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Abstract 

Global Climate Models (GCMs) simulate the Earth’s climate dynamics and fore-

cast the future climate under different shared socioeconomic pathways. However, 

GCM salinity projections in the Bay of Bengal have high errors as evaluated for the 

years in which both projections and reanalysis are available. We develop a convo-

lutional encoder-decoder deep neural operator model (UNet) for bias correction of 

GCM salinity projections in the Bay of Bengal. We analyze the corrected projections 

quantitatively and qualitatively to examine the mean and variability of surface salinity 

and the top 200m depth-averaged salinity projections. The root mean square error 

(RMSE) and Pattern Correlation Coefficient (PCC) analysis quantitatively demon-

strate UNet’s superior performance compared to the baseline Equi-Distant Cumula-

tive Distribution Function (EDCDF) method for bias correction. The UNet-corrected 

projections demonstrate significant improvements with up to 45% lower RMSE and 

5% higher PCC for sea surface salinity, and up to 35% lower RMSE and 2% higher 

PCC for 200m depth-averaged salinity during the test period. Crucially, the modified 

salinity patterns in the UNet-corrected projections suggest changes to major features 

such as the barrier layer, East India Coastal Current, and Southwest Monsoon Cur-

rent, which in turn affect the health of mangroves and the primary productivity of the 

region.

1  Introduction

Climate change represents one of the most significant challenges of our era. Con-
sidering the ocean’s vital role in climate dynamics, enhancing our understanding of 
ocean variability and change is essential. Major challenges in understanding the cli-
mate system include accurately quantifying the Earth’s heat and freshwater balances, 
with the oceans playing a critical role in both. Climate change affects water circulation 
and sea surface salinity [1]. Salinity is a crucial physical property of seawater that 
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influences ocean dynamics by regulating density, stratification, and circulation [2,3]. 
Salinity quantifies the intensity of the ocean hydrological cycle and plays a vital role in 
ocean-atmosphere interactions [4]. Thus, capturing changes in salinity accurately is 
crucial for improved climate projections and global climate change policy-making.

The Indian Ocean is a unique tropical basin that is largely closed off to the north, 
with restricted connections to other oceans. Its salinity is mainly affected by mon-
soon rainfall. In the northern Indian Ocean, the Arabian Sea is characterized by high 
salinity, whereas the Bay of Bengal is known for its lower salinity. The Bay of Bengal 
is the largest and most stratified bay globally [5,6]. Salinity in the Bay of Bengal is 
mainly influenced by the influx of freshwater from precipitation and rivers, as well as 
the remote influx of high-saline water. The Southwest Monsoon Current (SMC), an 
eastward flowing current in the Indian Ocean near Sri Lanka that supplies salt water 
to the Bay of Bengal from the Arabian Sea [7–9]. SMC is a surface phenomenon 
with an intense flow in the top 200 m [7,10]. Our recent research elucidates a signif-
icant correlation between salinity variations within the Andaman Sea and the SMC 
[11]. These studies highlight the essential role salinity plays in the sustainability of 
marine biodiversity, emphasizing the need to explore the impacts of climate change 
on salinity to assess potential changes in ocean biodiversity. Although sea surface 
temperature, sea level, and greenhouse gases are well-established indicators of 
climate change, the impact of variations in freshwater/seawater salinity has not been 
thoroughly investigated. Salinity plays a crucial role in the climate system [12], and 
accurate salinity forecasts are vital to comprehend future changes in the dynamics of 
global oceans, including the Bay of Bengal.

Global Climate Models (GCMs) such as the Centre National de Recherches 
M´et´eorologiques Climate Model (CNRM-CM6) are sophisticated computational 
tools that simulate the Earth’s climate dynamics. The Coupled Model Intercomparison 
Project (CMIP), under the aegis of the World Climate Research Program (WCRP), 
within the Intergovernmental Panel for Climate Change (IPCC) framework, contains a 
suite of climate models to project future climate scenarios. Phase 6 (CMIP6) models 
employ Shared Socioeconomic Pathways (SSP) to simulate the climate impact of 
possible future global trends [14,15]. These models provide future atmospheric and 
oceanic projections. However, a significant limitation of GCMs lies in their susceptibil-
ity to bias, which could significantly influence decision-making and policy processes. 
For example, the salinity projections for the Bay of Bengal in the CMIP6 suite have a 
root mean square error (RMSE) of 4.2 psu (for the CNRM-CM6 SSP1) compared to 
data from the Ocean Reanalysis System (ORAS5).

