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Abstract

Reanalysis datasets are often used as an ideal alternative to weather station observations because
they provide temporally and spatially consistent data coverage. However, these reanalysis products
need validation against weather station readings, as their performance varies regionally. In this
study, we compared daily maximum (T, ) and minimum air temperature (T}, ) from the ERAS
and ERAS5-Land reanalysis datasets with 31 ground meteorological station observations of
Bangladesh from 1989 to 2019. Both products reproduced observed temperatures well, with
overall correlations exceeding 0.89 for T, and 0.95 for T,,;,. Wilcoxon signed-rank tests
revealed that ERAS significantly (p < 0.05) outperformed ERAS5-Land for T,,,, across multiple
performance metrics, with large effect sizes (> 0.90), whereas the two datasets exhibited
comparable performance for T,,;,. Both products showed a cold bias in T,,,, and a warm bias in
Tonin- Seasonal analyses revealed the lowest T),,;;,, correlations during the monsoon season (ERAS
= 0.648; ERAS5-Land = 0.531), despite relatively low RMSE and MAE values, suggesting
difficulties in reproducing day-to-day variability under relatively uniform monsoon conditions.
For absolute extreme temperature indices, ERAS generally exhibited significantly (p <0.05) lower
values, whereas ERAS5-Land more accurately reproduced observed trends in percentile-based
extreme indices. These findings indicate that both ERAS and ERAS5-Land provide reliable
temperature data for Bangladesh, with ERAS performing better for daily temperatures and absolute
extremes. At the same time, ERAS-Land showed greater agreement with observed long-term

changes in percentile-based extremes.

Keywords: ERAS, ERA5-Land, air temperature, temperature extremes, Bangladesh.
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1 Introduction

Earth’s climate is changing substantially. A recent Intergovernmental Panel on Climate Change
(IPCC), 2022 report states that human-induced warming increased by 0.2°C every ten years,
reaching about 1°C above pre-industrial levels in 2017. Global warming has affected around 85%
of the world’s population (Callaghan et al., 2021) and is expected to rise (Karl & Trenberth, 2003).
Understanding historical climate variability, projecting future climate change, and evaluating its
impact are crucial. Therefore, the use of consistent meteorological data as a reference dataset is

critical.

Some studies use ground-based station observations as a reference dataset. Even though these
observations are regarded as the most accurate data sources, they are often inconsistent both
temporally and spatially (Colston et al., 2018). These limitations can reduce their suitability for
studies requiring spatially and temporally continuous datasets, such as climate modeling.

Therefore, reanalysis products are often considered an ideal alternative to ground observations.

Climate reanalyses are developed by combining historical observational data (like weather
stations, satellites, and balloons) with a numerical Earth system model through a process called
data assimilation (Buontempo et al., 2025). This creates a comprehensive, physically consistent,
and gridded time series of past weather and climate. Among the reanalysis products, ERAS
produced by the Copernicus Climate Change Service (C3S) is the most widely used dataset. It is
the fifth-generation atmospheric reanalysis product developed by the European Centre for
Medium-Range Weather Forecasts (ECMWF), providing global climate data from January 1950
to the present at a spatial resolution of 0.25° x 0.25°, with hourly temporal coverage that is also

available in aggregated monthly form (Hersbach et al., 2020).

Additionally, ERA5-Land, which was released in July 2019, is an enhanced version of ERAS5 that
was produced by forcing the terrestrial component of ERAS reanalysis, covering the same period
but with a spatial resolution of 0.1° % 0.1° and without data available for the oceans (Mufoz-
Sabater et al., 2021). Given their increasing use in climate monitoring, impact assessment, and

climate modeling, understanding the reliability of these datasets is essential.

Previous studies have generally reported strong agreement between ERAS and ERAS5-Land

temperature data and ground observations across different climatic regions (Aragjo et al., 2022;
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Clelland et al., 2024; Zhao et al., 2023). Both semiarid and cold-region environmental studies have
found high correlations and consistent seasonal patterns, suggesting the overall reliability of these
reanalysis products. However, the magnitude of errors and performance vary across regions. For
example, a study conducted in Siberia reported higher RMSE values compared to semiarid regions
of Brazil, whereas ERAS often showed comparatively better performance than ERAS5-Land for
maximum temperature estimation (Clelland et al., 2024; dos Santos Ferreira et al., 2026). These
regional differences indicate that the accuracy of reanalysis products may depend on local climatic

and geographic conditions, highlighting the importance of region-specific validation studies.

