale and reconstruct high-resolution rainfall data.

•	 A deep residual neural network for image super-resolu-
tion tasks is trained with gridded rainfall data sets via 
supervised and adversarial training strategies.

•	 Experiments are designed to showcase how a pre-trained 
network-based perceptual loss enhances/deteriorates the 
perceptual quality of generated data.

•	 Quantitative and qualitative assessment of the transfer-
ability of a deep-learning technique to climate science 
application.

Study area and data

This study is conducted over India. Figure 1 displays a top-
ographical map of the study area, utilizing elevation data 
sourced from the United States Geological Survey Digi-
tal Elevation—Global 30 Arc-Second Elevation (USGS-
GTOPO30; https://​doi.​org/​10.​5066/​F7DF6​PQS). India 
is characterized by the Indian summer monsoon rainfall, 
also known as the Southwest monsoon, during the June-
July–August-September (JJAS) months every year. The grid-
ded rainfall data provided by India Meteorological Depart-
ment (IMD) for 1901–2021 at a daily scale is used for this 
study. IMD provides this data at 1° × 1° (IMD-LR; Rajeevan 
et al. 2008) and 0.25° × 0.25° (IMD-HR; Pai et al. 2014). 
This dataset is prepared by merging rain gauge records. The 
location of rain gauges as of 2015 is marked with magenta 

Fig. 1   Elevation map of the 
study area considered in this 
study. Elevation data is obtained 
from USGS-GTOPO30. The 
magenta dots represent the loca-
tions of rain gauges that have 
contributed to the preparation of 
the IMD gridded rainfall dataset 
(Pai et al. 2014)

https://doi.org/10.5066/F7DF6PQS
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dots in Fig. 1. Only the monsoon season, i.e., JJAS data, is 
used for training and testing. The training set is taken as 
1901–1999 JJAS (12,078 samples), and the trained models 
were tested upon data available for 2000–2021 JJAS (2684 
samples). Square domains of 128 × 128 (32 × 32) grid size 
are considered for the high-resolution (low-resolution) data 
expanding over 66.75E-98.5E longitudes and 6.75N-38.5N 
latitudes. The raw data contains values only within the 
Indian national boundary, but all unspecified grid points 
were replaced by zeroes during pre-processing.

Methodology

Network architecture

Two separate deep neural networks, a generator (G) and a 
discriminator (D) make up the SRGAN. The backbone of 
the implemented SRGAN is the convolution layers. Con-
volutional networks are efficient in learning patterns from 
2-dimensional datasets such as images. A convolutional 
kernel of predefined size convolves over the 2-dimensional 
input array at regular stride intervals by doing element-wise 
multiplication. The kernel weights and bias are the train-
able parameters, and while training, these parameters will 
be updated via backpropagation (Li et al. 2022). Several 
such convolutional layers are stacked together to form deep 
convolutional neural networks (CNNs). One challenge in 
training deep CNNs is the vanishing/exploding gradient 
and model performance degradation issues with an increase 
in network depth. The residual network is proposed as a 
solution to solve this, which is accomplished by implement-
ing skip connections. The skip-connections are additional 
connections within a deep CNN apart from the linear con-
nections. The input tensor to a convolution layer or block 
of layers is element-wise added/concatenated to the layer/
block output. Such networks are called residual networks, 
and they are more immune to vanishing/exploding gradients 
and degradation issues (Wang et al. 2021). Activation layers 
are added to the network architecture to incorporate non-
linearity into the system. The rectified linear unit (ReLU) 
activation is used in G as well as D. If x is the input tensor, 
the mathematical formula for ReLU is

Figure 2 is the architecture block diagram of SRGAN 
followed in this study. The G within the SRGAN itself is 
a super-resolution residual network (SRResNet) primarily 
built by combining four residual-in-residual dense blocks 
(RRDB). It is termed RRDB since it has several concurrent 
skip connections within a single block. The block diagram of 
SRResNet is given in Fig. 2a. Each RRDB consists of three 

f (x) = max(0, x)

activation layers, and four 2-dimensional convolution layers, 
the final of which has a 1 × 1, and the first three have 3 × 3 
filters. The multiple skip connections within RRDB let them 
learn and preserve features from training data more effec-
tively (He et al. 2015). Multiple skip connections are main-
tained by concatenating the layer input and output (Fig. 2a). 
The RRDB is followed by two upsampling layers where 
grid points are doubled when passed through each layer. 
The upsampling layers simply execute the nearest neighbour 
interpolation and do not contain any learnable parameters. 
Finally, ReLU activation is applied to all activation layers 
of the generator network.