Fig 1 illustrates the JJAS (monsoon season) climatology of the top 200 m salinity 
average (S200mavg) in the Bay of Bengal. Notably, the CNRM-CM6 projections and 
the ORAS5 reanalysis capture the SMC’s signature: high saline water entering the 
Bay of Bengal from the southwest. However, CNRM-CM6 consistently exhibits both 
higher salinity values and a different spatial extent of this high salinity in the Bay of 
Bengal compared to ORAS5. A robust data-driven bias correction is necessary to 
accurately capture this feature and study its interannual salinity variability in a chang-
ing climate.
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Bias correction approaches for GCM projections can be categorized into statistical or dynamical downscaling, and 
machine learning methods. Within the statistical framework, bias correction techniques for CMIP ocean models are pri-
marily divided into univariate and multivariate approaches [16–19]. Univariate methods address individual variables inde-
pendently using interpolation techniques that adjust statistical moments such as mean and variance based on projection 
and observational datasets. Several prominent univariate techniques have emerged: the delta change approach maintains 
observational dynamics while generating future time series [20], linear scaling modifies monthly means while preserving 
observational variability [20], and distribution mapping adjusts model distribution functions to align with observational data 
[21]. Among these approaches, quantile mapping has gained widespread adoption for correcting distributional properties 
[16], with the Equi-Distant Cumulative Distribution Function (EDCDF) method emerging as the most popular quantile map-
ping variant for CMIP6 bias correction applications [22]. Multivariate methods extend beyond individual variable correc-
tions to address inter-variable dependencies and cross-correlations. Notable multivariate techniques include conditional 
binning, which implements two-dimensional corrections for temperature-precipitation relationships through -based binning 
followed by quantile mapping [17], and iterative approaches that cyclically apply univariate quantile mapping combined 
with multivariate corrections across multiple temporal scales [23,24].

Machine learning algorithms enable data-driven predictions through supervised learning, mapping input-output relation-
ships for environmental applications [14]. ML techniques analyze complex ocean-atmospheric data including temperature, 
precipitation, salinity, and currents to improve understanding of climate dynamics and improve forecast accuracy [25,26]. 
Deep neural networks, particularly convolutional and transformer models, effectively address spatio-temporal problems 
[27,28]. Recent applications include bias correction for temperature [29], precipitation [30], wind energy [31], and Indian 
regional climate variables [32,33]. However, CMIP6 ocean forecast bias correction for the Bay of Bengal using deep learn-
ing remains unexplored, presenting significant potential for ML-based climate model improvement. Recently, multiple deep 
neural network architectures have been explored for GCM bias correction through an extensive ablation study to arrive at 
the UNet convolutional encoder-decoder neural operator architecture [34]. Bias correctors based on the above architec-
ture have been used to improve the projections of temperature and sea level [35]. However, salinity bias correction using 
deep models has not been reported in the literature. Building on the aforementioned progress, the purpose of the present 

Fig 1.  Study Domain. Bay of Bengal domain from 2◦N to 22.5◦N latitude and 78◦E to 99◦E longitude. JJAS climatology for the Bay of Bengal from 
1958 to 2014 using (a) historical data from the CNRM-CM6 model from CMIP6 and (b) ORAS5 reanalysis, show that climate models poorly represent 
salinity in the Bay of Bengal. Coastline is extracted from NOAA’s ETOPO [13].

https://doi.org/10.1371/journal.pclm.0000749.g001

https://doi.org/10.1371/journal.pclm.0000749.g001
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paper is to train a new deep neural model for bias correction of salinity projections in the Bay of Bengal and to apply the 
trained model to study the dynamical implications of the corrected salinity projections.

2  Materials and methods

To correct the GCM salinity projections of the Bay of Bengal, we employ a UNet Neural Model trained on climatology-
removed historical (1958-2014) and projection (2015-2020) data from CMIP6 (CNRM-CM6) as input, with climatology-
removed ORAS5
(1958–2020) as ground truth. In what follows, we describe the neural model architecture, detail the datasets used for 
model development and evaluation, and explain the baseline correction method used for comparative assessment.

2.1  UNet neural model for bias correction of GCM salinity projections

The UNet neural network architecture for salinity bias correction is shown in Fig 2.
A detailed ablation study on this neural operator is described in our recent work [34]. This architecture was 

selected for its ability to combine global context with local high-resolution features, making it particularly effective 
for our application, where fine details are as important as the overall structure. A similar architecture was used for 
the corrections of sea surface temperature and dynamical sea level in the Bay of Bengal [35]. The present paper 
focuses on using a similar architecture to train new models for correcting SSS and S200mavg projections. We 
develop and provide data processing utilities alongside a UNet neural network to correct biases in CNRM-CM6 
sea surface salinity (SSS) and top 200 m depth-averaged salinity (S200mavg), with our code available on GitHub 
(https://github.com/AbhiPasula/CNRM-CM6-Salinity-Bias-Correction) [36]. The new set of hyperparameters are also 
detailed in Section 2.2.