Despite the importance of region-specific validation of reanalysis datasets, a comprehensive
assessment of ERAS and ERAS5-Land for daily air temperature over Bangladesh remains limited.
In particular, their performance in representing both daily temperature characteristics and extreme
temperature indices has received comparatively less attention. Therefore, this chapter evaluates
ERAS5 and ERAS5-Land against Bangladesh Meteorological Department (BMD) station
observations for daily maximum and minimum temperature across Bangladesh. In addition to
assessing their agreement with station observations, the analysis examines selected extreme
temperature indices to evaluate their ability to represent the magnitude and variability of
temperature extremes. The rest of the paper is organized as follows: the methodology section
describes the study area, data sources, data preprocessing, and validation procedures, followed by
the results and discussion. The paper concludes by discussing the study’s limitations and main

conclusions.

2 Methodology

2.1 Study Area

Bangladesh is situated between 20.34°-26.38° N latitude and 88.01°-92.41° E longitude. The Bay
of Bengal borders it to the south, Myanmar to the southeast, and India to the west, north, and
northeast. According to the Intergovernmental Panel on Climate Change (IPCC, 2007),
Bangladesh is one of the most vulnerable countries due to climate change. Its geographical location
creates several seasons, as categorized by the Bangladesh Meteorological Department (BMD): pre-

monsoon, monsoon, post-monsoon, and winter. Pre-monsoon months, especially March, April, and
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May, are marked by intense heat and little precipitation, with occasional thunderstorms (Rashid,
2019). The monsoon season, from June to September, brings the most precipitation, with roughly
80% of the yearly rainfall occurring during this time. The post-monsoon months of October and
November see a drop in temperature. The winter months, December to February, are chilly and

dry, with January being the coldest.

2.2 Data Sources

In this study, observational daily maximum (7},,,) and minimum (T},;,) air temperatures were
obtained from the Bangladesh Meteorological Department (BMD) for the available time period
from 1989 to 2019. These datasets were used to validate the ERAS5 and ERAS5-Land reanalysis
datasets for bias correction. Before validation, these datasets were pre-processed to ensure strict
quality control, reducing the final number of stations to 31. Information on the locations and spatial

distribution of the meteorological stations is provided in Fig. 1 and Table 1.

ERAS represents the fifth-generation global atmospheric reanalysis developed by the European
Centre for Medium-Range Weather Forecasts (ECMWF). It spans the period from January 1940
to the present and delivers hourly data for a wide range of atmospheric, terrestrial, and oceanic
climate variables. This data, which has a horizontal resolution of 0.25° x 0.25° (~31 km), was
created by combining observations from multiple sources with a numerical weather prediction
model through advanced four-dimensional data assimilation in ECMWF's Integrated Forecast

System (Hersbach et al., 2020).

ERAS5-Land has been generated by replaying the land component of the ECMWF ERAS climate
reanalysis. A key benefit of ERAS5-Land is its finer spatial resolution, which is improved globally
to approximately 9 km. The dataset provides hourly data and covers the period from 1950 to the
present (Mufoz-Sabater et al., 2021).

Daily maximum and minimum temperature data for ERAS and ERAS5-Land were downloaded
from Copernicus Data Store using an automated Python script (https://cds.climate.copernicus.eu/).
The time zone was selected to be UTC+6 in order to ensure alignment with Bangladesh’s time