The input to the G is low-resolution rainfall data (ILR), 
and it generates super-resolved rainfall data (ISR) as output. 
Then the ISR and the true HR label (IHR) is given as input to 
the discriminator (D). There are several convolution layers 
at the beginning of the D, where it learns to extract relevant 
features from the given input (Fig. 2b). The convolution lay-
ers are followed by a couple of dense layers, and the output 
layer at the end has a ‘Sigmoid’ activation, which provides 
a probability score between 0 and 1 to convince whether 
the given input is fake (0) or real (1), respectively. The task 
of the discriminator network (D) is to give a score, which 
ascertains whether the input data came from the distribu-
tion of real samples (IHR) or generated samples (ISR). As the 
training progresses, the generator can create more realistic 
images so that the discriminator may classify them as real.

Training strategies

Supervised training strategy

A neural network contains several trainable parameters. 
While training a neural network, the objective is to adjust 
these parameters in the best possible way. The parameters 
update is done by the optimizer through a backpropagation 
algorithm. Supervised training is a simple way of training 
a neural network if a labeled dataset is available. The term 
labeled dataset means the availability of input-target pairs 
of data samples. Here, the goal is to predict a target field if 
an input field is passed into the neural network. In this study, 
the input field corresponds to the LR data and the target field 
is the HR data. While training, the neural network’s task is 
to learn the most appropriate mapping between the LR and 
HR data.

As discussed in the above section, the SRResNet is the 
neural network architecture we used in the present study. 
Figure 3a is a diagram showing how supervised training 
is applied to train the SRResNet with the available input-
target pair. The learnable parameters of SRResNet are 
initialized randomly, and the LR data is passed into the 
network through the input layer. The SRResNet will then 
generate HR vaguely, subsequently, the mean squared 
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error (MSE) between the generated HR and target HR is 
calculated. The optimizer will then adjust the trainable 
parameters in such a way that the MSE is minimized. 
We used Adam optimizer with learning rate 0.0001 to 
optimize the SRResNet. This process continues for sev-
eral iterations until the loss converges. To monitor the 
SRResNet training, 30% of the entire training samples 

are kept away from training set for validation. The per-
formance of the SRResNet is validated on the validation 
dataset to determine how well the model generalizes to 
unseen scenarios. Once the training is completed, we 
applied the SRResNet to generate/super-resolve the HR 
rainfall data for the test period, by providing it with the 
input LR.

Fig. 2   Architecture of neural networks used in this study. a Archi-
tecture of SRResNet, which also serves as a generator network of 
SRGAN; b Architecture of discriminator network. The filter size of 
the convolution layer is mentioned at the top. The number of filters 

(n) and stride number (s) is given at the bottom of the convolution 
layer. For example, the label ‘5 × 5’ on the top and ‘n4s1’ at the bot-
tom means four filters of size 5 × 5 convolve with a stride interval of 1
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Adversarial training strategy

Adversarial training, also known as the GAN training, is 
another way to adjust the learning parameters of a deep 
neural network. It involves an adversarial process where 
the G and the D are trained simultaneously. Figure 3b is a 
flowchart showing the steps of adversarial training strat-
egy. G is the SRResNet that generates the HR data and 
D is a classifier that distinguishes the generated HR and 
target HR. The G tries to maximize the probability that the 
discriminator may classify the generated samples as real 
while the discriminator tries to minimize the same, hence 
the term adversarial training. The minimax game serves as 
the pivotal mechanism in Generative Adversarial Network 
(GAN) training, enabling the accomplishment of intricate 
and advanced tasks. The fundamental aim is to maintain 
the training process as a zero-sum game, ensuring equi-
librium between the training of the generator (G) and the 
discriminator (D).