2.2  Training data and procedure

For developing the deep learning data-driven bias correction model based on deep learning for future projections, we 
selected the Global Climate Model (GCM) CNRM-CM6–1-HR, part of the CMIP6 suite, from the National Center for 
Meteorological Research (CNRM), France. This model was chosen because it exhibits smaller biases in ocean tempera-
ture and salinity compared to previous versions [37], and its projections for ocean heat uptake closely match observed 
data [38]. The data set includes historical simulations from 1850 to 2014 and extends future projections to 2100 through 
four shared socioeconomic pathways (SSPs), namely SSP1-2.6, SSP2-4.5, SSP3-7.0, and SSP5-8.5. These scenarios 
encompass different paths for energy consumption, land use, and emissions, giving different sets of projections based on 
the scenarios. The CNRM-CM6–1-HR uses a 25 km ocean grid and a 50 km atmospheric grid, allowing complete model-
ing of the general circulation of the ocean and atmosphere [37].

We selected Ocean Reanalysis System 5 (ORAS5), developed by the European Center for Medium-Range Weather 
Forecasts (ECMWF), as the reference dataset for training our salinity bias correction model. ORAS5 is configured with the 
NEMO ocean model version 3.4.1 [39] at a 25 km horizontal resolution and incorporates multiple observational datasets 
through a 3D-Var assimilation scheme with a 5-day cycle. The system assimilates sea surface temperature, subsurface 
temperature, salinity profiles, satellite sea level measurements, and sea ice concentration data. ORAS5 nudges the sea 
surface salinity to climatology [40]. By training the model to minimize error relative to ORAS5, the corrected projections 
inherently inherit the reanalysis product’s systemic biases. Consequently, the corrected salinity represents the best 
estimate consistent with the ORAS5 reanalysis state rather than absolute observational truth; however, given the paucity 
of long-term, high-resolution continuous salinity observations in the Bay of Bengal, aligning with the ORAS5 standard 
represents the current state-of-the-art for minimizing GCM bias. More details about the CNRM and ORAS5 models are 
provided in the Table A in S1 Text. The same data sources were used for the bias corrections of CNRM-CM6 sea surface 
temperature in the Bay of Bengal [34].

https://github.com/AbhiPasula/CNRM-CM6-Salinity-Bias-Correction
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Fig 2.  UNet architecture. Input is a 128 × 128 image of the monthly anomaly of GCM salinity projection. The encoder path has five downsampling 
stages, each with two convolutional layers (3 × 3 filters, tanh activation, and dropout) and one 2 × 2 max pooling. The number of filters doubles at each 
stage (32, 64, 128, 256, 512), with 1024 channels in the bottleneck layer. The decoder has five upsampling stages, each with one transposed convolu-
tion (2 × 2) and two convolutional layers (3 × 3 filters, tanh activation, and dropout). Each stage also combines the upsampled features with the corre-
sponding encoder features through skip connections (a concatenation operation). A 1 × 1 convolutional layer is used to obtain the final output. Coastline 
in input and output images are extracted from NOAA’s ETOPO [13].

https://doi.org/10.1371/journal.pclm.0000749.g002

https://doi.org/10.1371/journal.pclm.0000749.g002
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The selected study region is the Bay of Bengal, which spans from 2◦N to 23◦N latitude and 78◦E to 99◦E longitude, 
with grid dimensions of 85 × 85 at CNRM and ORAS5 resolution. Historical data span from 1958 to 2014, and projec-
tions extend from 2015 to 2100. For training and validation, we used data from 1958 to 2020 (972 months), dividing it 
into 768 months for training and 204 for cross-validation and hyperparameter selection. The test data are from 2021 to 
June 2024 (42 months) and are not used in model tuning to avoid data leakage. The use of this short span for testing 
is dictated by data availability as the ORAS5 reanalysis product is only available up to the present day. The period 
where both the future projections and reliable reanalysis data overlap is intrinsically limited to the last decade, and this 
data must be used for deep learning model development and testing purposes. Our underlying assumption is that the 
systematic bias structure learned from over 60 years of historical data (1958–2020) remains sufficiently stable to be 
applied to future projections.

Hyperparameters.  To select the hyperparameters we performed cross validation using the 204 months in the 
validation set. A systematic hyperparameter sweep was conducted to fix learning rate, number of encoder-decoder blocks 
and filter sizes. We initialized weights using the He normal distribution and trained the network with the Adam optimizer. 
The architecture employs tanh activation functions within the convolutional layers to effectively process the positive and 
negative anomalies inherent in climate data. To mitigate overfitting, a common challenge due to the high spatial and 
temporal correlation of climate projections, we integrated dropout layers (0.2) between the encoder and decoder blocks.