zone.
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133 Table 1 List of BMD stations with their name, station ID, location (latitude, and longitude), and altitude
Serial Station Name | Station ID | Latitude Longitude | Altitude
1 Barisal 11704 22.7 90.38 4
2 Bhola 11706 22.68 90.66 5
3 Bogra 10408 24.88 89.36 20
4 Chandpur 11316 23.26 90.67 7
5 Chuadanga 41926 23.64 88.84 17.4
6 Comilla 11313 23.48 91.19 10
7 Cox's Bazar 11927 21.46 91.98 4
8 Dhaka 11111 23.78 90.39 9
9 Dinajpur 10120 25.63 88.66 37
10 Faridpur 11505 23.61 89.84
11 Feni 11805 23.01 91.37 8
12 Ishurdi 10910 24.12 89.04 14
13 Jessore 11407 23.17 89.22 7
14 Khepupara 12110 21.98 90.22 3
15 Khulna 11604 22.8 89.58 4
16 Kutubdia 11925 21.83 91.84 6
17 Madaripur 11513 23.17 90.18 5
18 MaijdeeCourt | 11809 22.83 91.08 6
19 Mongla 41958 22.43 89.66 4
20 Mymensingh 10609 24.75 90.41 19
21 Patuakhali 12103 22.36 90.34 3
22 Rajshahi 10320 24.35 88.56 20
23 Rangamati 12007 22.67 92.2 63
24 Rangpur 10208 25.72 89.26 34
25 Satkhira 11610 22.68 89.07 6
26 Sitakunda 11912 22.64 91.64 4
27 Srimangal 10724 24.29 91.73 23
28 Syedpur 41858 25.75 88.92 39.6
29 Sylhet 10705 24.88 91.93 35
30 Tangail 41909 24.15 89.55 10
31 Teknaf 11929 20.87 92.26 4

134
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2.3 Data Preprocessing

BMD stations with more than 10% missing observations were excluded from the analysis. The
missing observations were primarily associated with recently established stations and prolonged
technical failures, resulting in extended gaps in the records. The remaining data were further
inspected for physical inconsistencies (Ty,qx < Timin) and implausible ranges, including extremely
high or unusually low values that were considered potential data errors. Such inconsistencies were
extremely rare and treated as missing, as they had negligible impact on the outcome. No imputation
was performed for the remaining missing observations to avoid introducing potential bias. For
consistency in the comparison, dates with missing observations were excluded from both the BMD

and corresponding reanalysis time series.

To spatially match the reanalysis data with the BMD station locations, bilinear interpolation was
applied to estimate the reanalysis temperature at each station from the values of the four
surrounding grid cells. This method assigns greater weights to grid cells located closer to the target
station (Accadia et al., 2003). Bilinear interpolation was applied to both ERAS5 and ERA5-Land
datasets. However, while interpolating ERAS5-Land data for six coastal stations, this technique
failed as it was picking null ocean grid cells. To address this issue, nearest-neighbor interpolation

was applied for those six stations.

2.4 Extreme Indices

To evaluate the ability of the reanalysis datasets in reproducing temperature extremes, eight
extreme temperature indices (Table 2) were calculated from daily maximum (75,4, ) and minimum
(Tpmin) temperatures following the guidelines of the Expert Team on Climate Change Detection
and Indices (ETCCDI) (Alexander et al., 2006). These indices capture key aspects of temperature
extremes, including intensity, frequency, and variability, providing a comprehensive

characterization of both hot and cold events.

To ensure precise calculation of temperature percentiles, data quality control was implemented
before calculating the percentile-based indices. In particular, to avoid biased percentile
computation, years with more than 10% missing daily records were excluded from the analysis.
By taking this step, the resulting extreme indices are ensured to be based on annual records that

are sufficiently comprehensive.
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Table 2 List of daily and extreme temperature indices used in this study

Index Definition Unit

Tmax Daily maximum air temperature °C

Timin Daily minimum air temperature °C

TXx Yearly maximum of maximum daily temperatures °C

TXn Yearly minimum of maximum daily temperatures °C

TNx Yearly maximum of minimum daily temperature °C

TNn Yearly minimum of minimum daily temperature °C
TX90p Percentage of days when T, 4, > 90th percentile % of days
TN9Op Percentage of days when T,y;,, > 90th percentile % of days
TX10p Percentage of days when T, 4, < 10th percentile % of days
TN10p Percentage of days when T,y;,, < 10th percentile % of days

2.5 Evaluation Metrics

The effectiveness of the reanalysis datasets in replicating observed daily maximum (7,4, ) and
minimum (T},;,) air temperatures was assessed using four statistical criteria. These consist of the
Pearson correlation coefficient (r), Root Mean Squared Error (RMSE), Mean Absolute Error

(MAE), and Mean Bias.