For SRGAN training, a custom loss function called per-
ceptual loss is implemented. Perceptual loss is the weighted 
sum of content loss from the generator and adversarial loss. 
The key is the content loss, which is minimized at feature 
space rather than pixel/grid space. Following the methodol-
ogy proposed by Ledig et al. (2017), a pre-trained VGG-19 
network is used to generate feature maps of both real and 
generated maps. The content loss is defined as the Euclidean 
distance between the feature maps created from generated 
HR as well as target HR.

The content loss ( LCL ) is defined as the Euclidean dis-
tance between the features ( �i,j ) from the generated image 
(ISR) and the actual image (IHR). Therefore,

where Wi,j and Hi,j are the dimensions of the pretrained 
VGG-19 generated features. �i,j stands for the features gen-
erated from ith convolution layer before the jth max pooling 
layer of the VGG-19 network.

The adversarial loss ( LAL ) component assists the gen-
erator to mislead the discriminator by making realistic 
samples. It is defined based on the probability of the dis-
criminator over all training samples and is denoted as:

So, the overall GAN loss, also termed as perceptual loss 
( LPL ), can be written as:

where � = 1 and � = 10
−3 are the weight coefficients of the 

respective terms. These coefficients are adopted from Ledig 
et al. (2017).

In our experiments, the Adam optimizer with a learning 
rate 0.0001 is applied to optimize the learning parameters 
of G as well as D.

In a nutshell, the training process of the SRGAN are 
as follows:

•	 The SRResNet (G) generates HR samples from an LR 
input.

LCL(i,j) =
1

Wi,jHi,j

Wi,j
∑

x=1

Hi,j
∑

y=1

(

�i,j

(

IHR
)

x,y
− �i,j(G

(

ILR
)

x,y

)2

LAL =

N
∑

n=1

−logD(G(ILR))

LPL = �.LCL + �.LAL

Fig. 3   Training strategies for deep neural networks. a supervised training strategy b adversarial training strategy
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•	 The D receives both the generated HR sample and a real 
HR sample from the training dataset and evaluates their 
authenticity.

•	 The G and the D update their parameters based on their 
respective loss functions. The generator tries to minimize 
the loss, which represents the distance between the gener-
ated HR and the real HR data, or their feature maps as 
produced by a pre-trained network. The discriminator 
tries to maximize the loss, which represents the accuracy 
of its classifications.

•	 The training continues until the generator and the dis-
criminator reach an equilibrium, where the generator 
generates realistic samples that the discriminator cannot 
reliably distinguish from the real data.

•	 Upon reaching this equilibrium, the SRResNet (G) is 
separated and is tested upon the testing set.

Bias correction and spatial disaggregation

To robustly evaluate the trained neural network models 
for downscaling, we also employed the bias-correction 
and spatial disaggregation (BCSD) downscaling method 
(Wood et al. 2002). BCSD is a simple and effective statis-
tical downscaling method widely used by climatologists 
and hydrologists (Abatzoglou and Brown 2012; Bürger 
et al. 2012; Maurer and Hidalgo 2008; Maurer et al. 2010; 
Vandal et al. 2019; Wood et al. 2004). We followed same 
methodology as Vandal et al. (2019) demonstrated for 
downscaling gridded precipitation at a daily temporal 
scale. BCSD consists of two stages: the bias correction 
of precipitation data using quantile mapping to remove 
systematic biases and the spatial disaggregation of bias-
corrected data to match the fine-scale spatial patterns. For 
a detailed description of the BCSD deployed in this study, 
refer to Vandal et al. (2019).

Description of downscaling experiments

Both supervised and adversarial learning strategies are used 
to train the SRResNet. The description of the experiments 
conducted are given in Table 1. The BCSD downscaling is 
deployed as a reference statistical downscaling method, in 
order to evaluate other methods evaluated in this study. Ini-
tially, the SRResNet is trained by supervised training strat-
egy along with validation split to confirm the SRResNet was 
not overfitting to the training set. Overfitting occurs when 
the model fits immensely to the training samples but per-
forms weakly on unseen samples.

