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Many remote tropical mountainous regions lack precise, spatially distributed air 
temperature data. This limits both scientific research and applied solutions in fields 
such as hydrology, meteorology, health and agriculture. As regular monitoring 
networks do not provide sufficient spatial coverage in these regions, alternatives 
are required. To address this issue, this study proposes a novel approach using 
participatory monitoring (PM) data for point-to-point bias correction of ERA5- 
Land air temperature data. ERA5-Land data was trained on PM data from different 
remote mountainous regions in Ecuador (n = 67), Honduras (n = 23) and Tanzania 
(n = 275) using simple linear regression models. Validation was conducted using 
automatically measured air temperature, applying different metrics, including 
mean absolute error (MAE) and coefficient of determination (R2). Validation 
demonstrated an improvement across all stations, with the most significant 
reduction in MAE, from 5.49 °C to 1.76 °C in Ecuador. Concurrently, R2 

increased across all stations up to 0.83. The decrease in deviation was also 
statistically significant for all stations. The study demonstrated that 
incorporating PM data into simple linear regression bias correction can reduce 
the regional bias of ERA5-Land air temperature data. This can be regarded as a 
pragmatic solution for remote regions, where the absence of weather stations is a 
common issue.
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1 Introduction

The World Meteorological Organization (WMO) has confirmed that 2024 was the 
warmest year on record with the global air temperature 1.55 °C above the pre-industrial level 
(WMO, 2025a). This serves as yet another reminder that climate change is a matter of 
pressing concern. It may have far-reaching consequences for human health, the global 
economy, and agriculture, necessitating significant adaptation measures (Lee et al., 2023). 
Countries belonging to the “Global South” might lack resources for climate change 
adaptation and mitigation which is why effects might be felt sooner and more intensely 
(Abraham, 2018; Sen Roy, 2018; United Nations, 2022; Ngcamu, 2023; Cavazos et al., 2024). 
Given that all these challenges are directly or indirectly linked to rising air temperature (Lee 
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et al., 2023), reliable data on this parameter can be considered critical 
for many kinds of climate change research.

Traditionally, hydrometeorological data such as air temperature 
has been collected using professional manual weather stations 
managed by meteorological authorities (WMO, 2017). Today, 
many of these are replaced by automatic weather stations which 
are considered the state of the art for this type of data collection 
(WMO, 2017). Common problems with these stations are their 
complexity of maintenance, costs and their highly uneven 
distribution around the globe. For instance, the distribution of 
the approximately 80,000 weather stations included in the Global 
Historical Climatology Network (GHCN) daily database (Menne 
et al., 2012), highlight this issue: Relatively few stations are located in 
countries like Honduras (n = 7), Ecuador (n = 15) or Tanzania (n = 
14) compared to Western European countries like the Netherlands 
(n = 353) or Germany (n = 1,069) (NOAA, 2025). This becomes 
more evident when considering the weather station density, i.e., the 
number of GHCN stations per unit area of the country. For instance, 
Honduras has a density of 0.062 stations * 1,000 km-2, whereas the 
Netherlands has a density of 8.497 stations * 1,000 km-2.

In recent decades, remote sensing-based monitoring has become 
a powerful alternative to such ground-based data collection, for 
instancefor the estimation of large-scale air or land surface 
temperature (Prihodko and Goward, 1997; Sun et al., 2005; 
Hooker et al., 2018). Possible limitations of this type of data can 
be, however, the often coarse spatial or temporal resolution. A 
current state-of-the-art global dataset that offers air temperature 
reanalysis values is ERA5-Land, which has a coverage with 9 km 
spatial- and a one hour temporal resolution (Muñoz-Sabater et al., 
2021). Nevertheless, this spatial resolution may still be too coarse for 
specific applications, for instance the calculation of 
evapotranspiration in mountainous areas where air temperature 
varies greatly over short distances at different elevations.

To overcome these limitations, there have been multiple 
attempts to adapt large-grid cell model outputs to make them 
more useful for the local scale (Zhu et al., 2021; Niazkar et al., 
2023; Sebbar et al., 2023; Dhawan et al., 2024; Xu et al., 2024; Zhang 
et al., 2024). Removing a systematic error or deviation in modelled 
data, such as ERA5-Land, to match a specific location is commonly 
known as bias correction (Maraun, 2016; Muñoz-Sabater et al., 
2021). Some studies explicitly focused on bias correction for air or 
land surface temperature in mountainous regions in different parts 
of the globe (Zhu et al., 2021; Sebbar et al., 2023; Dhawan et al., 2024; 
Satyapragyan et al., 2026). Different methods can be used for this, 
such as statistical methods (Lompar et al., 2019; Dhawan et al., 2024; 
Zhang et al., 2025), machine learning (Niazkar et al., 2023; Sebbar 
et al., 2023; Dhawan et al., 2024; Zhang et al., 2024) or deep learning 
(Niazkar et al., 2023; Xu et al., 2024). However, the data used for the 
bias correction of the remotely sensed dataset is typically obtained 
from conventional sources, such as regular weather stations. As the 
distribution of these stations is spatially limited, especially in remote 
areas, data for bias correction is not available everywhere and 
alternative data sources may be required. This raises the question 
whether data from other, non-traditional sources in remote 
mountainous regions can also be used for such bias correction 
approaches.

A noteworthy alternative source for hydrometeorological data 
could be participatory monitoring (PM), where volunteers 

