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Abstract

Global wind reanalysis datasets (ERAS) are commonly used in offshore wind energy (OWE)
studies, especially in offshore zones where ground-based observational data (GBOD) are
scarce and impossible. In tropical coastal regions such as Vietnam, however, the dataset
still has systematic bias. That bias can distort wind resource estimates if it is not corrected.
This study analysed the monthly zonal (U) and meridional (V) wind components from ERAS
against GBOD from the Con Dao and Tho Chu island stations for 2010-2020. ERAS over-
estimated wind speed at the stations. We corrected the bias with a linear regression method
applied separately to U and V at the monthly scale. The method was then tested with a Leave-
One-Month-Out (LOMO) cross-validation scheme. The results showed a clear improvement.
Mean Bias Error (MBE) dropped from an overall average of 3.91 m/s to a statistically negli-
gible value, and Root Mean Square Error (RMSE) fell by 55.0%, from 4.78 to 2.15 m/s. This
indicates that a local, component-wise correction is needed in this region. The method gives
one practical way to prepare wind data for renewable energy investments (REIs) in special
zones such as Con Dao and Tho Chu. It may also be used in similar coastal regions.
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1. INTRODUCTION

The global shift of sustainable energy which is supported by many agreements such as Paris agree-
ments [1, 2], was make increase the attention on renewable energy technologies. An offshore wind
energy (OWE) is one of many selections that received a robust attention because of the high power
index and gigawatt-scale potential [3, 4]. So that, the analysis of wind energy is extremely crucial
in make plans, study the feasibility and investment into projects which demands the large fundings
like this study [5, 6].

Some countries like Vietnam do not have ability to measure long-term offshore wind with high-
quality. A meteorological measuring towers and LiDAR systems are costly and so hard to use [7] .
Due to these reasons, many studies were use ERAS instead [8, 9]. The ERAS has a wide coverage
with the output data updated continuously and hourly, so that is very useful in meteorological and
offshore renewable energy studies [10, 11]. However, this data has some errors. Those origins
from physical models, Data assimilation and sub-grid processes have not been resolved [12] . In
the nearshore zones, the unmatches may more serious due to land-sea interactions and complication
surface conditions. The previous studies had reported the differences between ERAS and GBOD,
including the frequently extreme high and low wind speed estimation [13—16]. If the non-adjusted
data is used, the estimation will be uncorrected [5, 17].

The researchers have used many ways to adjust these types of biased data, from adjust average biased
to statistic methods and machine learning. Machine learning was applied widely in the energy field.
Examples include the classification of dataset of photovoltaic module and sound wave identification
[18], detecting power degradation in PV technology [19, 20], the evaluation of randomization-based
methods for renewable energy prediction [21] and physics-based optimization for wind turbine
performance [22] . In the wind energy studies, hybrid deep learning models [23] , the dual-scale
models based on ELM-BILSTM [24], and meteorological - hydrological and offshore engineering
prediction tools [25] were also reported. However, local validation of the re-analyzed data is still
necessary. [26] . Staffell and Pfenninger [5] had reported these points. An adjustment method
should decreases average errors, but it still has to keep reasonable the wind speed distribution and
physical periods [27] .

In this study, we build and test the robust biased adjustment method to evaluate OWE in the tropical
coastal environment. Our purpose of this study is not to conduct a complete resource evaluation.
We focus on Robust Regression Framework (RRF) for ERAS Data. There are three questions in this
study. What types of systematic deviations appears in ERA5 raw data for the Southern of VietNam,
from Vung Tau to Ca Mau? Is the robust regression on each monthly part could remove these
biased while still keep the correction of wind direction more than standard methods? And how this
frame work compared with quantitative mapping (QM) when we test it according to the strictly
verification?

We use the southern part of Vietnam as a typical study field, from Vung Tau to Ca Mau. We also
conducted to analysis the sensitivity compared with Ordinary Least Squares (OLS) and QM. This
method is considered as the practical basis for the evaluation of future wind resource.
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2. DATA AND METHODOLOGY
2.1 Study Area and In-Situ Observational Data

In this study, we focus on verification on offshore zone from Vung Tau to Ca Mau in Vietnam
southern part (8°0°0”N to 10°0°0”N, 104°0°0”E to 106°0°0”E). This area has a tropical monsoon
climate, so wind direction changes by the monsoon season (FIGURE 1). We used the monitoring
wind data from two meteorological stations, in Con Dao and Tho Chu island (FIGURE 1). The data
in these stations represent for typical offshore area wind data.
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Figure 1: Map of the study area showing the geographical extent from Vung Tau to Ca Mau and the
locations of the Con Dao and Tho Chu wind observation stations used for validation.