The SRGAN experiments are designed to evaluate the 
impact of perceptual loss implementation for training. On 
the same note, four variants of the SRGAN variants were 
designed and they are named as SRGAN-MSE, SRGAN-
VGGB2, SRGAN-VGGB3 and SRGAN-VGGB4. The 
SRGAN-MSE does not involve feature extraction while 
computing the content loss, instead the MSE between gen-
erated and target HR is considered. What makes the SRGAN 
special is the calculation of MSE at feature space rather than 
pixel space. We used the pretrained VGG-19 network to 
extract feature maps from the generated HR and target HR. 
Figure 4a shows the feature extraction steps. The VGG-19 is 
a deep convolutional classifier network trained on ~ 10 mil-
lion labeled images from ‘IMAGENET’ database (Simonyan 
and Zisserman 2015). It has five blocks of fully connected 
convolutional layers, followed by dense layers and ‘Soft-
Max’ activation at the output layer. Since it has been trained 
on a wide range of image classes, its potential to retrieve 
valid feature maps out of a given input is being exploited by 
implementing the VGG-19-based perceptual loss.

Only the top-level convolutional blocks of VGG-19 
(Fig. 4b) are required for feature extraction. Three VGG 
experiments (SRGAN-VGGB2, SRGAN-VGGB3 and 
SRGAN-VGGB4) were designed, based on the layer of 
the pre-trained VGG-19 network from which the features 

Table 1   Description of downscaling experiments conducted in this study

Experiment (Model) Description Hyperparameters & Specifics

BCSD Bias correction and spatial disaggregation
SRResNet The generator network is trained stand-alone in supervised training mode. Optimized by 

minimizing the MSE loss function
Learning rate = 0.0001, 

Batch size = 64, 30% Vali-
dation split

SRGAN-MSE Adversarial training. Content loss is MSE loss between generated and real HR. No feature 
extraction involved

Trained on batches of 
batch size 64, Learning 
rate = 0.0001SRGAN-VGGB2 Adversarial training. Content loss optimized at high-level features generated from VGG-19 

block2_conv2 layer
SRGAN-VGGB3 Adversarial training. Content loss optimized at intermediate-level features generated from 

VGG-19 block3_conv4 layer
SRGAN-VGGB4 Adversarial training. Content loss optimized at low-level features generated from VGG-19 

block4_conv4 layer
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are being extracted (Fig. 4b). A detailed description of 
all experiments conducted is given in Table 1. High-level 
(block2_conv2), intermediate level (block3_conv4) and low-
level (block4_conv4) feature maps produced by specific lay-
ers of the pre-trained VGG-19 network were the subjects of 
experiments.

Evaluation metrics

For the evaluation of trained neural network models, we 
choose the following metrics:

	 (i)	 Root Mean Squared Error (RMSE):

	 (ii)	 Mean Absolute Error (MAE):

	 (iii)	 Percentage Bias (PBIAS):

	 (iv)	 Pearson Correlation Coefficient ( CC):

where, Oi is the actual observation value, Mi is the model 
predicted value, N is the total number of non-missing data 
points, O and M are the mean of all values of Oi and Mi , 
respectively.

RMSE =

�

∑N

i=1

�

Oi −Mi

�2

N

MAE =

∑N

i=1
�

�

Oi −Mi
�

�

N

PBIAS = 100 ×

∑N

i=1

�

Mi − Oi

�

∑N

i=1
Oi

CC =

∑N

i=1

�

Oi − O
��

Mi −M
�

�

∑N

i=1

�

Oi − O
�2

∑N

i=1

�

Mi −M
�2

In addition, to quantify the bias associated with vari-
ous precipitation rates, we calculated the conditional bias 
(CB) as the ratio of the mean model predicted precipitation 
to the mean observed precipitation within each category. 
The various precipitation categories based on precipitation 
rate as defined by IMD is provided in Table 2 (Barde et al. 
2020). The mathematical notation for CB can be expressed 
as follows.

For a given precipitation category bounded by lower 
bound value and upper bound value:

where, N is the number of data points, M
i
 is the model pre-

dicted precipitation value, and Oi is the model observed pre-
cipitation value, in the rainfall category under consideration.