participate in the data collection process (Danielsen et al., 2009; 
Rajagopalan et al., 2020; Beele et al., 2022; Campos Zeballos et al., 
2025; Mitze et al., 2026). Measuring instruments provided to 
participants often have low costs and are usually easy to use by 
lay people to use (Buytaert et al., 2014; Davids et al., 2019). This 
makes it a particularly viable alternative for regions with limited 
financial resources (Buytaert et al., 2014; Fankhauser and 
McDermott, 2014; Mitze et al., 2026). Therefore, this kind of 
approach could improve spatial resolution compared to 
traditional monitoring networks, providing data from areas that 
have previously been poorly monitored. A recent example by Mitze 
et al. (2026) showed that the accuracy of air temperature data 
measured by participants with analog sensors is of considerable 
accuracy compared to regular automatic sensors, despite 
construction-related outliers, which could be excluded. However, 
participants do not measure at a regular interval, for example in 
hourly intervals, as automatic sensors do. This irregularity of 
measurements and the uncertainty regarding a long-term 
perspective are likely the most significant challenges for 
integrating PM into existing measurement networks (Njue et al., 
2019). Because of that, a 1:1 replacement of automatic sensor 
measurements with PM could present new challenges, especially 
for further applications or long-term use of the data. Assuming a 
high correlation between these PM measurements and other data 
sources such as remote sensing data with regular time intervals, this 
issue could be addressed by applying regression models to predict 
missing timestamps. At the same time, such a combination could 
address the spatial accuracy of the remote sensing data, thus 
compensating for the inherent limitations of each data type. 
While there are multiple bias correction approaches, only a few 
studies are available that apply such corrections to an hourly 
timescale on ERA5-Land data (Niazkar et al., 2023; Dhawan 
et al., 2024; Zhang et al., 2025). Furthermore, these studies all 
used automatically measured data from regular weather stations. 
To date no research has evaluated the use of PM data for the purpose 
of bias correction of continuous datasets such as ERA5-Land. For 
this reason, this study utilizes PM air temperature data for a simple, 
point-to-point bias correction. The corresponding PM data was 
collected in different tropical remote mountainous regions in 
Ecuador, Honduras and Tanzania as part of the 
hydrometeorological PM project “HydroCrowd” (Campos 
Zeballos et al., 2025; Mitze et al., 2026). In HydroCrowd, 
participatory monitoring is examined as an alternative data 
collection method in remote tropical regions (https://ihp-wins. 
unesco.org/citizens4water/project/18). The three countries were 
chosen as study sites for HydroCrowd due to various strategic 
and practical reasons, such as existing connections with local 
partners, as well as different management and socio-cultural 
contexts, which allowed testing different approaches regarding 
target groups of PM. Because of the limited availability of 
hydrometeorological data in the study regions investigated, these 
are considered well-suited for the approach pursued in this study.

The objective of this study is to analyze whether such PM air 
temperature data can be used for bias correction to improve the 
accuracy of ERA5-Land air temperature. As there are no other 
sources of continuous hydrometeorological data available here, this 
could contribute to a better understanding of the complex 
microclimates in these regions (Sebbar et al., 2023), which, in 

Frontiers in Environmental Science frontiersin.org02

Mitze et al. 10.3389/fenvs.2026.1859873

https://ihp-wins.unesco.org/citizens4water/project/18
https://ihp-wins.unesco.org/citizens4water/project/18
https://www.frontiersin.org/journals/environmental-science
https://www.frontiersin.org
https://doi.org/10.3389/fenvs.2026.1859873


turn, can be vital for understanding of local climate change impacts, 
adaptation to climate change, agricultural planning or health 
protection. Furthermore, future PM projects could benefit from 
insights gained from the application of collected data for even more 
targeted PM campaigns.

2 Materials and methods

2.1 Study region and climate

In this study, air temperature data collected between May 
2023 and August 2025 from the PM project HydroCrowd was 
used. The study regions are located in different tropical 
mountain settings predominantly in and around national parks 
in Ecuador, Honduras and Tanzania (Campos Zeballos et al., 
2025; Mitze et al., 2026). An automatic sensor was used to 
monitor the air temperature at one station in each country where 
high participation was expected, for validation purposes (Figure 1).

Further information on the participatory approach and the data 
collection itself can be found in prior publications by Campos 
Zeballos et al. (2025) and Mitze et al. (2026). The characteristics 
of the PM data are presented in more detail in the Section 2.2.1.

2.1.1 Ecuador

From the study region in Ecuador the station “Tomebamba” was 
selected for this analysis. The station is located in the municipality of 
the same name, province Azuay, Southern Ecuador (Figure 1A). It 
was installed in the center of the town, around 37 km north-east of 
the city of Cuenca, at an elevation of approx. 2,380 m a.s.l. (Mitze 
et al., 2026). Due to the absence of a climatological station in the 
immediate vicinity, data from the nearest WMO station in Cuenca is 
used to describe the prevailing climatic conditions. This station is at 
a comparable elevation (2,530 m a.s.l.) and according to the World 
Bank, it has the same temperate Andean climate (temperate oceanic 
climate) (World Bank, 2025). The annual average temperature is 

16.3 °C, with low seasonal variation (WMO, 2025b), with November 
having the highest (22.2 °C) and July having the lowest average air 
temperature (18.6 °C) (WMO, 2025b). Annual rainfall amounts to 
approximately 876 mm, with peak rainfalls in April, with over 
120 mm (WMO, 2025b).

2.1.2 Honduras

The station “Don Tito” is located on a pasture in the vicinity of 
Celaque National Park in Western Honduras (Figure 1B). It was 
installed at an elevation of approx. 1,182 m a.s.l. About 5 km 
southwest of the city of Gracias. The region has a tropical 
savannah climate with an average temperature of 24 °C and 
annual average precipitation of 1,600 mm (Valdez et al., 2017). 
The area has a distinct rainy season from May to October, while the 
rest of the year is dry (Aguilar, 2005).

2.1.3 Tanzania

From the study region in Tanzania, the station “Nkweseko” was 
selected. It is located at the Nkweseko research station close to the 
border of Kilimanjaro National Park at an elevation of approx. 1,700 
m a.s.l. (Figure 1C). The area has a typical equatorial daytime climate 
with varying temperature and rainfall depending on elevation 
(Hemp, 2005). Rainfall has a bimodal pattern with two rainy 
seasons from October to December and March to May (Shagega 
et al., 2025) resulting in approx. 2,616 mm per year (Gütlein et al., 
2018). According to Gütlein et al. (2018) and estimations of Hemp 
(2005), mean annual air temperature is around 18.4 °C –18.8 °C.

2.2 Data sources

2.2.1 Participatory monitoring and automatic 
sensor data

For the participatory monitoring approach, analog 
thermometers (TFA-Dostmann, K1.100273, Wertheim, Germany; 

FIGURE 1 
Locations of the stations used for the analysis in the study regions in (A) Southern Ecuador, (B) Western Honduras and (C) Northern Tanzania.
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accuracy: ±1 °C) and other sensors were mounted on standardized, 
roofed wooden signpost, called weather stations, which were 
installed at different locations in the three study regions (Campos 
Zeballos et al., 2025; Mitze et al., 2026) (Figure 2).