The Pearson correlation coefficient measures the strength and direction of the linear relationship
between the reanalysis data and the BMD observations. It ranges from —1 to 1, where values closer
to 1 indicate stronger agreement between the two datasets. The correlation coefficient is calculated

as follows:

Yi(Ri —R)(0; - 0)

Ly (Ri = R [EL,(0, - 0)2

where R; represents the temperature obtained from the reanalysis dataset (ERAS or ERAS-Land),
0; represents the observed temperature from BMD stations, and n denotes the total number of

observations.

RMSE and MAE were used to quantify the magnitude of errors between the reanalysis datasets

and the observed temperature values. Both metrics measure the deviation between modeled and

9
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observed data in degrees Celsius (°C). Lower values indicate better agreement with observations.
RMSE gives larger weight to higher degrees of error, whereas MAE represents the average

absolute deviation. The formulas for RMSE and MAE are given below:

n
1
RMSE = EZ(Ri — 0;)?
i=1

n
1
MAE = —ZlRi - OLl
ni:l

Mean Bias is represented by the mean difference between the reanalysis estimates and the observed
values. It was used to identify overestimation or underestimation in the reanalysis datasets.
Overestimation is indicated by positive bias, whereas negative bias indicates underestimation of

observed temperatures.
n
) 1
Bias = —Z(Rl - 01)
ne
1=

The Wilcoxon signed-rank test is a non-parametric method suitable for paired samples without
assuming normality (Wilcoxon, 1945). It was applied to determine whether the differences in
station-wise performance metrics between ERAS and ERAS5-Land were statistically significant.

For each station (i), the paired difference was calculated as,
d; = XiErAs — XiERAS-Lands i=12,..,n

where (X;) denotes the corresponding performance metric at station (i), and n is the number of

stations included in the analysis.

Diftferences equal to zero were omitted, and the absolute values of the remaining differences were
ranked from smallest to largest. If R; denotes the rank of |d;|, the sums of the positive and negative

ranks were calculated as,
W+ = Zdi>0 Ri and W— = Zdi<0 Ri

The Wilcoxon signed-rank test statistic was then defined as,

10
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W = min(W*,W™).

The corresponding p-value was used to assess the statistical significance of the difference between
the two reanalysis datasets. Statistical significance was evaluated at the 5% level (a« = 0.05), with

p < 0.05 indicating a statistically significant difference.

The sign of the median paired difference was used to indicate the direction of the difference. For
error metrics such as RMSE, MAE, and mean absolute bias, a positive median difference indicates
that ERAS-Land has lower errors than ERAS, whereas a negative median difference indicates

lower errors for ERAS.

To quantify the magnitude of the difference independently of statistical significance, the effect size

was calculated as,

Lz
VN

where Z is the standardized Wilcoxon test statistic, and N is the number of non-zero paired
differences. Larger values of r indicate a greater magnitude of difference between the two paired

datasets.

3 Results and Discussion

3.1 Daily Maximum Air Temperature

In general, both reanalysis products show good agreement with BMD observed T,,,,, data, as most
data points are clustered near the 1:1 line (Fig. 2). However, as T,,,, increases, both reanalysis
datasets tend to underestimate the observed values, indicating the presence of a cold bias. The
underestimation is slightly larger for ERAS-Land than ERAS, as reflected by the slopes of the

fitted regression lines, which are 0.82 and 0.86, respectively.

11
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Fig. 2 Scatter density plot comparing Ty,,, from ERAS (a) and ERA5-Land (b) with BMD observations. The dashed

blue line represents perfect agreement, and color intensity shows observation density on a logarithmic scale.

Overall, both datasets exhibit a strong correlation (above 0.8) with observations throughout the
year, although slightly reduced agreement is observed during the monsoon season (Table 3).
Furthermore, the geographical variability of correlation is almost the same for both products, as
seen in Fig. 3. However, during the pre-monsoon season, ERA5-Land demonstrates considerably
higher variability in correlation across stations, ranging from 0.70 to 0.89. The relatively lower
correlation during the monsoon may be associated with seasonal differences in temperature
variability and land—atmosphere interactions. During the monsoon, frequent cloud cover and
rainfall can alter surface energy exchange and contribute to short-term variations in daily
maximum temperature, which may be more difficult for reanalysis products to reproduce at the

station scale.