CB =
1

N

∑N

i=1

Mi

Oi

Fig. 4   a Flowchart showing 
feature extraction from a pre-
trained network. b Architecture 
block diagram of pre-trained 
VGG-19 network

Table 2   Various categories of rainfall events and respective rain-
fall intensity ranges as defined by India Meteorological Department 
(IMD)

Description term used Rainfall 
amount 
(mm/day)

Very light rain (VLR) 0.1–2.4
Light rain (LR) 2.5–7.5
Moderate rain (MR) 7.6–35.5
Rather heavy rain (RHR) 35.6–64.4
Heavy rain (HR) 64.5–124.4
Very heavy rain (VHR) 124.5–244.4
Extremely heavy rain (EHR)  > 244.5
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Results

The neural network models are trained using the training 
data set, i.e., 1901–1999 JJAS. Then, the trained models 
were tested upon the testing set (2000–2021 JJAS). The 
data for the test period was not exposed while training, and 
whatever the trained models generate is purely based on 
what they learned during the training phase. The training 
curves obtained during the process and the best model 
selection criteria are described in supplementary informa-
tion (Figure S1–S5). In addition, the BCSD method was 
also deployed for downscaling the gridded rainfall data. 
This section presents an evaluation of the downscaled and 
reconstructed data by comparing it with the actual IMD-
HR for the test period (2000–2021 JJAS).

Overall agreement

The objective metrics such as CC, RMSE, MAE, and 
PBIAS are calculated to evaluate the reconstructed data. 
These metrics are calculated aggregately after flattening 
the entire data array (Tables 3, 4) and are significant at 
95% confidence. The CC of each grid point with respect 
to timesteps is calculated and visualised as a spatial map 
in Fig. 5. Figure 5 shows that all the downscaled data 

lack agreement over certain regions, such as mountainous 
regions (North Himalayas and North-east hills) and rain-
shadow regions (Southern Indian peninsula, especially the 
Tamil Nadu state). The IMD gridded rainfall is derived 
from rain gauge records only, and the rain gauge den-
sity significantly affects its quality over the mountainous 
regions. This explains the weak correlation over moun-
tainous regions since those areas have sparse rain gauge 
stations. During JJAS months, the southwest monsoon pre-
cipitates mainly over the Western Ghats (WG) and Central 
India (CI). However, the eastern coasts and Tamil Nadu 
receive peak rainfall during the northeast monsoon during 
October–November (Rajeevan et al. 2012), leading to a 
reduced correlation over rain shadow regions during JJAS. 
In Fig. 5, it is clear that all grid points covering the WG 
and CI have a reasonable correlation (> 0.6), and the same 
pattern has also been visible in the reconstructed data 
by BCSD, SRResNet, SRGAN-MSE, SRGAN-VGGB2, 
SRGAN-VGGB3 and SRGAN-VGGB4.

Table  2 shows the objective metrics of all methods 
experimented in this study over India. SRResNet has the 
minimum RMSE (12.25 mm/day) and maximum correlation 
(0.657). All methods are observed to have negative PBIAS. 
The SRGAN-VGGB2 optimised for content loss contributed 
by high-level features, was more negatively biased. Com-
paratively, the performance of SRResNet and SRGAN-MSE 
was almost similar since both were optimised for MSE loss, 
the first being in supervised mode and the latter being in 
adversarial mode. Figure 5 reveals that all the downscal-
ing methods perform better over the region bounded as the 
Monsoon Core Zone (MCZ).

Consequently, the evaluation metrics were computed 
explicitly for grid points falling within the MCZ, and these 
results are detailed in Table 4. Figure 6 presents boxplots 
revealing the distribution of rainfall rates obtained from 
IMD-HR data and the other reconstructed data to provide a 
more comprehensive perspective on the data. Figure 6a illus-
trates the distribution across India, while Fig. 6b depicts the 
distribution of rainfall rates solely within the MCZ. Inter-
estingly, the distribution of the reconstructed data shows 
variations across each downscaling scenario compared to 
the observed IMD-HR data. Nevertheless, it is worth noting 
that the distribution of rainfall rates for all of India closely 
mirrors that of the MCZ, which is the same in the recon-
structed data case. This suggests that evaluation focusing 
on MCZ might give some valuable insights into the overall 
performance and consistency of the downscaling methods 
being experimented in this study.