Measurements were always taken at the exact location of the 
weather stations by reading the analog sensor and submitted via a 
smartphone application or a web interface to the HydroCrowd 
database (Campos Zeballos et al., 2025; Mitze et al., 2026). As the 
roofing proved to be inadequate, outliers due to exposure to intense 
sunlight during certain hours of the day, particularly during early 
morning or late afternoon, were detected in the measurements 
(Mitze et al., 2026). To exclude these outliers from further use, 
the same interquartile range outlier elimination approach as 
presented by Mitze et al. (2026) was used. This resulted in a 
moderate loss in available PM measurements (Tomebamba: 8.2%, 
Don Tito: 17.9% and Nkweseko: 12.4%).

At these three stations, automatic stand-alone loggers (Lascar 
Electronics, EL-USB-2+, Whiteparish, United Kingdom; accuracy: 
±0.3 °C) for continuous measurements of air temperature and 
relative humidity were installed (Mitze et al., 2026). Table 1
provides an overview of the period and number of PM and 
automatic measurements monitored. On average, much less than 
one measurement per day was submitted, which limits potential 
autocorrelation in the measurements at each location. Please note 
that PM temperature data will be referred to as Tpm and the data 

from the automatic sensors as Tas, in the following. Due to repeated 
theft and vandalism, it was not possible to provide continuous data 
for the full measurement period for all stations (Mitze et al., 2026). 
In particular, this has significantly limited the data available for the 
analysis at the stations “Don Tito” and “Tomebamba”. The 
substantially smaller sample size of Don Tito compared to the 
other stations, must be taken into account as a potential 
limitation for the subsequent modelling. Nevertheless, data from 
all stations will be used to determine whether a small number of 
measurements might be sufficient for bias correction.

2.2.2 ERA5-land data

The land component of the fifth generation of European 
ReAnalysis (ERA5-Land) (Muñoz-Sabater et al., 2021) was used 
as the continuous dataset, to which bias correction should be 
applied. It was developed by the European Centre for Medium- 
Range Weather Forecasts (ECMWF) and offers a global dataset from 
1950 to the present with 50 variables describing the water and energy 
cycles over land (Muñoz-Sabater et al., 2021). It is based on a 
numerical integration of the ECMWF land surface model using the 
ERA5 climate reanalysis dataset (Muñoz-Sabater et al., 2021). This 
dataset relies on various data sources like meteorological station, 
weather ballons, satellites and other remote sensing data sources 
data (Muñoz-Sabater et al., 2021; Copernicus, 2025). As the same 

FIGURE 2 
The three sensors mounted on a weather station at “Don Tito” in Honduras: a hygrometer for relative humidity, a thermometer for air temperature 
and a rain gauge for rainfall measurements.

TABLE 1 Stations with participatory monitoring (pm) and automatically (as) measured data and the corresponding measurement periods for the stations (n = 
number of Tpm and m = number of Tas and coordinates in WGS 1984).

Station name Country Latitude Longitude n m Period monitored

Nkweseko Tanzania −3.184554 37.240911 275 12,912 26.08.2023–14.02.2025

Tomebamba Ecuador −2.742007 −78.682567 67 4,680 07.12.2023–19.06.2024

Don tito Honduras 14.532804 −88.61398 23 10,080 08.05.2024–02.07.2025
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spatial and temporal resolution of data is not available for all regions 
in the world, interpolation was used to complete the reanalysis 
dataset (Muñoz-Sabater et al., 2021).

The global ERA5-Land dataset is available at a native 9 by 9 km 
spatial and 1-h temporal resolution (Copernicus Climate Change 
Service, 2019; Muñoz-Sabater et al., 2021). This product was 
preferred over other remote sensing datasets, due to its gapless 
continuous temperature availability, at global range. The 2 m air 
temperature of this dataset (referred to as Trs in the following) was 
retrieved and processed via the Python earthengine-api of Google 
Earth Engine (Gorelick et al., 2017).

2.3 Bias correction

In this study, the bias of Trs is considered as the deviation from 
Tas at the exact location of the three PM weather stations. Tpm was 
utilized for the training of point-to-point bias correction models, as 
the availability of automatic measurements is limited in the three 
study regions.

2.3.1 Data preprocessing

In a first step, timestamps of Tpm were assigned to the nearest 
full hour to match those of Tas and Trs, for instance a measurement 
from 8:42 was assigned 9:00, etc. (compare Mitze et al., 2026). As Trs 

is available in coordinated universal time (UTC), time stamps were 
corrected to the local time zones of the study regions (Ecuador: +5, 
Honduras: +6 and Tanzania: −3).

In the next step, timestamps of Tpm were used to retrieve the 
corresponding Trs values for the three stations (training 
datasets). In the same way, Trs values were also retrieved for 
the entire hourly Tas dataset (see Table 1) in order to validate the 
bias correction models (validation datasets). From each Trs grid 
pixel a point value was extracted using the coordinates of the PM 
station (Table 1). Only the pixel value in which each station is 
located were used because ERA5-Land grid pixel values already 
represent a spatial average of the 9 by 9 km grid pixel. 
Incorporating surrounding pixels, for instance, via buffering 
or neighborhood averaging would introduce unwarranted 
spatial assumptions and could obscure meaningful gradients 
in the data, which we were trying to avoid.

2.3.2 Model training

Empirical quantile mapping is currently one of the most widely 
used methods for bias correction in climate research, e.g., for air 
temperature data (Copernicus Climate Change Service, 2025). 
However, the small dataset size, especially for Tomebamba (n = 
67) and Don Tito (n = 23), was considered insufficient to determine 
representative quantiles. As the analysis of Mitze et al. (2026)
showed high spearman correlation (Spearman, 1961) between 
analog and automatically measured air temperature data, it was 
assumed that there is also a high correlation between Tpm and Trs. 
Therefore, simple linear regression was applied to carry out bias 
correction. For this, the corresponding linear regression function 
from the machine learning Python package Scikit-learn (Pedregosa 
et al., 2011a) was used to train a model for each of the three locations. 
The Trs of the training datasets of each location were used as 

predictor variables for the regression models, while the 
corresponding Tpm were used as the target variables. 
Nevertheless, correlation between Tpm and Trs will be considered 
in the statistical analysis of the data (see Section 2.4).