The GEBCO data and Central Highlands Meteorological and Hydrological Station (CHMHS) wrere
collected in the period of 10 years, from January 1** 2011 to December 31** 2020. These are 3
hour-resolution monitoring dataset, or 8 measurements per day. Before analysising data, we was
apply quality control to remove the error such as sharp peaks or impossible physical observation
data.

2.2 ERAS Reanalysis Dataset

We downloaded ERAS from the European Centre for Medium-Range Weather Forecasts (ECMWF)
[8] . It provides a physically consistent reconstruction of the global atmosphere, oceans, and land
at a spatial resolution of 0.25°%0.25° and hourly temporal resolution. For this study, we extracted
the zonal (U, east-west) and meridional (V, north-south) wind components at 10 m a.m.s.l. for the
same period as the GBOD.
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We processed the ERAS time series in two steps so that the comparison with GBOD was direct. First,
for each observation station, we took the U and V wind components from the nearest ERAS grid
point. Second, we downsampled the hourly ERAS data to the 3-hourly timestamps of the GBOD.
This gives a one-to-one comparison in time. It also assumes that the bias structure identified at 3-
hourly intervals represents the broader systematic error in ERAS and can later be extended to the full
hourly series for resource assessment. For this dataset, that assumption is practical. The temporal
aggregation also avoids artificial interpolation of GBOD.

2.3 Evaluation Metrics for Raw Data Performance

To evaluate whether ERAS is suitable for OWE assessment in southern Vietnam, we compared raw
ERAS data at each grid point with observations data from the Con Dao and Tho Chu stations. The
comparison used linear correlation, RMSE, and the coefficient of determination (R?). The formulas
are:

_ 1IN e o2
RMSE = J . Z‘ (P; - 0)) (1)
R - S, (0; - 0)(P; - P)
VS, (0 -0) s, (P - )

Where O;,P; represent the individual observed and modeled values, while O and P are the respective
means, and » is the total number of data grid points.

2

2.4 The Robust Bias Correction Framework

The first comparison showed a systematic overestimation bias in ERAS. To correct it, we adopted a
robust linear regression approach. We applied this method to standard OLS regression because me-
teorological observations often contain outliers, and those values can distort the fitted relationship.
FIGURE 2 shows the framework and the related sensitivity tests.

The adjustment that uses the M estimator and Huber Loss function are conducted through Iteratively
Reweighted Least Squares (IRLS) [28] . OLS minimizes the Sum of Squared Errors (L2 standard),
while the regression robust minimizes a weighted function of the residuals. The Huber Loss function
operates like squared error for small residuals and like absolute error for large residuals. These ways
help the main fit to be less affected by a few outlier points.

(-2 forly-f@I<s
Loy, £ = {gly ()] - b6 otherwise 3)

We applied the correction separately to the U and V wind components. This component-wise
strategy preserves directional integrity, whereas correcting wind-speed magnitude directly would
distort wind direction. We also apply the correction independently for each calendar month so that
the seasonal variation linked with monsoon circulation is retained. The robust linear model for each
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Figure 2: Workflow for wind-component bias correction of ERAS using Huber—IRLS with OLS
and quantile mapping as sensitivity tests, and LOMO cross-validation.

month m is design as Eq.(4) and (5):

U = a,(dm) 4 b,(dm)uERA5 +&, (4)
V= a‘(,m) + bém)vERA‘r’ +&,(h) (5)

In Equations (4) and (5), a{™, b\, a{™, and »{™ are the month-specific intercept and slope
parameters, and ¢, and ¢, are the residual errors. After estimating the 12 monthly parameter sets,
we calculate the bias-corrected components (Ucorr, Veorr) for the full study period. The corrected
wind speed (W S.orr) using the Eq.(6).