The strong correlations in this study broadly align with previous evaluations. In the Brazilian semi-
arid region, dos Santos Ferreira et al. (2026) reported correlations generally above 0.85 across
stations, with values reaching 0.90 or higher at many locations; ERAS also showed slightly better
performance than ERAS5-Land. In contrast, Clelland et al. (2024) reported correlations above 0.98
in Siberia and found little difference between ERAS and ERAS-Land. The higher correlations
reported for Siberia may partly reflect differences in the climatic conditions, spatial characteristics,
station network, and evaluation period, and therefore should not be interpreted as directly

comparable with the present results.
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Table 3 Seasonal and overall performance of ERAS and ERAS5-Land for T,,,, against station observations over
Bangladesh, evaluated using the correlation coefficient (r), root mean squared error (RMSE), mean absolute error

(MAE), and mean bias

ERAS ERAS-Land
RMSE MAE Bias RMSE MAE Bias
Season r r
cO) cO) °O) °O) O O
Winter (DJF) 0.834 1.75 1.29 -0.69 0.835 1.87 1.48 -0.96
Pre-monsoon
0.823 1.9 1.51 -0.82 0.813 2.02 1.63 -1.05
(MAM)
Monsoon (JJAS) | 0.779 1.7 1.37 -0.99 0.759 2.31 2.02 -1.83
Post-monsoon
0.841 1.69 1.36 -1.15 0.845 2.4 2.17 -2.07
(ON)
Overall 0.907 1.76 1.38 -0.9 0.897 2.15 1.81 -1.46

The seasonal RMSE values for ERAS range between 1.69°C and 1.9°C. When examined spatially,
the variability in RMSE remains similar across all seasons except pre-monsoon, with most stations
exhibiting errors below 2°C (Fig. 3). Despite having a slightly higher average RMSE during winter
and pre-monsoon, ERAS5-Land shows lower spatial variation in these seasons. However, during
the monsoon and post-monsoon seasons, both the average error and station-wise variability
increase substantially, with ERAS5-Land showing errors above 2°C for most stations. In addition,
for both datasets, a small number of stations show RMSE values that are greater than 3°C during

all seasons, making them outliers in the distribution.

ERAS shows relatively consistent MAE values across all seasons, with comparable levels of
spatial variability. This consistency further supports the reliability of ERAS in representing daily
maximum temperature patterns across Bangladesh. On the other hand, ERA5-Land exhibits MAE
values that follow a seasonal pattern similar to the previously discussed error metric, RMSE,
indicating that the magnitude and distribution of errors remain generally consistent across different

evaluation metrics.

The results are broadly comparable with those reported for the Brazilian semi-arid region, where
RMSE and MAE were mostly between 1°C and 2°C, and ERAS consistently performed better than
13



268
269
270
271
272
273

274

ERAS5-Land (dos Santos Ferreira et al., 2026). In Siberia, Clelland et al. (2024) reported
substantially larger errors, with seasonal RMSE values generally ranging from approximately 2°C
to 6°C across stations. Their largest RMSE occurred during winter (3.94°C), while the smallest
occurred during spring (3.10°C). The substantially different error magnitudes between Siberia and
Bangladesh likely reflect differences in climate, surface characteristics, temperature variability,

and the spatial representativeness of the reanalysis data.

14



275
276
277
278

279
280
281
282
283
284

285
286
287

I ERA5

(a) Seasonal Correlation of Tmax
IO e
os T@ @é
0.8 ﬂ + E o
5 i
07 5
\N'\T\*\e( @3?\ i \,‘\J\P\N“ " kA ‘“\5\ KO\\“
e W oo
Season
{€) Seasonal MAE of Tmax

0 _____________________________________________
\ ) =) )
\N'\Y\‘e‘ ©° 0 N\PN‘ o @AP\ oo \0‘\\
e,\'f‘o S \r\o"\s PGS _((\0
=}t
Season

[ ERA5-Land

(b) Seasonal RMSE of Tmax

oo oo

0 _____________________________________________
AN P‘—e-monso ‘\I\o(\ﬁ o%"m
Season
(d) Seasonal Bias of Tmax

et © on\ on b 500"
w ? \'B—monso N\D(\EQ ? 0‘5\‘ oft
Season

Fig. 3 Seasonal box plots showing the distribution of performance metrics (correlation coefficient, RMSE, MAE,

and mean bias) across stations for ERAS5 and ERA5-Land T,,,,,. The dashed blue horizontal line denotes the ideal

value for each metric.