Due to the relatively small amount of PM data (see Table 1), we 
did not perform a train-test-validation split of the PM data unlike in 
traditional machine learning approaches, i.e., all Tpm measurements 
from each station were used only for model training. The trained 
models were then tested using only the validation datasets. 
Subsequently, the trained models were applied to predict Tas 

(i.e., bias correct Trs) of the validation datasets by using Trs as an 
input. The bias corrected values are referred to as Tbc in the 
following.

2.4 Validation and statistical analysis

2.4.1 Descriptive analysis

A descriptive analysis was conducted for the training (Tpm and 
Trs) datasets, to provide a more extensive foundation for the 
discussion of bias correction. For that, different summary 
statistics (range, median, mean and standard deviation) were 
calculated for Tpm and Trs of the training datasets. Boxplots were 
created for validation datasets to facilitate comparison of the 
different distributions.

To further analyze the correlation and differences between 
Trs and Tpm of the training data, the normal distribution was 
tested using a Shapiro-Wilk test (Shapiro and Wilk, 1965), 
which is appropriate for smaller datasets. As normal 
distribution could not be confirmed (p < 0.001), Spearman 
Rank correlation ((Spearman, 1961), rspear, Equation 1) was 
used to determine the correlation. Furthermore, 95% 
confidence intervals (95%-CI) were calculated for each 
Spearman’s rho value. 

rspear �
cov R X[ ],R Y[ ][ ]

σR X[ ]σR Y[ ]

(1)

where cov = covariance of the rank variables, σX, σY = standard 
deviations of the rank variables.

Potential statistical differences between Tpm and Trs were 
tested using a two-sided Wilcoxon signed-rank test (Wilcoxon, 
1945) as normal distribution could not be confirmed in the 
previous step. Additionally, the temporal patterns of Tpm 

(i.e., the distribution of the actual Tpm values) were visually 
analyzed by examining the times of the day at which PM data 
were collected. The underlying assumption was that participants 
were more likely to have taken measurements during the daytime.

2.4.2 Model validation

To validate the bias correction approach, Trs and Tbc of the 
validation datasets, were compared to the corresponding Tas for each 
station, whereby the comparison to Trs is considered as a baseline. 
The mean absolute error (MAE, Equation 2), the root mean squared 
error (RMSE, Equation 3) and the coefficient of determination (R2, 
Equation 4) were used to determine the bias correction 
performance. 
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where n = number of observations, yi is Tas value and xi is the Trs or 
Tbc value. 

R2 � 1 −
SSres
SStot

(4)

where SSres = residual sum of squares and SStot = total sum of 
squares. Please note, that the general residual-based formulation was 
used for R2 which can yield negative values when predictions are 
worse than a simple mean predictor (Pedregosa et al., 2011b).

2.4.3 Statistical and data structure analysis

The bias correction was further analyzed by providing statistical 
supporting evidence. In a first step, normal distribution of the 
validation data (Trs, Tas and Tbc) was checked. Here, the 
Anderson-Darling-test (Anderson and Darling, 1952) was used as 
it is considered more robust for larger datasets (see Table 1). As 
normal distribution could not be confirmed for all stations (p < 
0.001), a non-parametric test was conducted in a next step. Since the 
study aims to analyze whether the distribution of the residuals of Tbc 

is significantly smaller (i.e., better) than the residuals of Trs, a one- 
sided Wilcoxon signed-rank test (Wilcoxon, 1945) was performed. 
The following hypotheses were formulated:

- H0 (Null Hypothesis): The bias of Tbc is not significantly 
smaller than that of Trs.

- H1 (Alternative Hypothesis): The bias of Tbc is significantly 
smaller than that of Trs.

To account for the large sample size and minimize the 
probability of type 1 errors, an alpha level of 0.01 was used 
for this test to ensure more conservative statistical inference.

Further analysis was then conducted to understand the strengths 
and limitations of the bias correction using PM data. For this, 
samples of the validation datasets were plotted as time series to 
analyze the temporal pattern of the bias corrections in comparison 
to the ERA5-Land and automatic sensor data. By comparing this to 
the temporal distribution analysis of the training datasets (see 
Section 2.4.1), the influence of the temporal patterns in training 
data collection should be investigated. In order to proceed with this 
analysis, the bias (i.e., deviation from Tas) of the validation data was 
grouped for each hour of the day of each dataset. Thereafter, the 
Anderson-Darling-test was applied to all groups to verify normal 
distribution. As it could not be confirmed for all groups, the 
Friedman test (Friedman, 1937) was then conducted to compare 
the distribution of all bias samples against each other.

If this test was positive, indicating statistically significant 
differences between the individual hours of the day, a two-sided 
Wilcoxon signed-rank test (Wilcoxon, 1945) was conducted as a post 

hoc test in order to ascertain whether there are statistically significant 
differences from zero (i.e., significant deviation from Tas) for each 
hour (compared values for each hour of the day: n = 538 
(Nkweseko), n = 195 (Tomebamba) and n = 420 (Don Tito)), 
with an alpha level of 0.01.

3 Results

3.1 Descriptive analysis

The training data (Tpm and Trs) from the three stations are 
characterized by substantial differences which are highlighted by the 
summary statistics in Table 2.

An unbalanced number of measurements was available, 
leading to Nkweseko having more than 10 times more 
measurements available for training than Don Tito. In 
addition, substantial differences in the mean between Tpm 

and Trs can be observed. A statistical analysis revealed 
significant differences in the distribution for all stations (p < 
0.001). While for Nkweseko the range of the measured Tpm was 
slightly wider than for the corresponding Trs data, range and 
mean values for Tomebamba and Don Tito differed more clearly 
from one another. For instance, the upper boundary of the 
temperature range for Tpm and Trs at Tomebamba differed by 
almost 13 °C (Nkweseko: 3 °C and Don Tito: 6 °C). Nevertheless, 
all stations showed a comparable high degree of correlation: 
Tomebamba (rspear = 0.83, 95%-CI = [0.74, 0.89]), Don Tito 
(rspear = 0.85, 95%-CI = [0.65, 0.93]) and Nkweseko (rspear = 0.86, 
95%-CI = [0.82, 0.89]). Note that due to the small sample size for 
Don Tito, the given correlation holds greater uncertainty than 
Tomebamba and Nkweseko which is reflected in the wider 95% 
confidence interval.

The temporal pattern (i.e., number of measurements collected 
by participants within each hour of the day) of Tpm shows large 
differences between Nkweseko and Tomebamba on the one hand 
and Don Tito on the other hand (Figure 3).