WSCOVV — \/(Mcorr)2 + (vcorr)2 (6)

2.5 Validation of the Correction Methodology

To test the generalizability of the framework, we used a LOMO cross-validation scheme. For each
month in the 10-year dataset, one instance was withheld as the test set, for example January 2011
from the set of all Januaries. We then trained the correction parameters on the remaining nine
instances. This process was repeated for every month in the dataset. Performance was evaluated
with MBE (Eq.7) and RMSE (Eq. 8):

N
1 del b
MBE = Nzl (xrodel - xobs) (7)
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N 2
1 del b
RMSE = J 5 2, (et ) (8)

i-1
In addition,we calculated the percentage improvement for predicting results applying the Gain
metric for RMSE as given in the Eq. (9).

RMSE 4y — RMSE copr

: -1
Gaingpse (%) 00 RMSE, ;.

)

3. RESULTS
3.1 Performance Evaluation of Raw ERAS Data

The analyzed results showed that raw ERAS and GBOD did not match well. FIGURE 3 shows a
clear overestimation by ERAS in wind intensity, the U component, and the V component at both
Con Dao and Tho Chu. For wind speed, regression slopes are greater than 1 and the intercepts are
strongly positive, for example 4.24 m/s at Con Dao. This points to both multiplicative and additive
bias. RMSE is also large, reaching 4.78 m/s at Con Dao. The corresponding R? values are low,
around 0.359. So the mismatch was large.

The frequency distributions in FIGURE 4 and the wind roses in FIGURE 5 show the same pat-
tern. ERAS over-represents high-speed wind events and under-represents the calm and low-wind
conditions observed at the stations
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Figure 3: The compared results of ERAS5 and GBOD for (a) wind intensity, (b) V-component wind,
and (¢) U-component wind for Con Dao station and (d) wind intensity, (¢) V-component
wind, (f) U-component wind for Tho Chu station. The solid line presents the regression
fit, and the dashed line is the 1:1 reference. The regression equation, R?, and RMSE are

shown.
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Figure 4: Relative frequency distributions for V and U wind components from GBOD (a, b) and
ERAS5 (c, d) data for Con Dao station, and V and U wind components from GBOD (e, f)
and ERAS5 (g, h) data for Tho Chu station.
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Figure 5: Wind roses for (a) ERAS5 and (b) GBOD showing frequency by direction and speed bins
(m/s) for Con Dao station, and (¢) ERAS and (d) GBOD for Tho Chu station.
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The analysis of monthly mean bias (FIGURE 6) confirms this positive bias is present year-round,

most pronounced during the peak northeast monsoon season.

3.2 Efficacy of the Bias Correction Methodology and Sensitivity Analysis

We compared OLS, the proposed robust regression method (Huber-IRLS), and QM in a sensitivity
analysis. TABLE 1 summarizes the results of this comparison.

Table 1: Sensitivity analysis comparing OLS, Huber—IRLS, and QM (quantile mapping) for wind-
speed bias correction at Con Dao and Tho Chu stations

Validation Method MBE (m/s) RMSE (m/s) MBE (%) RMSE
Station Improvement (%)
(%) sImprovement
(%)
Raw Corrected Raw Corrected
ERAS ERAS ERAS ERAS
Before After cor- Before After cor-
correction  rection correction  rection
g
)
g
Q OLS 4.35 -0.23 4.78 1.17 94.6 75.4
Robust 4.35 -0.26 4.78 1.18 93.9 75.2
QM 4.35 0.07 4.78 1.30 98.3 72.7
E
@)
2
= OLS 3.55 -0.45 4.18 0.99 87.3 76.4
Robust 3.55 -0.45 4.18 0.99 87.3 76.3
QM 3.55 0.01 4.18 1.06 99.7 74.6
S
<
o
<
=
o
o OLS 3.95 -0.34 4.48 1.08 91.3 75.9
Robust 3.95 -0.36 4.48 1.09 90.9 75.7
QM 3.95 0.04 4.48 1.18 98.9 73.6

Note: MBE improvement (%) is computed using absolute bias [IMBE|. Overall Average denotes the
mean across the two validation stations.

Those approaches are the aims to reduce the errors of ERAS5 data compared with the raw. QM
method brings the MBE to about zero, this makes sense because it forces the distribution to match.
However, these regression methods for RMSE lower. In this dataset, OLS and robust regression
gives the nearly equal results. However, the robust regression is more safety when some values

10
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at an extreme level, which values can shift the OLS curve line in entire month. The Buber-IRLS
can limit this effect. So that, QM is better on average deviation, but robust regression give more
balanced results. After applying RRF on a monthy each component and evaluating this by LOMO,
the improvement is better significantly. Overal MBE decreased from a severe deviation of 2.85 m/s
down to -0.02 m/s, which is insignificant, based on LOMO validation in entire dataset.