Evaluation on Monsoon Core Zone

The MCZ refers to a specific geographical region across 
India characterized by a pronounced and crucial influence 

Table 3   Performance metrics such as RMSE (mm/day), MAE (mm/
day), PBIAS (%) and Pearson’s correlation coefficient (CC) of the 
trained models, calculated aggregately over India

Downscaling method CC RMSE MAE PBIAS

BCSD 0.601 13.659 5.834 – 3.106
SRResNet 0.657 12.25 5.399 – 8.418
SRGAN-MSE 0.647 12.373 5.444 – 10.005
SRGAN-VGGB2 0.603 13.28 5.448 – 46.169
SRGAN-VGGB3 0.541 14.441 6.245 – 23
SRGAN-VGGB4 0.539 14.218 6.086 – 29.083

Table 4   Performance metrics such as RMSE (mm/day), MAE (mm/
day), PBIAS (%) and Pearson’s correlation coefficient (CC) of the 
trained models, calculated aggregately over the Monsoon Core Zone 
(MCZ)

Downscaling method CC RMSE MAE PBIAS

BCSD 0.66 11.836 5.141 – 0.613
SRResNet 0.699 10.939 4.863 – 3.579
SRGAN-MSE 0.694 11.008 4.883 – 5.447
SRGAN-VGGB2 0.638 12.158 4.995 – 48.929
SRGAN-VGGB3 0.588 12.97 5.631 – 22.678
SRGAN-VGGB4 0.588 12.796 5.564 – 24.301
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of the Indian summer monsoon (Rajeevan et al. 2006, 2010). 
This zone is typically situated in central India and experi-
ences distinctive monsoon-related climatic features. This 
section discusses a detailed evaluation of the downscaling 
methods based on their performance over MCZ.

The conditional bias (CB) associated with each rainfall 
category, as described in Table 2, is calculated for the MCZ 

region and visualized in Fig. 7. These line plots depict CB 
values relative to rainfall categories, where a CB value of 
1 or close to 1 is considered best. Notably, the downscaling 
methods, including SRResNet, SRGAN-MSE, SRGAN-
VGGB2, SRGAN-VGGB3, and SRGAN-VGGB4, exhibit a 
significant bias due to the overestimation of rainfall values 
within the very low rain (VLR) category, whereas the BCSD 

Fig. 5   Spatial map of correlation coefficients (CC) calculated for each 
grid points of downscaled data from BCSD, SRResNet, SRGAN-
MSE, SRGAN-VGGB2, SRGAN-VGGB3 and SRGAN-VGGB4 with 

IMD-HR during the test period (2000–2021 JJAS). The CC values 
are significant at 95% confidence interval. The region enclosed within 
the blue bounding box is the Monsoon Core Zone (MCZ)

Fig. 6   The boxplots showing the distribution of IMD rainfall data (IMD-HR) and downscaled data by BCSD, SRResNet, SRGAN-MSE, 
SRGAN-VGGB2, SRGAN-VGGB3, and SRGAN-VGGB4 for a entire India and b Monsoon Core Zone region
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method performed the best. However, as traversed to the 
intense rainfall categories (VHR and EHR), the BCSD is 
underperforming and other methods, especially the SRGAN-
VGGB3 variant, are performing the best. This indicates that 
the SRGAN variants have better skill in reconstructing high-
intensity rainfall events than BCSD.

The variation evaluation metrics such as CC, RMSE, 
MAE, and PBIAS against percentile are visualized in 
Fig. 8. These metrics are calculated for events exceed-
ing percentile-based thresholds, which are determined 

based on field-averaged series over the MCZ. Based on 
CC, the SRResNet and SRGAN-MSE variants performed 
better than all other methods across all percentiles ranging 
from 50 to 99. Noticeably, the CC values are improving 
for higher percentile events for all methods, with SRGAN-
MSE and SRResNet being the best (Fig. 8a). Similarly, 
based on the RMSE and MAE, SRResNet and SRGAN-
MSE are observed to showcase better skills, followed 
by the BCSD, SRGAN-VGGB2, SRGAN-VGGB3 and 
SRGAN-VGGB4 variants (Fig. 8b, c). The BCSD method 

Fig. 7   Conditional bias with 
respect to various Rainfall 
Intensity Categories as shown 
by various downscaling 
methods followed in this study. 
The description of the rainfall 
categories are given in Table 2

Fig. 8   Variation in performance evaluation metrics, such as a correlation coefficients (CC), b root mean squared error (RMSE), c mean absolute 
error (MAE), and d percentage bias (PBIAS), with respect to percentiles
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has lower PBIAS than other methods, which can be attrib-
uted to the dedicated bias correction step involved in its 
preparation (Fig. 8d).