Although Nkweseko and Tomebamba have high temporal 
coverage, no measurements were conducted in the early night 
until morning. In sharp contrast to that, at Don Tito 
measurements were only taken during the late morning and 
predominantly during the afternoon. Figure 4 displays the 
distribution of the validation datasets (Tas and Trs) and the bias 
corrected air temperature (Tbc) using boxplots.

A comparison of the ranges of Tbc and Tas reveals that the 
bias correction adjusts the entire range predominantly good to 
the automatically measured data (Tas) for Nkweseko and 
Tomebamba. While the range for Nkweseko was only shifted 
slightly, it was extended for Don Tito at the lower and upper 
boundary. However, the small range for Trs was drastically 
improved for Tomebamba. A visual comparison of medians 
and means indicates that for Nkweseko the bias correction 
adjusted air temperature downwards while for Tomebamba 
and Don Tito it was adjusted upwards. Note that a few high- 
end outliers (above 30 °C) are present in Tas for all stations, 
especially for Nkweseko (Figure 4A), that were not fully matched 
by the bias correction.
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3.2 Model validation

For a first overview of the validation of the bias correction the 
distribution of Trs and Tbc is plotted against Tas (Figure 5).

Clearly, the bias-corrected data for Tomebamba and Don 
Tito align more closely with the automatically measured data 
than the original ERA5-Land (Trs). For Nkweseko this is not so 
clear as the difference is substantially smaller than for the other 
two stations. Nevertheless, the data from Nkweseko and 
Tomebamba are also not evenly distributed along the 1: 
1 line, which would indicate a perfect fit. Especially higher 
temperatures are more likely underestimated by both Trs and 
Tbc. The data from Don Tito on the other hand shows a very 
good fit to the 1:1 line with slightly more scattering between 
25 °C and 30 °C. These impressions are confirmed by the 
validation metric results (Table 3).

For all three stations MAE and RMSE were reduced, where 
the reduction for Nkweseko was the smallest with 0.29 °C, while 
the value at Don Tito nearly halved with 1.41 °C. The most 
substantial improvement was achieved for Tomebamba, where 
MAE was the highest and was also reduced the most, by almost 
4 °C. Simultaneously, R2 was improved for all stations, where the 
improvement was the smallest for Nkweseko (+0.07) and the 
highest for Tomebamba (+1.71). Please note, that for the 
baseline (Trs) at Tomebamba a very low R2 of −0.98 was 
observed, which indicates a very poor fit with the 
automatically measured data, i.e., the model performs worse 
than a simple mean predictor. Overall, the mean represented by 
the MAE deviation at all stations could be reduced to less 
than 2 °C.

3.3 Statistical and data structure analysis

The previously presented results are supported by statistical 
evidence. A one-sided Wilcoxon signed-rank test was performed on 
the test data from all stations, which was significant in all cases (p < 
0.001), rejecting the null hypothesis for all stations tested. This 
indicates that the distributions of the residuals of Tbc (bias 
correction) are significantly smaller (i.e. better) than those of 
Trs (baseline).

To better understand and further analyze the structure of the 
bias corrected data, the first month of each station from the 
validation dataset (n = 720 hourly values) including the bias 
corrected values is displayed as an example in a timeseries plot 
in Figure 6.

Examining the time series for the first month of each station in 
Figure 6 gives an impression of which times of the day are corrected 
well and which are not. While daily maximum temperatures are 
often overestimated by ERA5-Land at Nkweseko, the bias correction 
corrected this for multiple days. Lower temperatures on the other 
hand became slightly worse after the bias correction. Rising 
temperatures in the morning and falling temperatures in the 
evening, on the other hand are corrected better. At Tomebamba 
(Figure 6B) both maximum and minimum temperatures were 
adjusted and fit better to the actual temperatures (Tas), while 
some maximum temperatures are still underestimated. Similar 
results could be observed for air temperature at Don Tito, where 
especially underestimated daily maximum temperatures were 
corrected in most cases (Figure 6C).

Considering these differences, especially for daily maximum 
temperatures, which are predominantly recorded at noon or early 

TABLE 2 Summary statistics of the training data (where pm refers to Tpm and rs to Trs data) for the three stations used in this study (n = number of Tpm 
measurements used, Std = Standard deviation).

Station name n Rangepm Rangers Medianpm Medianrs Meanpm Meanrs Stdpm Stdrs

Nkweseko 275 11.0–31.0 12.3–28.2 17.0 20.2 17.8 20.1 3.8 3.1

Tomebamba 67 14.0–30.0 9.4–17.1 18.0 12.7 20.7 13.1 4.7 1.8

Don tito 23 24.0–33.0 18.6–27.3 28.0 21.9 28.3 22.4 2.8 2.5

FIGURE 3 
Availability of participatory monitoring data for the three stations (A) Nkweseko, (B) Tomebamba and (C) Don Tito in the morning (light blue shading) 
and afternoon (petrol shading), with black numbers indicating how many measurements are available for each hour.
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afternoon, boxplots averaging air temperature deviation (from Tas) 
for each hour of the day for all stations are presented in Figure 7.

While for Nkweseko (Figure 6A) Trs overestimated Tas for most 
of the day, except for the late afternoon where it was quite similar, it 

turns to the opposite for the bias correction. Here air temperature is 
underestimated at most hours of the day, with only low deviations 
during the morning from 8–10 a.m., while the highest are observed 
in the late afternoon from 4 to 6 p.m. For Tomebamba (Figure 6B) 

FIGURE 4 
Boxplots for the validation air temperature (°C) data at the three stations (A) Nkweseko, (B) Tomebamba and (C) Don Tito (Trs = ERA5-Land 2m air 
temperature, Tbc = bias corrected ERA5-Land 2m air temperature, Tas = automatically measured air temperature). The black star indicates the mean value 
and the thick smaller whiskers standard deviation.