The monthly climatology is derived from the ORAS5 data from the training period (1958–2020) and is subtracted 
from the input and target datasets, aiding the model in correcting the anomalies. Our ablation study indicates that the 
anomaly correction produces optimal results. All monthly data for GCM and ORAS5 were converted to the input size of 
128 × 128 using bilinear interpolation so that the input data dimensions are in a power-of-2 to allow the use of symmetric 
encoder-decoder structure without padding. Although SSP projections vary, we solely used ORAS5 as the ground truth for 
all scenarios.

2.3  Complete workflow

Fig 3 illustrates the complete workflow for developing and applying our deep neural operator for salinity bias correc-
tion. CNRM-CM6 historical and future projections salinity data (1958–2020) are split into training and validation sets to 
develop a UNet encoder-decoder architecture (Fig 2). The Mean Squared Error (MSE) guides model optimization, with the 
best-performing configuration selected based on validation metrics. Once trained, our model is applied during inference to 
obtain bias-corrected salinity fields corresponding to the future CNRM-CM6 projections (2021–2100).

2.4  EDCDF statistical method for baseline

Quantile mapping is a prevalent interpolation-based bias correction technique that adjusts the distributional properties of 
the model to more closely match those of historical observations [16]. The most prominent quantile mapping method for 
climate model bias correction, called the Equi-Distant Cumulative Distribution Function (EDCDF), is used as a baseline 
to compare the performance of our UNet for bias correction [22]. The EDCDF method corrects the climate projections 
by comparing the model output with historical observations [22], and employing the resulting CDFs to correct the bias in 
future projections. Comprehensive validation studies have shown that the EDCDF method reduces biases in GCM projec-
tions [41–43], making it an ideal baseline to assess the performance of our neural bias correction approach.

3  Results

The convolutional encoder-decoder neural operator (UNet) models are first trained for bias correction of sea surface 
salinity (SSS) and top 200 m depth-averaged salinity (S200mavg) projections by CNRM-CM6 in the Bay of Bengal. The 
trained model is then used to correct the bias in the CNRM-CM6 salinity projections from 2021 to 2100. For the years 
between 2021 and 2024, the ocean reanalysis data (ORAS5) are accessible, allowing us to use this time frame to assess 
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Fig 3.  Workflow. Flowchart of the methodological framework for our deep neural operator bias correction model to improve salinity projections in the 
Bay of Bengal.

https://doi.org/10.1371/journal.pclm.0000749.g003

https://doi.org/10.1371/journal.pclm.0000749.g003
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the efficacy of our UNet model. Subsequently, we study the properties of the corrected salinity projections to understand 
the dynamical implications of the corrected projections in representing important features in the Bay of Bengal.

3.1  Quantitative evaluation of the salinity bias correction in the test period (2021-2024)

We begin by evaluating the error of our correction model in the test years 2021–2024. Table 1 provides the root mean 
square error (RMSE) and the pattern correlation coefficient (PCC) of the salinity projections (raw/corrected) compared 
to the ORAS5 reanalysis. RMSE and PCC are calculated monthly and averaged over the months in the test years. The 
results for correction with the statistical Equi-Distant Cumulative Distribution Function (EDCDF) correction method (Sec-
tion 2.4) are also provided. The UNet correction has lower RMSE values for SSS, ranging from 0.52 to 0.61 psu, than 
the EDCDF correction, which exceeds 0.85 psu. For S200mavg, the UNet-corrected projection outperforms, with RMSE 
values below 0.28 psu in all SSP scenarios (SSP-1, 2, 3, and 5). In comparison, the uncorrected CNRM-CM6 projections 
have a very high RMSE between 4.15 and 4.3 psu. More than RMSE, the pattern correlation coefficient captures the 
similarity in spatial patterns. We see that for both SSS and S200mavg, the PCC is higher for the UNet-corrected projec-
tion than the EDCDF, each higher than the uncorrected CNRM-CM6 projections. We performed a paired t-test on the 
monthly Mean Squared Error (MSE), which revealed that the UNet correction resulted in a statistically significant reduction 
(t = 2.7,p < 0.01; see Figure B-C in S1 Text).

3.2  Comparison of seasonal salinity projections in the test period

The mean Sea Surface Salinity (SSS) and top 200 m depth-averaged salinity (S200mavg) show characteristic north-south 
gradients across the Bay of Bengal, which vary seasonally. For SSS, the winter season (Fig 4(a) (DJF)) in ORAS5 reanal-
ysis reveals fresher conditions (18–24 psu) in the northern regions, which transitions to higher salinity (30–34 psu) in the 
southern region. Similarly, S200mavg shows moderate salinity

(28–32 psu) in the north and higher values (32–34 psu) in the south (Fig 5(a) (DJF)). This pattern reflects the persistent 
influence of freshwater stratification from the northeast monsoon in the north, while the southern region is influenced by 
the interaction with the equatorial Indian Ocean and the Arabian Sea. The uncorrected CNRM-CM6 model overestimates 

Table 1.  Performance Metrics: Root Mean Square Error (RMSE) and Pattern.