To further our evaluation, we investigated how well 
the downscaling methods can reconstruct the monthly 
mean climatology (R) and extremes. We consider two 
extreme indices to quantify extremes: the 99th percentile 
magnitude (R99) and maximum 1-day rainfall intensity 
(Rx1Day). Both are calculated at the monthly frequency 
for each grid point within MCZ. The error in their recon-
struction is calculated as the difference between the 
reconstructed values from that of the observed, and the 
spread of error in reconstructed R, R99 and Rx1Day by 
various downscaling methods are visualized as boxplots in 
Fig. 9. The error spread of SRResNet and SRGAN-MSE 
are minimal in reconstructing the R, closely followed by 
BCSD (Fig. 9a). Regarding extreme indices like R99 and 

Rx1Day, BCSD and SRGAN-VGGB3 perform better than 
other methods.

Evaluation on selected samples

The term 'perceptual accuracy' is introduced to describe the 
precision with which the trained models can identify the grid 
points of rainfall occurrence in the generated data. Nota-
bly, SRGAN training excels in preserving fine details while 
super-resolving images (Ledig et al. 2017; Kumar et al. 
2023). Figure 10 represents four distinct samples drawn from 
the test set, all falling above the 99th percentile during the 
test period. SRGAN-VGGB3 and SRGAN-VGGB4 exhibit 
commendable performance in generating perceptually real-
istic high-resolution rainfall data, pinpointing the grid points 
witnessing high-intensity rainfall events. However, their cor-
relation coefficient (CC) values with respect to IMD-HR are 
relatively low due to persistent negative bias.

Fig. 9   Boxplots illustrating bias in a Estimated mean monthly rainfall, b Estimated 99th percentile magnitude at monthly frequency, and c Esti-
mated maximum 1-day rainfall for each month, in comparison with IMD-HR during the test period (2000–2021 JJAS)
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Conversely, SRGAN-VGGB2 shows unrealistic check-
erboard artefacts and tends to underestimate rainfall occur-
rence. SRResNet and SRGAN-MSE capture the overall data 
distribution and correlate well with IMD-HR. Nevertheless, 
the data they reconstruct is overly smoothed and does not 
accurately pinpoint the exact grid locations of high rainfall 
intensity. In contrast, SRGAN excels in generating realistic 
maps that precisely identify grid points of rainfall occurrence, 
and this consistency is maintained across all time steps within 
the test period. Figure 11 provides information about the bias 
in each of these samples as compared with IMD-HR. The 
reconstructed data by SRResNet and SRGAN-MSE performs 
on par with or better than the BCSD method. However, the 
VGG-based variants of SRGAN do not consistently outper-
form the others, particularly regarding grid points representing 
low rainfall values.

Discussion

Downscaling rainfall or other variables is an ill-posed 
problem where a minor input error leads to huge output 
differences. Rainfall data downscaling is even more chal-
lenging due to its stochasticity and highly skewed dis-
tribution. This study demonstrated the potential of deep 
learning techniques to address this problem. Each 1ox1o 
LR grid point must diffuse into 16 grid points in the four-
factor downscaling attempt. The broader objective is to 
demonstrate the potential, limitations, and transferability 
of direct implementation of an image super-resolution 
technique for gridded climate data downscaling. This 
study also focuses on demonstrating the ability of adver-
sarial learning to preserve minute details while enhancing 

Fig. 10   Examples showing the actual and generated rainfall maps. Each column indicates the downscaling methods. Each row indicates various 
samples. The correlation coefficient of each sample with respect to IMD-HR is labelled in blue
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LR input. Amidst the fact that India is geographically het-
erogeneous in terms of spatial rainfall distribution, these 
models are trained to generate rainfall maps of the entire 
country.