FIGURE 5 
Scatterplots comparing the validation air temperature (°C) data distribution of Trs (ERA5-Land 2m air temperature; pale red) and Tbc (bias corrected 
ERA5-Land 2m air temperature; red) at the three stations (A) Nkweseko, (B) Tomebamba and (C) Don Tito.
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the most substantial improvement can be recognized, similar to 
prior results. Deviation for all hours of the day is substantially 
reduced, only leaving higher deviations at noon to late afternoon 
(1–5 p.m.). At Don Tito, however, the bias correction increases 
overall air temperature values excessively. This causes the slight 
underestimation to turn into a slight overestimation at night. 
Meanwhile, values before noon show low deviation, but values in 
the afternoon are still more underestimated. Overall, the bias 
corrected values of all stations show a common characteristic: air 
temperature values from the early midday until the late 
afternoon have slightly higher deviations than the rest of the 
day. Air temperature also has a much higher value range during 

the daytime (approximately from 8 a.m. to 6 p.m.) compared to 
nighttime. A statistical analysis using the Friedman test 
comparing deviation for all hours of the day was significant 
(p < 0.001) indicating statistically significant differences 
between the different times of the day. To follow this up, a 
post hoc Wilcoxon signed-rank test was used to compare each 
hour of the day with 0 (i.e., no deviation). Full statistical results 
can be found in Supplementary Material. For Nkweseko the test 
indicated statistically significant deviations from zero for all 
hours of the day except 8 and 11 a.m., while for Tomebamba only 
for 8 and 10 a.m. no significant differences were determined. On 
the other hand, for all hours of the day except between 9 and 

TABLE 3 Validation metric results for the three stations, with n = number of compared values, R2
rs = baseline results using Trs and R2

bc = bias correction results 
using Tbc.

Station n R2
rs MAErs (°C) RMSErs (°C) R2

bc MAEbc (°C) RMSEbc (°C)

Nkweseko 12,934 0.55 2.27 2.77 0.62 1.98 2.54

Tomebamba 4,682 −0.98 5.49 6.09 0.73 1.76 2.27

Don tito 10,080 0.46 2.95 3.57 0.83 1.54 1.97

FIGURE 6 
Comparison of the first month (n = 720 hourly values) of the validation air temperature (°C) data (Trs = ERA5-Land 2m air temperature, light pink; Tbc = 
bias corrected ERA5-Land 2m air temperature, orange; Tas = automatically measured air temperature, dark red) for (A) Nkweseko, (B) Tomebamba and (C) 
Don Tito.
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11 a.m. and 5 p.m. significant differences were determined for 
Don Tito.

4 Discussion

The utilization of participatory monitoring air temperature 
data for bias correction enhanced the accuracy of ERA5-Land 
2 m air temperature in various tropical remote locations. Simple 
linear regression was carried out for bias correction. However, it 
should be noted that the degree of correction exhibited by the 
stations was not uniform, with an average deviation of up to 2 °C 
being observed. The performance of the stations was found to 
vary, thus providing a foundation for critical analysis of the data 
and approach utilized.

4.1 Using participatory monitoring data for 
bias correction

Several previous studies analyzed bias correction or downscaling 
on ERA5-Land data in different study regions with varying 
spatiotemporal scales. Study regions covered a wide range of 
topography from the Yellow river (Xu et al., 2024; Zhang et al., 
2024) and lower Jinsha River Basin (Zhang et al., 2025) to 
mountainous topography in the Higher Central Himalaya 
(Satyapragyan et al., 2026), the High Atlas Mountains (Sebbar 
et al., 2023) or the Southern Alps (Niazkar et al., 2023; Dhawan 
et al., 2024). None of them covered tropical mountainous regions. 
Among different metrics for validation, MAE, RMSE and R2 were 
used most frequently, similar to our case (Niazkar et al., 2023; Sebbar 
et al., 2023; Dhawan et al., 2024; Xu et al., 2024; Zhang et al., 2024; 

FIGURE 7 
Boxplots (vibrant colors) comparing delta of the air temperature (°C) bias correction (Tbc - Tas) for every hour of the day at (A) Nkweseko, (B) 
Tomebamba and (C) Don Tito. The pale boxplots in the background display delta for the original ERA5-Land air temperature data (Trs - Tas). The red line 
indicates the median, the black star the mean value of each hour while the colors represent the time of the day.
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Satyapragyan et al., 2026). While in our study only linear regression 
model was applied to correct Trs, the methods varied in most 
investigations using different statistical methods, machine 
learning or machine learning ensembles (Niazkar et al., 2023; 
Sebbar et al., 2023; Dhawan et al., 2024; Xu et al., 2024; Zhang 
et al., 2024). Regularly, multiple weather stations were used as the 
main source of correction data (Zhu et al., 2021; Niazkar et al., 2023; 
Sebbar et al., 2023; Dhawan et al., 2024; Xu et al., 2024; Zhang et al., 
2024; Satyapragyan et al., 2026) while for our analysis only one 
station for each location was used, what might be a limiting factor 
for our approach. In some cases additional data like digital elevation 
models, land surface temperature, land cover data or vegetation 
indices were used as well (Sebbar et al., 2023; Xu et al., 2024; Zhang 
et al., 2024). As our approach aimed to keep the bias correction as 
simple as possible, this was not further considered in this study. 
However, a conceivable but less obvious option for integrating more 
predictor variables in our approach, would be to use additional 
ERA5-Land variables for the regression, such as land surface 
temperature or soil temperature. Apart from that, integrating 
other additional time series remote sensing data in our analysis 
could be complex, as most products provide data at intervals of days 
or multiple days. Using PM data with irregular measurement 
frequency requires higher temporal resolution of training data, 
which only ERA5-Land provided at all locations investigated. 
Nevertheless, there is a potential possibility to integrate, for 
instance MODIS land surface temperature (Hulley and Hook, 
2017), as it is possible to fill gaps in the dataset and to calculate 
hourly values (Shiff et al., 2021; Yu et al., 2022; Zare Khormizi et al., 
2025). However, this is only possible under clear sky conditions. 
This limits its application in tropical mountainous regions, as the 
cloud cover might be more frequent there (Tropical Montane Cloud 
Forests, 2013; Bassiouni et al., 2017).

In general, the use of analog participatory monitoring data for 
bias correction in ERA5-Land data remains unexplored prior to this 
work. PM datasets have characteristics like irregular measurement 
frequency or unequal coverage of different time periods and 
therefore do not replicate a full temporal cycle, as our analysis 
has shown. Furthermore, the PM temperature data used in our study 
is of good quality but still deviates from automatically measured air 
temperature (MAE: Nkweseko = 0.74, Tomebamba = 0.95 and Don 
Tito = 1.54 °C), even though no statistically significant differences 
between analog and automatic measurements were found (see Mitze 
et al., 2026). The deviation at Don Tito also roughly corresponds to 
the improvement achieved by the bias correction (1.44 °C). As the 
bias correction was benchmarked with automatically measured data, 
this could be another source of distortion.