SSS

CNRM EDCDF UNet

SSP RMSE PCC RMSE PCC RMSE PCC

1 4.2132 0.5882 0.9585 0.8912 0.5217 0.9361

2 4.501 0.5714 0.8622 0.8987 0.6145 0.9248

3 4.1694 0.5679 0.8475 0.8951 0.6112 0.9251

5 4.3043 0.5673 0.7823 0.8973 0.5484 0.9313

S200mavg

CNRM EDCDF UNet

SSP RMSE PCC RMSE PCC RMSE PCC

1 2.1254 0.7542 0.3872 0.9397 0.2519 0.9518

2 2.0524 0.7302 0.3720 0.9435 0.2798 0.9569

3 2.1293 0.7369 0.3532 0.9442 0.2673 0.9585

5 2.0030 0.7285 0.3822 0.9410 0.2610 0.9586

Correlation Coefficient (PCC) of CNRM-CM6, EDCDF corrected, and UNet corrected (a) Sea Surface Salinity (SSS) and (b) 200 m depth-averaged 
salinity (S200mavg) projections, evaluated against ORAS5 reanalysis in test years 2021–2024.

https://doi.org/10.1371/journal.pclm.0000749.t001

https://doi.org/10.1371/journal.pclm.0000749.t001
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Fig 4.  Evaluation of seasonal SSS in test period. Seasonal mean sea surface salinity (SSS) in the Bay of Bengal during test period 2021-2023, 
comparing (1) uncorrected CNRM-CM6 model output (CNRM-CM6), (2) ORAS5 reanalysis, (3) UNet-corrected salinity (UNet), and (4) EDCDF corrected 
salinity (EDCDF) in DJF, MAM, JJAS, ON seasons. Coastline is extracted from NOAA’s ETOPO [13].

https://doi.org/10.1371/journal.pclm.0000749.g004
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Fig 5.  Evaluation of seasonal S200mavg in test period. Seasonal mean 200 m depth-averaged salinity (S200mavg) in the Bay of Bengal during test 
period 2021-2023, comparing (1) uncorrected CNRM-CM6 model output (CNRM-CM6), (2) ORAS5 reanalysis, (3). UNet-corrected salinity (UNet), and 
(4) EDCDF corrected salinity (EDCDF) in DJF, MAM, JJAS, ON seasons. Coastline is extracted from NOAA’s ETOPO [13].

https://doi.org/10.1371/journal.pclm.0000749.g005

https://doi.org/10.1371/journal.pclm.0000749.g005
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salinity for both surface and depth-averaged salinities throughout the basin. In contrast, the UNet corrections show good 
agreement with ORAS5, accurately capturing the patterns influenced by the southward-flowing EICC.

During the pre-monsoon season, ORAS5 exhibits a basin-wide increase in salinity, with southern regions reaching 
32–34 psu for both SSS (Fig 4(b) (MAM)) and S200mavg (Fig 5(b) (MAM)). The uncorrected CNRM-CM6 continues to 
show a pronounced positive bias across the basin for both variables. However, our UNet corrections effectively reduce 
this bias and reproduce spatial patterns that are closer to the ORAS5 reanalysis.

The monsoon season is marked by intense SSS freshening in the northern bay (16–20 psu) due to precipitation and 
river discharge, while the southern regions maintain higher salinity (Fig 4(c) (JJAS)). This freshening is also reflected, 
though more moderately in the S200mavg fields (26–30 psu; Fig 5(c) (JJAS)). The uncorrected CNRM-CM6 does not cap-
ture this freshening in both salinity fields. Our UNet corrected salinity projections are more closely aligned with ORAS5, 
successfully reproducing the freshening and SMC feature in both surface salinity and top 200 m depth-averaged salinity, a 
critical improvement over both the uncorrected CNRM-CM6 and the EDCDF-corrected projections.

The post-monsoon period shows a gradual recovery of SSS (Fig 4(d)(ON)) and S200mavg (Fig 5(d)(ON)). During this 
season, UNet continues to excel in identifying these transitional patterns. The salinity fields corrected by UNet exhibit a 
closer alignment with ORAS5, effectively reproducing the freshening features in both surface and depth-averaged salinity. 
In general, UNet outperforms in providing more consistent and accurate corrections. Performance metrics indicate that 
our UNet based on convolutional neural operators is a reliable tool for climate model salinity bias correction in the Bay of 
Bengal region. For further insights, we examine the monthly projections (instead of the seasonal average) in the test year 
2022 in Figures D-E in S1 Text.