There always exists a trade-off between the resolution 
of data and the computation requirement to achieve that. If 
high-resolution data is required, investing more in computa-
tion costs is mandatory. However, the novel AI/ML/DL tech-
niques offer an opportunity to generate more realistic data at 
a cheaper computation cost (Lecun et al. 2015). An extensive 
change will become possible when such novel techniques 
can be confidently applied to ESM/GCM data. This study 
adopts gridded rainfall as a test case since it is a stochastic 
variable characterized by complex dynamics. Also, this is 
a non-exhaustive study, and the problem is simplified by 
limiting the input signal to LR rainfall data only. This study 
is considered a pure data-driven problem; the trained models 
are still 'black boxes', and there is room for improvement 
by various means such as rigorous data cleaning, hyperpa-
rameter tuning, restructuring the generator architecture, and 

augmenting more input variables. (Kashinath et al. 2021; 
McGovern et al. 2019).

Although DL models are complex to train, they are com-
putationally faster and cheaper during deployment (Vandal 
et al. 2019). They are faster in computation than dynamical 
models and may perform better than traditional statistical 
methods. The scope of this study is to enrich a new class of 
downscaling methods based on AI/ML/DL techniques that 
are superior to traditional statistical methods and as effective 
as dynamical models. The presented results demonstrate the 
advantages and limitations of the SRGAN technique when 
directly applied to gridded climate data.

Summary and conclusions

The primary aim of this study is to implement a state-of-
the-art image super-resolution technique to downscale and 
reconstruct high-resolution rainfall data over India. The 
attempt is to train neural network models that can downscale 

Fig. 11   Bias in selected samples with respect to IMD-HR. The mean bias value over entire grid points is labelled in blue
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IMD gridded rainfall by a factor of four, i.e., 1° × 1° LR 
data to its 0.25° × 0.25° HR counterpart. Building LR-HR 
statistical relationships and downscaling according to that 
will produce smoothened data. One of the observations is 
that the objective metrics do not accurately reflect the per-
ceptual quality of the data generated by trained SRGAN 
models. Based on RMSE and correlation, SRResNet was 
the best, but the generated maps were oversmoothed and 
unrealistic. The SRResNet and SRGAN-MSE try to mini-
mize the pixel-wise error between generated HR and actual 
HR, whereas VGG-19-based SRGAN minimizes the MSE 
at feature space.

The spatial correlation map showed that the downscal-
ing methods have improved skills over the MCZ (Fig. 6). 
Hence, the evaluation domain is narrowed to MCZ and the 
conditional bias associated with various intensity-based 
rainfall categories are investigated (Fig. 7). All downscal-
ing methods, except BCSD, overestimated the low rainfall 
events, showing a significant bias in lower rainfall rates. 
However, with very or extremely high rainfall categories, 
SRGAN variants had the least bias compared to BCSD. The 
SRResNet and SRGAN-MSE methods outperformed BCSD, 
but the VGG-based variants of SRGAN were underperform-
ing in most of the evaluation scenario in terms of objective 
metrics (Fig. 8).

To understand the perceptual similarity of the generated 
data compared to IMD-HR, an evaluation was carried out 
on selected samples, which are extreme events falling above 
the 99th percentile threshold. The VGG-based SRGAN vari-
ants, particularly SRGAN-VGGB3, demonstrated a poten-
tial to preserve the perceptual quality to a certain extent 
but failed to reconstruct the magnitude (Figs. 10–11). The 
spatial difference plots of these selected samples with IMD-
HR revealed that the SRGAN-VGGB2, SRGAN-VGGB3, 
and SRGAN-VGGB4 vastly underestimated the low rainfall 
values, showcasing deteriorated performance overall. Con-
versely, the SRResNet and SRGAN-MSE performed bet-
ter than other methods, as visible in most of our evaluation 
strategies. In summary, the VGG-based SRGAN variants 
has limitation in reproducing the exact magnitude of rainfall 
rate, especially at low rainfall category. But the day wise 
rainfall maps reconstructed are perceptually similar pin-
pointing the grid points witnessing high-intensity rainfall 
events. With further refinements, these deep learning-based 
downscaling methods could be a potential alternative to tra-
ditional statistical methods for gridded rainfall downscaling.
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