These characteristics are potential weaknesses of PM data in 
comparison to automatically measured data and should be taken 
into account when comparing our results with those of previous 
studies. Therefore, it is logical that the accurafy of our approach does 
not fully match that of approaches using regular weather station 
data. Hence, this might be the greatest limitation of our data. 
For instance, Niazkar et al. (2023) and Dhawan et al. (2024)
achieved similar or even better results for MAE (0.7°– 2.0 °C), 
RMSE (1.0 °C – 2.5 °C) and R2 (up to 0.98) but also used more 
complex machine learning models and high-resolution data for air 
temperature correction.

Another aspect of using PM data for bias correction, is the 
reliability of the approach under the impact of climate change with 
rising air temperatures. This is a well-known phenomenon called 
‘concept drift’, whereby the statistical properties of the target 
variable - air temperature, in this case - change over time, 
causing the model to become inaccurate (Widmer and Kubat, 
1996). As there is regularly no continuous time series of PM data 
available for training the bias correction model, it may become 
outdated at a certain point in time. Usually, there is no exact point of 
time for when this could happen. For this reason, there are several 
approaches to deal with this issue, for instance recalibrating the 
model periodically or when a drift threshold is exceeded, i.e., the 
accuracy is dropping (Suárez-Cetrulo et al., 2023; Najafi et al., 2026). 
As air temperature is expected to significantly increase over the next 
decades, especially in tropical areas a decadal recalibration might be 
an appropriate way for PM data (Diffenbaugh and Scherer, 2011; 
Po-Chedley et al., 2022; Ying et al., 2022). This poses a further 
challenge for the use of PM data, as long-term perspectives remain 
one of the key challenge of successful PM campaigns (Buytaert et al., 
2014; Cunha et al., 2017; Pandeya et al., 2021).

Overall, using PM data for bias correction proved suitable for 
enhancing the accuracy of air temperature data for specific locations 
in our study regions. However, this approach may not achieve the 
same level of accuracy as other, more complex bias correction 
methods using more extensive and more accurate input data 
obtained from automatic sensors. Also, recalibration might be 
necessary after a certain time due to climate change.

4.2 The role of input data and bias 
correction method

While annual, monthly or daily temporal scales were used for 
most climate related bias corrections, the two aforementioned 
examples by Niazkar et al. (2023) and Dhawan et al. (2024) also 
showed the applicability of bias correction of hourly data, which has 
not yet been investigated in depth (Dhawan et al., 2024). These 
studies included several years of data for bias correction model 
training, while in our case only 23 to 275 irregular analog 
measurements were used, as not more data were available from 
the PM project. The results showed quite different performances for 
the three stations. The lowest deviation from automatic sensors were 
achieved at Don Tito with MAE = 1.54 °C, while this station also 
provided the lowest number of training samples (n = 23). On the 
other hand, the station with the most samples, Nkweseko (n = 275) 
performed worst (MAE = 1.98 °C). Furthermore, the automatically 
measured data at Nkweseko (Tas) contained more high-end outliers 
which were not correctly reproduced by the regression (see 
Figure 4A). This suggests that more measurements, especially 
during the peak temperatures could improve the accuracy of the 
approach. Also, Tomebamba and Nkweseko show a similar 
distribution of measurements over the day (see Figure 3), despite 
having different total amounts of measurements. While this suggests 
that more measurements might not necessarily ensure better results, 
the small sample size (n = 23) at Don Tito results in statistically 
unstable MAE and R2 values, which are strongly dependent on the 
subsample of measurements. As such, one has to be careful with 
generalization of the results from Don Tito, as the validation rather 
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reflects how well the model has captured the sample’s characteristics 
rather than the generalizability (Pradhan et al., 2024).

Nevertheless, the very low number at Don Tito prompts the 
question of whether there is a minimum number of measurements 
required when using PM data. This should be further explored in 
future investigations, for instance by sampling different subsets of 
PM data from the same location. However, it could be more 
important that the available PM measurements cover as wide a 
range of air temperatures as possible, regardless of how many 
measurements are available. None of the stations provided 
measurements for every hour of the day: during the night 
between 0 and 6 a.m. no measurements were available at all. 
Therefore, specifically with regard to nighttime and peak 
temperatures, we can speak of an extrapolation of the model. 
Because of this, further PM projects could investigate the added 
value of measurements that are spread more evenly throughout the 
day. As there is relatively low fluctuation in air temperature 
throughout the year in tropical climates, short PM campaigns in 
such regions covering a wide range of day and night air temperatures 
might be sufficient, and avoid the problem of ensuring long-term 
participation, which is often a key challenge in PM projects 
(Buytaert et al., 2014; Cunha et al., 2017; Pandeya et al., 2021). 
Moreover, the analysis of the temporal distribution of Tpm and the 
results for each hour of the day do not indicate that the incorrect 
prediction of Tbc can be linked to the incomplete diurnal coverage, 
as higher deviations were observed predominantly during the hours 
for which most data were collected. However, it cannot be entirely 
ruled out that the correction could have been even better with a data 
set covering all times of day evenly. Also, the deviation of Tpm from 
the automatic sensor data (Mitze et al., 2026) can only partially 
explain the performance, as Nkweseko (MAE = 0.74 °C) has the 
lowest and Don Tito (MAE = 1.54 °C) has the highest deviation.

As the varying performance and limitation of this approach 
cannot be entirely attributed to structure of the participatory 
monitoring data, the cause might also be linked to the 
underlying structure of the ERA5-Land data, the correspondence 
of the 9 km grid value with the location of the station and the linear 
regression bias correction used.

The spatial reproduction of temperature variability, which the 
9 km pixel of ERA5-Land offers for mountainous areas might be 
another possible source of distortion. There is likely a correlation 
between the ERA5-Land temperature values and ground-based 
measurements within a given pixel. However, a perfect fit may 
not be ensured for every location within a pixel because the ERA5- 
Land value is only an average for the entire area. To analyze 

elevation differences, we calculated the mean elevation for each 
ERA5-Land pixel, where the stations are located. For that we used 
the NASA 30m Digital Elevation Model (NASA JPL, 2020) and 
averaged the elevation for each ERA5-Land pixels area (see Table 4).