In both reanalysis datasets, a cold bias is observed throughout the year, with only a few stations

showing a warm bias. ERAS5-Land's seasonal mean bias extends up to -2°C, while ERAS's typically

stays above -1°C. The presence of such systematic cold bias suggests that both reanalysis products

tend to underestimate daily maximum temperature over Bangladesh. The degree of station-wise

bias variations over seasons is comparable in both datasets. But during the monsoon and post-

monsoon seasons, the bias of ERAS5-Land increases, showing a much larger cold bias than ERAS.

The predominance of cold bias is consistent with findings from the Brazilian semi-arid region,

where negative biases were also reported for both reanalysis products (dos Santos Ferreira et al.,

2026). Moreover, the bias was lower for ERAS than ERA5-Land. In contrast, Clelland et al. (2024)

15
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found broadly similar bias variability among ERAS5-Interim, ERAS, and ERAS5-Land across
Siberian stations, with the largest seasonal bias occurring during summer (—2.45°C). The
differences between the studies suggest that the magnitude and seasonal behavior of T, bias are

strongly dependent on regional climatic and surface characteristics.

The superior performance of ERAS is further confirmed by the Wilcoxon signed-rank test (Table
4). Across all error metrics, ERAS exhibits significantly lower errors than ERAS5-Land (p < 0.01),
with consistently large effect sizes (> 0.92), indicating that the observed differences are both

statistically robust and practically meaningful across stations.

Table 4 Wilcoxon signed-rank test of ERAS5 and ERAS-Land T,,,, performance metrics. Negative and positive
median differences indicate better performance of ERAS and ERA5-Land, respectively.

Median

Metric P Value Effect Size
Difference

RMSE (°C) -0.54 1.57e-07 0.94

MAE (°C) -0.52 2.86e-07 0.92

Mean Bias (°C) | -0.61 1.57¢-07 0.94

3.2 Daily Minimum Air Temperature

For T,,;n, both reanalysis products showed proper alignment with observed data, with ERAS and
ERAS5-Land having slopes of 0.90 and 0.86, respectively (Fig. 4). A gentle warm bias is observed
for values below 25°C for both products, whereas ERAS5-Land exhibits a slight cold bias when
Tynin exceeds 25°C.
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Fig. 4 Scatter density plot comparing Ty,;,, from ERAS (a) and ERAS5-Land (b) with BMD observations. The dashed

blue line represents perfect agreement, and color intensity shows observation density on a logarithmic scale.

Overall, the seasonal evaluation of T,,;, closely resembles that of T,,,,. However, during the
monsoon, the correlation is considerably lower for T),;, compared to T, With correlation
coefficients of 0.648 and 0.531 for ERAS5 and ERAS5-Land, respectively (Table 5). Fig. 5 also
illustrates this tendency, with monsoon showing relatively lower correlation and greater station-
wise variability than the other seasons. This decline in correlation during monsoon is similar to
patterns found in Siberia, where inadequate simulated cooling caused summer T,y,;,, correlations
to fall below 0.60, reaching as low as 0.40 for some stations (Clelland et al., 2024). Similarly,
performance drops were noted during summer on the Greenland Ice Sheet, where correlations fell

to 0.85 (Delhasse et al., 2020).
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Table 5 Seasonal and overall performance of ERAS and ERA5-Land for daily minimum air temperature (Ty,;,,)
against station observations over Bangladesh, evaluated using the correlation coefficient (r), root mean squared error

(RMSE), mean absolute error (MAE), and mean bias.

ERAS ERAS-Land
RMSE MAE Bias RMSE MAE Bias
Season r r
°O) °O) °O) °O) cO) O
Winter (DJF) 0.855 2.11 1.67 1.29 0.837 2.05 1.63 1.11
Pre-monsoon
0.895 1.75 1.34 0.89 0.864 1.83 1.37 0.65
(MAM)
Monsoon (JJAS) | 0.648 1.01 0.76 0.42 0.531 1.09 0.83 -0.29
Post-monsoon
0.928 1.42 1.08 0.63 0.915 1.39 1.08 -0.16
(ON)
Overall 0.966 1.6 1.18 0.79 0.958 1.61 1.21 0.32

The differences between the average seasonal and overall RMSE values of the two reanalysis
products are minimal (<= 0.08°C), indicating comparable performance. Spatial variability across
stations remains small and broadly consistent throughout the seasons, although ERAS5-Land
exhibits noticeably lower geographical variability during the post-monsoon period. On the other
hand, during winter both models exhibit far greater spatial variability than other seasons, with an
interquartile range of roughly 1°C to 3°C. A similar spatial pattern is observed for MAE, where
the average values of both datasets are also nearly identical, supporting the consistency of their

performance across metrics.