3.3  Mean and interannual variability of salinity projections

Fig 6 presents the mean, the first mode of variability (Mode 1), and the time series of the first principal component (PC1) 
for the years 2024–2100, analyzing both the uncorrected CNRM-CM6 data and our UNet corrected surface salinity (Fig 6) 
as well as the 200-m depth-averaged salinity projections (Fig 7). In this section, we discuss the results for SSP2. Similar 
analyses for SSP1-2.6, SSP3-7.0, and SSP5-8.5 are shown in the Figure F-K in S1 Text.

The Bay of Bengal exhibits distinct seasonal salinity patterns for surface and depth-averaged salinity over the top 200 
m, with notable features evident after UNet correction.

During the winter season (DJF), the uncorrected CNRM-CM6 surface salinity projections (Fig 6(1)) show high salinity 
concentrations (32.5-34 psu) in the western and southern regions, while the northern and eastern coastal areas show 
lower salinity (30-31.5 psu). The UNet-corrected surface salinity projection presents a salinity distribution with moderate 
values (31–32 psu) throughout most of the bay, except for a distinct high-salinity zone (> 33.5 psu) along the southern 
boundary (Fig 6(5)). For the top 200 m depth-averaged salinity during DJF, the uncorrected CNRM-CM6 projections show 
high salinity values (33–34 psu) dominating most of the bay, with particularly uniform conditions in the western and south-
ern regions (Fig 6(1)). The UNet correction shows a distinct spatial pattern with moderate salinity throughout the northern 
and central bays and higher values in the southwestern and southern regions (Fig 7(5)). During this season, the first 
mode of SSS explains 27.1% of the variance in uncorrected CNRM-CM6 and 29.4% of the variance in the UNet-corrected 
projections. UNet-corrected mode 1 shows high variability along the northern and western coastal regions, whereas the 
uncorrected mode 1 shows high variability along the eastern coast. The first mode of S200mavg explains 27.1% of the 
variance in uncorrected CNRM-CM6 projections and 36.3% in UNet-corrected projections. Here, the correction maintains 
the positive variability of mode 1 along the northern and coastal boundaries, while introducing a more coherent pattern 
with negative variability across the central bay.

In uncorrected surface salinity projections, the pre-monsoon (MAM) period displays the highest mean salinity val-
ues across all seasons, with extensive areas exceeding 33.5 psu in western and central regions (Fig 6(2)). In the UNet 
correction, this pattern is changed and shows predominantly moderate values throughout the bay (Fig 6(6)). Similarly, the 
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Fig 6.  Seasonal SSS temporal evolution from 2023 to 2100. Seasonal mean SSS over the Bay of Bengal comparing uncorrected CNRM-CM6 (1-4) 
and UNet-corrected. (5–8) projections across DJF (winter), MAM (premonsoon), JJAS (monsoon), and ON (postmonsoon) seasons. Primary EOF 
modes (Mode 1) of uncorrected CNRM-CM6 (9–12), and UNet-corrected projections (13–16). First Principal Component (PC1) time series for seasonal 
uncorrected CNRM-CM6 SSS (17) and UNet corrected (18) SSS. Coastline is extracted from NOAA’s ETOPO [13].

https://doi.org/10.1371/journal.pclm.0000749.g006

Fig 7.  Seasonal S200mavg temporal evolution from 2023 to 2100. Seasonal mean S200mavg over the Bay of Bengal comparing uncorrected 
CNRM-CM6 (1-4) and UNet-corrected (5-8) projections across DJF (winter), MAM (premonsoon), JJAS (monsoon), and ON (postmonsoon) seasons. 
Primary EOF modes (Mode 1) of uncorrected CNRM-CM6 (9-12), and UNet-corrected projections (13-16). First Principal Component (PC1) time series 
for seasonal uncorrected CNRM-CM6 S200mavg (17) and UNet corrected (18) S200mavg. Coastline is extracted from NOAA’s ETOPO [13].

https://doi.org/10.1371/journal.pclm.0000749.g007

https://doi.org/10.1371/journal.pclm.0000749.g006
https://doi.org/10.1371/journal.pclm.0000749.g007
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top 200 m depth-averaged salinity in uncorrected projections exhibits the most intense salinity values with large areas 
exceeding 34 psu and the highest concentrations appearing in the northwestern and southern regions (Fig 7(2)). However, 
the UNet correction shows a salinity distribution with moderate values across the northern bay and high salinity regions 
along the western and southern boundaries (Fig 7(6)). During this season, the first mode of SSS explains 29.1% of the 
variance in uncorrected CNRM-CM6 and 33.2% of the variance in the UNet-corrected projections. UNet-corrected mode 
1 shows high variability in the southwestern and central bay; meanwhile, the uncorrected mode 1 shows high variability in 
most of the bay. The first mode of S200mavg explains 38.5% of the variance in the uncorrected CNRM-CM6 projections 
and 32.4% in UNet-corrected projections. The UNet-corrected mode 1 shows significant changes, with high variability in 
the northern region, and introduces negative variability in the southern regions.