FIGURE 7 gives a visual check of the component-wise correction. The corrected wind rose agrees
much more closely with the in-situ observations in terms of wind-speed magnitude within each
directional bin, while preserving the directional structure of the monsoonal flow.

4. DISCUSSION

The results show a clear problem that raw ERAS has a strong positive bias under Southern Vietnam
coastal conditions. With MBE around 3.91 m/s, direct use of these data in offshore wind resource
assessment would be risky. The error is large enough to overstate power density by an order of
magnitude.

The main value of the framework is simple. It reduces the bias, and it stays stable. TABLE 1
helps explain why the robust approach was preferred. QM is useful when the main task is to match
distributions in climatological work. But QM works with ranked values, not with time-synchronous
events. For hourly wind power integration studies, time correspondence and RMSE can matter
more. In this study, the RRF gave RMSE of 1.09 m/s, lower than the 1.18 m/s from QM, and it was
less sensitive than OLS to outliers.

These results are consistent with Vietnam-specific offshore wind assessments and strategic reports,
which identify substantial offshore potential but also emphasize that bankable planning requires
validated local wind evidence rather than direct use of uncorrected reanalysis products [29-31].
Policy-oriented studies also indicate that offshore wind deployment in Vietnam depends on clearer
regulatory mechanisms, marine-space planning, and integration with national renewable-energy
targets [32, 33].

Regional analogue studies from Taiwan, Vietnam, and Thailand show that coastal and offshore wind
distributions are strongly shaped by monsoon circulation, island effects, coastline geometry, and
land-sea transitions [34,35]. Large-scale resource-assessment reviews and reanalysis evaluations
similarly emphasize the need for explicit potential definitions, validation datasets, and uncertainty
treatment [36,37]. Evidence from western Thailand and complex-terrain wind-generation studies
further supports the point that regional circulation and local geography can strongly condition re-
analysis performance [38, 39].

From an energy-system perspective, the practical importance of bias correction is not limited to
mean wind speed. Intermittency, wind-speed distributions, and the temporal structure of wind
power all affect integration and planning [40, 41]. For offshore deployment, resource estimates
also need to be connected to foundation constraints, project assessment frameworks, and policy
pathways [42]. At the global scale, ERA5-based offshore-resource analyses show the value of high
temporal resolution and model-level wind information for resource assessment [43]. At the Vietnam
planning scale, the present framework is consistent with PDP8 priorities and with recent national

11
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and international roadmap documents for offshore wind development [44]. The need for correction
is also consistent with atmospheric-model bias-correction studies showing that systematic wind-
speed errors can remain even in dynamically modeled fields [45]. Finally, project-level investment
screening and global low-carbon transition analyses both point to the need for defensible, locally
validated resource estimates before offshore wind can be translated into reliable deployment path-
ways

One limitation is the use of only two island stations. These stations provide the best available long-
term offshore-representative data for Southern Vietnam, but local island effects may still remain.
The component-wise correction partly reduces that problem because it adjusts vector components
instead of scalar wind speed only. Another assumption is that the 3-hourly bias structure also applies
at the hourly scale. Given the large intercepts and slopes in the raw comparison, this assumption
seems reasonable for resource assessment in this case.

5. CONCLUSIONS

The findings show that reanalysis wind data should not be used directly for quantitative offshore
wind resource assessment in the coastal region of Southern Vietnam. The overestimation is too
large. We developed and validated a robust, component-wise bias-correction framework for this
problem. Under LOMO cross-validation and sensitivity testing against OLS and QM, the robust
regression method gave the best overall result in this dataset. It reduced RMSE by 55.0%. It also
handled outliers better than OLS and gave better point-wise accuracy than QM.

The monthly, component-wise robust regression approach used here can be applied in other tropical
coastal regions where observations are limited.

If more floating LiDAR data become available, later work may add machine learning for spatial
extrapolation.
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Figure 7: The compared results of direction and wind speed from (a) raw ERAS, (b) ground-based
observations data, and (c) bias-corrected ERAS data for Con Dao station, demonstrating
the preservation of directional information after correction.
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