For both models, the monsoon exhibited the lowest correlation with observations, indicating
weaker agreement in temporal temperature variability. In contrast, winter showed larger errors and
greater station-to-station variability. These discrepancies suggest that the lower monsoon
correlations may reflect regional cloud cover and convective activity, whereas the larger winter
errors may reflect differences in how near-surface atmospheric and land—surface processes are
represented. However, this differs from findings in the Qilian Mountains and Siberia, where spring

showed the largest error magnitude (Clelland et al., 2024; Zhao et al., 2023).
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Generally, ERAS5-Land shows significantly lower mean bias than ERAS5 throughout the season.
For ERAS, the mean bias is lowest during the monsoon season (0.42°C), while for ERAS5-Land, it
is the lowest during the post-monsoon season (—0.16°C). Moreover, in contrast to the cold bias in
Tmaxs Tmin generally shows a minor warm bias throughout most seasons and is generally less
biased than T,,,,,. Furthermore, as shown in Fig. 5, winter displays greater variability in bias across
stations, consistent with the patterns observed in RMSE and MAE. These findings are mostly
similar to the literature. For instance, studies in the Canadian Prairies reported a +0.74°C bias for
Tnin under clear skies (Betts et al., 2019), and Clelland et al. (2024) attributed such errors to the
models' inability to simulate sufficient nighttime cooling. In extreme cases like the Brazilian
semiarid, this warm bias peaked at over 8°C (dos Santos Ferreira et al., 2026), highlighting the
universal difficulty reanalyses face in accurately capturing nocturnal surface-atmosphere
interactions. Despite the similarity of our study with previous literature, a study validating ERAS-
Land for extreme temperatures of the Qilian Mountains in China found that the model
underestimates both maximum and minimum temperature, though the magnitude of
underestimation by T,,;,, was lower compared to Tj,,,,. This might be due to the distinct geographic
and weather patterns, notably the average temperature of that region was around 5°C (Zhao et al.,

2023).
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Fig. 5 Seasonal box plots showing the distribution of performance metrics (correlation coefficient, RMSE, MAE,
and mean bias) across stations for ERAS5 and ERAS5-Land T,,;,,. The dashed blue horizontal line denotes the ideal

value for each metric.
When tested for statistical significance, both ERAS and ERAS5-Land showed comparable
performance. ERAS5-Land showed significantly lower bias (p < 0.01, effect size = 0.58) than
ERAS, whereas the opposite was true for RMSE, although the median difference and effect size

were much smaller (Table 6). In contrast, for MAE, both datasets showed non-separable

performance (p > 0.05).
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Table 6 Wilcoxon signed-rank test of ERAS and ERAS5-Land T,,,;, performance metrics. Negative and positive

median differences indicate better performance of ERAS and ERA5-Land, respectively.

Median
Metric P Value Effect Size
Difference
RMSE (°C) -0.11 0.026 0.46
MAE (°C) -0.11 0.209 0.26
Mean Bias (°C) 0.41 0.004 0.58

3.3 Evaluation of Extreme Temperature Indices

For replicating the magnitude of the hottest and coldest days and nights (TXx, TNx, TXn, and
TNn), ERAS shows slightly better agreement with observed data than ERAS5-Land (Table 7). This
implies that ERAS is somewhat more effective in capturing the absolute extremes of daily
temperature. The Wilcoxon signed-rank test further supported this, showing significantly lower
bias for ERAS (p <0.01) for all indices except TXx (Table 8). In contrast, both reanalysis products
perform comparably for percentile-based indices (TX90p, TN90p, TX10p, and TNI10p),

suggesting a similar capacity to depict the frequency of warm and cold extremes.