During the monsoon (JJAS), uncorrected surface salinity projections overestimate the persistence of high-salinity 
waters in western regions despite the freshening influence due to the freshwater influx from river runoff, precipitation, and 
seasonal currents like SMC (Fig 6(3)). The UNet-corrected surface salinity projections present a monsoon salinity struc-
ture with moderate salinity throughout most of the bay and an influx of high salinity water into the bay by SMC (Fig 6(7)). 
For the top 200 m depth-averaged salinity during the monsoon season, the uncorrected projections continue to show 
high salinity in most of the bay despite the seasonal freshening influence (Fig 7(3)). The UNet correction shows moderate 
salinity in the northern and eastern regions and high salinity restricted to the southwest region, showing the characteristics 
of the SMC and the freshening event in the region (Fig 7(7)). During this season, the first mode of SSS explains 55.1% 
of the variance in uncorrected CNRM-CM6 projections and 34.3% of the variance in the UNet-corrected projections. The 
UNet correction shows positive variability along the northern and northeast coasts and negative variability in the southern 
region along the SMC, which is absent in the uncorrected CNRM-CM6

projections. The first mode of S200mavg explains 67.9% of the variance in the uncorrected CNRM-CM6 projections, 
but only 41.1% of the variance in the UNet-corrected projections. Here, the UNet-corrected mode 1 maintains the neg-
ative variability patterns while introducing a pattern with zero variability in the south central bay. This pattern reveals the 
influence of the SMC on salinity variability in the Bay of Bengal during the monsoon season. The decrease in variance 
explained by the primary mode shows that UNet-corrected projections require more modes to represent all features. In 
addition, the influx of high salinity water from the Arabian Sea by the SMC is now revealed as a primary structure in the 
first mode of variability, which is absent in the uncorrected CNRM-CM6 projections. In fact, we can see zero variability in 
most of the bay in uncorrected CNRM-CM6 projections and negative variability near the river influx.
The mean surface salinity of the post-monsoon (ON) season shows a distinctive pattern in uncorrected projections with 
high salinity around the island of Sri Lanka (Fig 6(4)). The UNet correction shows moderate salinity throughout the bay, 
with high-salinity water from the southwestern region flowing into the bay, and freshening in the northern bay due to river 
influx (Fig 6(8)). The top 200 m depth-averaged salinity during the post-monsoon season shows persistent high salinity 
throughout most of the bay in uncorrected projections, with only slight northeastern freshening during the post-monsoon 
river influx (Fig 7(4)). The UNet-corrected projections during the post-monsoon present moderate salinity throughout the 
northern and central regions and a well-defined high salinity region along the southwestern and southern boundaries (Fig 
7(8)). During this season, the first mode (Mode 1) of SSS explains 34.5% of the variance in the uncorrected CNRM-CM6 
projections, but 24.1% of the variance in the UNet-corrected projections. Here, the UNet-corrected mode 1 shows a 
distinct pattern of negative variability in most of the bay while introducing positive variability along parts of the coastal 
boundary. The uncorrected CNRM-CM6 mode 1 shows high variability in the eastern boundary region and zero variabil-
ity in most of the Bay. The first mode (Mode 1) of S200mavg explains 39.5% of the variance in uncorrected CNRM-CM6 
projections and 32.3% in UNet-corrected projections. The UNet-corrected mode 1 shows high variability in the northern 
and coastal regions and close to zero variability only in the central and southeastern Bay of Bengal. The PC1 time series 
does not show notable features or differences between the uncorrected and UNet-corrected CNRM-CM6 projections. The 
implications of these differences are discussed in Section 4.
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4  Discussion

Our results show that for the test period (2021–2024), the RMSE when using our UNet-based bias correction method is 
0.5 psu for the SSS and 0.25 psu for S200mavg, which is 40% lower compared to the correction by the EDCDF method, 
the classical statistical bias correction method. The UNet corrected salinity projection allows us to better understand the 
future salinity scenario in the Bay of Bengal as follows.

