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A B S T R A C T

Gaps in urban meteorological time series complicate the analysis and usage of datasets. Various
gap-filling techniques exist, including the debiasing of ERA5 reanalysis data. Unfortunately, an
extensive evaluation of these debiasing techniques is lacking for urban datasets. This research
compares five gap-filling techniques for urban temperature time series, including three debiasing
techniques that employ a learning period and time window to take into account the seasonal and
diurnal ERA5 temperature bias. The evaluation, performed by filling manually constructed gaps,
reveals that short gaps are best filled by linear interpolation, while longer gaps benefit from ERA5
debiasing. The bias correction is crucial for urban locations, with all debiasing techniques per-
forming similarly. The exact length and placement of the learning period and time window have
limited impact on the performance, however a symmetrical placement of the learning period with
a minimum length of 10 days and a small time window provide the best outcome. Based on these
results, a gap-filling algorithm is designed which efficiently fills all gaps in temperature time
series by selecting the most optimal technique for each gap. The algorithm can reproduce the
urban heat island effect, although a small over- or underestimation might occur.

1. Introduction

A common phenomenon in meteorology is the occurrence of gaps in observational time series (Diouf and Dème, 2022). A gap in a
time series is defined as a sequence of missing values, for which different origins exist (Henn et al., 2013; Yozgatligil et al., 2013), e.g.
due to communication problems, the malfunctioning of the measuring device or the removal of values by quality control. The length of
a gap is described by the number of missing values or the length of the missing time period, and can vary from onemissing data point to
several months or even years. Gaps occur in a wide variety of meteorological datasets, although the susceptibility of a dataset to
contain gaps depends on its origin. For instance, crowdsourced data holds a greater possibility of gaps compared to synoptic datasets,
mainly due to their difference in data quality (Coney et al., 2022). The occurrence of gaps complicates the analysis and further use of
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the data. For example, excluding data due to gaps during analysis might lead to bias if these gaps are present in a systematic way (Aieb
et al., 2019; Kang, 2013). In addition, a gap can prevent the calculation of certain meteorological values e.g. annual heat stress (Top
et al., 2020). Furthermore, a complete observational dataset may be required for climatology studies (Afrifa-Yamoah et al., 2020;
Yozgatligil et al., 2013) or as input for another application e.g. forcing data for a numerical model (Garen, 2013).

In urban climate research, the identification and analysis of data gaps is particularly important. For instance, the examination of the
intensity of the urban heat island (UHI) phenomenon (Arnfield, 2003; Oke, 1982) necessitates the combination of multiple obser-
vational time series that span the same time period. First of all, only temperature measurements that are simultaneously present for
both urban and rural location can contribute to the examination of the UHI, since the UHI intensity is defined as their difference.
Secondly, when comparing the UHI intensity of different urban locations, it is recommended to only include measurements spanning
the same time period to avoid a biased outcome and incorrect interpretations. Faulty conclusions might for example be drawn if there is
a mismatch in (anti)cyclonic weather conditions between the measurements of two urban locations, since the UHI intensity depends on
weather type (Ivajnšič and Žiberna, 2019). The condition to only utilize simultaneous data leads to the ignorance of useful data during
time periods when a gap is present in another time series.

Since gaps induce problems, a variety of gap-filling (GF) techniques have been proposed to complete gapped time series. These
techniques typically utilize available observations or model datasets to estimate the missing values, and are clustered into three
categories based on their reconstruction technique: temporal, spatial and spatiotemporal GF techniques (Henn et al., 2013). Temporal
GF techniques rely on the autocorrelation of the time series and are built on observations before and/or after the gap. Common ex-
amples are linear and polynomial interpolation (Claridge and Chen, 2006), or the utilization of statistical forecasts (Liston and Elder,
2006; Walton, 1996). On the other hand, spatial GF techniques employ observations of nearby locations of the same time period as the
gap. Multiple spatial interpolation techniques exist (Hartkamp et al., 1999), including inverse-distance weighting (Dhevi, 2014), thin-
plate splines (Hutchinson, 1991) and kriging (Garen et al., 1994). Lastly, if a GF technique is performed in both time and spatial
dimension, such as the application of empirical orthogonal functions (Beckers and Rixen, 2003), it is classified as a spatiotemporal
method. In all three categories, machine learning approaches can be implemented (Bellido-Jiménez et al., 2021; Faramarzzadeh et al.,
2023; Sarafanov et al., 2020). The machine learning techniques for GF vary in their implemented algorithm (e.g. LASSO regression,
random forest, support vector method, neural network) and input data (e.g. temporal and/or spatial, external datasets).