Table 7 Mean bias of extreme temperature indices derived from ERAS and ERA5-Land relative to observations over

Bangladesh. Negative values indicate underestimation, whereas positive values indicate overestimation

TXx TXn TNx TNn  TX9p TN90p TX10p TNI10p
ERA5 087 13 019 197 225 1.7 1.93 1.6
ERAS5-Land | -1.16 171 0.64 207 225 1.71 1.93 1.59

Examining temporal trends, ERA5-Land often shows better agreement with observed extreme-
index trends (Fig. 6). Both reanalysis datasets show comparable ability to capture the observed
trend patterns for TXx, TXn, TNx, and TNn. However, a noticeable discrepancy is observed for
TXn, where both products fail to reproduce the substantial cooling trend in the -observed data. For
the percentile-based indices, both datasets capture the overall trend direction, although ERAS-
Land shows closer agreement with the observed trend slopes. Despite this general agreement in

variability and trend direction, a consistent discrepancy remains between the reanalysis results and
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the observations. Specifically, the reanalysis datasets tend to somewhat overestimate the
magnitude of most extreme indices. The spatial matching process used to match the gridded
reanalysis data with station observations may be partially accountable for this mismatch, as
bilinear interpolation may introduce minor biases in extreme values and smooth out local
variability.

Table 8 Wilcoxon signed-rank test comparing ERAS and ERA5-Land biases for eight extreme temperature indices.

Positive and negative median differences indicate lower bias for ERA5-Land and ERAS, respectively.

Indices | Median Difference | P Value Effect Size
TXx -0.30 0.595 0.11
TXn -0.42 0 0.90
TNx -0.29 0 0.86
TNn -0.32 0.007 0.55

TX90p 0.00 0.789 0.11

TN9Op -0.02 0.681 0.08

TX10p -0.01 0.918 0.08

TN10p 0.04 0.313 0.21
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Fig. 6 Temporal trends of eight extreme temperature indices derived from observations, ERAS, and ERAS5-Land

over Bangladesh.
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Studies in Siberia and Turkey report that ERAS is often marginally superior to ERAS5-Land in
capturing temporal variability and long-term trend signals (Clelland et al., 2024; Yilmaz, 2023).
However, despite ERAS5’s marginal superiority, ERA5-Land showed better agreement with
observed temporal trends in Bangladesh for percentile-based indices (7X90p, TN90p, TX10p and
TN10p). This aligns with evaluations in the Qilian Mountains, where ERAS5-Land was considered
reliable for identifying trends in nearly all extreme temperature indices. Regardless, researchers
there also noted that reanalyses typically capture intensity indices (magnitudes) more accurately
than frequency indices (day counts) (Zhao et al., 2023). Despite this general proficiency in trend
detection, a consistent discrepancy remains, as reanalyses in Bangladesh tend to overestimate the
magnitude of most extreme indices. Finally, both models fail to reproduce the substantial cooling
trend in 7Xn in Bangladesh, highlighting a potential limitation in capturing specific regional
cooling signals, even though they remain "adept" at simulating broader spatially varying warming

trends.

4 Limitations

The hybrid spatial interpolation technique used in this work may introduce some degree of
artificial bias. However, this can be considered negligible, as this procedure is the most widely
accepted way to spatially match gridded datasets. Elevation differences might be another source
of bias that needs to be considered. Future studies should consider multiple variables such as
precipitation, wind speed, and humidity to better understand the capability of these products for

regional climate implications in Bangladesh.

5 Conclusion

This study provides the first comprehensive evaluation of the ERAS and ERAS5-Land reanalysis
datasets for daily temperature over Bangladesh, and is among the few to assess their performance
for extreme temperature indices in the region. The results show that both datasets reliably

reproduce observed temperature variability, with consistently high correlations. For regional-scale
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research in Bangladesh, ERAS is a reliable substitute for station observations since it performs
marginally better overall in capturing the daily maximum temperature and the severity of extreme
occurrences. However, ERAS-Land exhibits advantages in reducing bias in minimum temperature
and capturing temporal trends in percentile-based extreme indices, likely due to its finer spatial
resolution. The results indicate that ERAS should be the preferred for general applications, while
ERA5-Land can be useful in applications where high spatial resolution and trend analysis are
important. Therefore, the selection of one of the two datasets should depend on the research aims

and the advantages and disadvantages of each of the datasets.
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