While the difference is low for Don Tito with only 17 m, the 
pixel that contains Tomebamba has roughly 952 m higher mean 
elevation and Nkweseko’ pixel is even lower than the station 
(−217 m). The huge differences between the stations highlight 
the challenges of using ERA5 land data for mountainous terrain. 
This is especially the case for Nkweseko and Tomebamba, which are 
both located in terrain, where the elevation increases sharply within 
a short distance. The 9 km grid pixel can therefore only offer a rough 
estimation for the area, which can be seen in the example of 
Nkweseko displayed in Figure 8. Due to large elevation 
differences over short distances, values of adjacent pixels can 
differ considerably: the station Nkweseko is located within a pixel 
with a reanalysis temperature around 15 °C, the pixels diagonally 
above it around the Kibo summit (blue pixels in the right upper 
corner) show values substantially below 10 °C. Furthermore, the 
value of the pixel might be considerably lower or higher than the 
actual temperature at any given location within the pixel. Including a 
lapse-rate adjustment prior to bias-correction could partially correct 
this, as it would adjust the temperature value based on the orography 
elevation of the ERA5-Land pixel and the elevation of the site. While 
this could reduce the systematic error of ERA5-Land temperature 
values, it would not adjust the temporal variation in deviation 
induced by other sources. Furthermore, such a systematic offset 
is also partially addressed through the intercept of the linear 
regression model. For both Tomebamba and Nkweseko, the 
deviation was reduced by the linear regression model from 
5.49 °C (Tomebamba) and 2.27 °C (Nkweseko) to 1.76 °C and 
1.98 °C, respectively. For these reasons, lapse-rate adjustment was 
not considered in this study. It would, however, be worth 
investigating whether including a local lapse-rate adjustment 
would further reduce the deviation to enhance the reliability of 
the approach.

Furthermore, the model based on linear correlation can only 
work sufficiently with high linear correlation between the predictor 
(Trs) and the target variable (Tpm). Although this is quite high in our 
study with rspear ranging from 0.83 to 0.86, it does not establish a 
perfect monotonic relationship between the variables. There might 
be several explanations for that. Firstly, our PM data is of good 
quality but not a precise replication of automatically measured data 
which might affect the correlation with ERA5-Land data, which is 
partly based on automatically measured data, to some degree. 
Another reason might be the linear regression model used for 
the bias correction, which can only transmit a linear 
relationship. Using more complex models that catch other 
characteristics apart from just linear relationships between 
variables could possibly lead to different results. This limitation 
can be seen in the hourly based comparison of the deviation in 
Figure 7. The bias correction using linear regression improved 
overall accuracy of the air temperature by only shifting the 
overall dataset into a specific direction, with ERA5-Land 2m air 
temperature at Nkweseko being decreased, while being increased for 
Tomebamba and Don Tito. The original ERA5-Land trend used for 
prediction can still be recognized. As linear regression cannot be 
expected to considerably change the distribution of the data, other 

TABLE 4 Stations elevations (meters above sea level), the mean elevation of 
their corresponding ERA5-Land pixels and the elevation difference.

Station 
name

Station 
elevation 
(m a.s.l.)

ERA5-land 
pixel 

elevation 
(m a.s.l.)

Difference 
(m a.s.l.)

Don tito 1,182 1,199 17

Tomebamba 2,380 3,332 952

Nkweseko 1,700 1,483 −217
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methods of bias correction besides linear regression should be tested 
in further research using PM data.

In summary, the limitations of our approach, which applies 
simple linear regression and participatory monitoring data, can 
most likely be linked to the original structure of the ERA5-Land 
air temperature data and the regression method used. The impact of 
restricted availability of PM data also remains a possible limitation, 
albeit not definitively established.

5 Conclusion

This analysis investigated how participatory monitoring could 
be used for the bias correction of ERA5-Land air temperature data in 
diverse remote tropical mountainous regions in Ecuador, Honduras 
and Tanzania where limited automatically measured 
hydrometeorological data are available. For bias correction, linear 
regression was used and for validation purpose, ERA5-Land and the 
corrected data were compared to automatically measured air 
temperature using MAE, RMSE and R2.

Statistically significant smaller residuals were detected for the 
bias-corrected air temperature at all locations. Validation results 
with different metrics showed varying degree of success of the bias 
correction with the lowest MAE at Don Tito (Honduras) with 
1.54 °C and the highest for Nkweseko (Tanzania) with 1.98 °C. 
Nevertheless, the most significant improvement has been observed 
for Tomebamba with MAE reduced from 5.49 °C to 1.76 °C. A 
thorough examination of the test data revealed that the 
automatically measured data does not perfectly align with the 
bias-corrected data with only a few hours of the day having no 
significant deviations from zero.

It can be concluded that with small participatory monitoring 
datasets it is possible to significantly enhance ERA5-Land air 

temperature accuracy at remote tropical mountainous locations. 
Asymmetric distribution of the training data did not seem to 
result in distorted prediction results, although this was not 
specifically evaluated and should be addressed in future 
research. Rather, the ERA5-Land data and the bias correction 
method used might influence the results to a higher degree. 
Therefore, participatory monitoring in combination with ERA5- 
Land might be one solution for remote regions with insufficient 
automatic weather station density. As this data is required for a 
variety of applications, such as agriculture, health protection, 
hydrology or in general climate change related issues, it might be 
a crucial contribution to an improved data situation in 
such regions.

In the next step, the approach should be tested in other 
geographic regions using analog temperature measurements. 
Another possible next step could be an extended analysis of 
other ERA5-Land parameters that might have higher 
correlation with PM air temperature data. Here, for instance, 
land surface temperature or soil temperature could be used to 
test if further accuracy-improvements are possible. Also, 
regressions for other parameters like relative humidity could 
be investigated, if such measurements are also available from 
PM projects.

To check if other bias correction methods are better suited 
for PM data, we suggest testing this approach with other 
techniques. This could be traditional machine learning 
methods, like random forest regression or even deep learning 
models like Multilayer Perceptrons. As the location of the PM 
station within the ERA5-Land pixel seems to have an influence 
on the correction accuracy, other PM data at different locations 
and varying elevations within the same pixel should be tested as 
well to further analyze the influence of the location of the 
station.

FIGURE 8 
Example of ERA5-Land 2 m air temperature pixels at the southern slopes of Kilimanjaro around the Nkweseko station (white point) from the 30th of 
April 2024.
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