Salinity is essential for the development of mangrove ecosystems, promoting their growth when present at moderate 
levels, but leading to degradation when concentrations are too high [44–46]. The northern and north-western coasts of the 
Bay of Bengal are crucial mangrove regions. Documented evidence suggests that the lower salinity in these areas is con-
ducive to mangrove growth [47], and salinity variability is also crucial to mangrove health [48]. The UNet-corrected SSS 
projections indicate that the salinity levels in these regions are lower than the uncorrected projections (Fig 6). However, 
the spatial pattern of the first mode indicates a higher variability in these areas for the UNet-corrected projection than in 
the uncorrected CNRM-CM6. Thus, unlike what is expected from uncorrected projections, salinity variability may affect on 
mangrove health affecting the coastal ecosystem.

The East India Coastal Current (EICC) has been identified as a major mechanism for freshwater export from the Bay of 
Bengal to the Indian Ocean, primarily in the post-monsoon (ON) and winter (DJF) seasons [5]. Surface salinity has been 
identified to affect the thickness of the barrier layer [9,49,50] and its intraseasonal variability [51]. The intrusion of fresh-
water observed from the northern to eastern parts of the bay has been shown to lead to a thicker barrier layer during the 
monsoon season [49]. The UNet-corrected SSS projections show a lower mean salinity and higher variability along the 
eastern coast of India during the postmonsoon (ON) and winter season (DJF) than the uncorrected CNRM-CM6 projec-
tions (Fig 6). Thus, based on the above studies, we anticipate the significant changes in the thickness of the barrier layer 
in the future and its intraseasonal variability [52].

The impact of these projected changes has potential implications for the monsoon and ocean productivity. The deepen-
ing of the Mixed Layer Depth (MLD) and the variability of the barrier layer are known to influence intraseasonal oscillations 
during the monsoon in the BoB [10,49,53–55]. Variations in the depth of the mixed layer could also alter the availability of 
nutrients in the upper ocean, affecting the primary productivity of the region [56]. In the southern Bay of Bengal, the inflow 
of high-salinity water from the Arabian Sea during the monsoon season (JJAS) is a key feature attributed to the SMC 
[50,57]. This current affects the thickness of the barrier layer [52]. The uncorrected CNRM-CM6 mean, and the first mode 
lack SMC, while the first mode of the UNet-corrected surface and top 200 m averaged salinity exhibits the characteristic 
signature of SMC (Fig 6).

UNet-corrected projections of S200mavg reveal a detailed structure of the SMC during the monsoon season in the Bay 
of Bengal (Fig 6). The salinity stratification induced by the SMC plays a pivotal role in modulating regional CO

2
 dynamics 

[58]. In addition, the dynamics of the southwest monsoon induce a phytoplankton bloom in the southwest of the Bay of 
Bengal [59]. The southern Bay of Bengal has been identified as a CO

2
 hotspot where the SMC influences carbon fluxes 

through multiple mechanisms [60]. In addition, SMC-induced salinity gradients affect stratification patterns that control 
vertical mixing, nutrient delivery, and biological production [61]. The SMC has been shown to influence salinity in the 
Andaman Sea [11] with implications for the biology of that region. The uncorrected S200mavg CNRM-CM6 projections do 
not contain the SMC feature (Fig 6). Therefore, it cannot be used to understand the impact of climate change on SMC and 
other seasonal currents in the Bay of Bengal. In contrast, the UNet-corrected projections contain the SMC feature. The 
corrected top 200 m depth averaged salinity projections imply that the variability of the SMC could alter with future climate 
scenarios, potentially greatly impacting the ecosystem of the Bay of Bengal (Fig 6).

5  Conclusion

Motivated by a lack of reliable salinity projections, we developed a deep neural operator for bias correction of the 
CNRM-CM6 salinity projections in the Bay of Bengal. This model was trained using climatology-removed CMIP6 as input 
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and the ORAS5 reanalysis product as output for the period in which both fields are available. The trained model cor-
rects the CNRM-CM6 projections for 2024–2100. For the test period (2021–2024), the RMSE when using our correction 
method is 0.5 for the SSS and 0.25 for the top 200 m depth averaged salinity, which is 40% lower RMSE compared to the 
correction by the EDCDF method. Using UNet corrected future projections, the seasonal variability (EOF analysis) of SSS 
and the top 200 m depth averaged salinity in the Bay of Bengal is analyzed. In general, the corrected projections indicate 
that the reduction in salinity in the northern bay affects the health of mangroves. The significant variability in the UNet cor-
rected salinity in the Bay of Beng al may affect the barrier layer. The UNet-corrected projections capture key features such 
as the SMC and EICC, and their variability could alter with future climate scenarios, potentially greatly impacting the Bay 
of Bengal ecosystem. To bolster the bias correction model’s robustness, future work could investigate ensemble methods, 
transfer learning between climate models, and the integration of diverse GCM inputs directly into the training phase.
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