Besides previous GF techniques, missing values can also be reconstructed through a complete and homogeneous external dataset,
such as the ERA5 reanalysis data (Hersbach et al., 2020). It is well known that reanalysis datasets are prone to biases with respect to
observations (Cucchi et al., 2020; Simmons et al., 2020). In particular for the near-surface temperature, the ERA5 bias typically shows
a diurnal and seasonal variance (Betts et al., 2019; Haiden et al., 2018). The ERA5 bias is even more pronounced for urban locations,
since urban observations are not taken into account and urban effects are not modeled due to the low resolution of ERA5 compared to
the urban sub-grid scale (Lee and Dessler, 2024). In addition, the bias may be further increased due to a spatial mismatch between the
ERA5 grid point and the observational site, introducing e.g. discrepancies in land-sea characteristics for coastal locations or altitude
differences. The ERA5 dataset can be included in the spatial and spatiotemporal reconstruction techniques by considering these data as
additional stations (Cerlini et al., 2020). On the other hand, a more straight-forward GF method is to replace the missing values with
the corresponding values of the bias-adjusted ERA5 dataset (Lipson et al., 2022; Lompar et al., 2019). Regardless of the applied GF
technique, it is important to account for the bias of the ERA5 dataset by debiasing the data before its utilization for GF.

To the authors' knowledge, there is hardly any research about filling gaps in urban meteorological time series. The existing GF
techniques cannot be directly applied to urban time series, since they do not necessarily account for the specific urban microclimate
characteristics like e.g. the UHI. Therefore, comprehensive studies on GF procedures for urban datasets are needed. Filling gaps in
meteorological datasets with a technique fit for the urban environment will facilitate the use and thus potential of such observational
datasets. In this paper we investigate multiple ERA5-based GF techniques on an urban dataset. Different debiasing techniques for the
ERA5 reanalysis data have been suggested and tested, e.g. performing linear regression (Lompar et al., 2019) and calculating mean bias
(Lipson et al., 2022). Here we present for the first time an extensive comparison of different ERA5 debiasing GF techniques specifically
focused on completing urban temperature time series. Their performances are evaluated by filling artificially constructed gaps in the
originally complete hourly temperature time series of the TURCLIM urban climate network (TURCLIM, 2024). The gap construction is
based on the gap distribution of the incomplete urban climate network MOCCA (Caluwaerts et al., 2020). By comparing the perfor-
mances of the GF as a function of the gap length, conclusions are drawn about the most optimal GF technique for each situation. Based
on these conclusions, a general GF algorithm is designed to effectively complete a series of gaps in hourly temperature time series. To
evaluate the performance of this newly created GF algorithm, specifically for urban temperature series, the impact of the GF on the UHI
intensity is studied.

The next section provides more details about the utilized urban climate datasets and the applied methods. This includes a detailed
explanation on the different GF techniques and the GF algorithm, along with their evaluation metrics. The results are presented in a
subsequent section, followed by a discussion. Finally, the last section provides a general conclusion on GF techniques for urban
temperature time series.

2. Materials and methods

2.1. Utilized datasets

2.1.1. Urban climate network TURCLIM
The TURCLIM urban climate network in the city Turku (Finland), managed by the Geography Section of the University of Turku
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(TURCLIM, 2024), is utilized for the evaluation of the GF techniques and algorithm. The TURCLIM network currently consists of 83
observation sites in which air temperature and relative humidity are measured on a half-hour interval (converted to 1-h interval for
this study). The measurement height is 3 m above the ground. Turku is a middle-size coastal city (195,000 inhabitants in 2021) with a
hemiboreal, humid Dfb climate (Peel et al., 2007). The annual average temperature at Turku Airport was 5.8 ◦C (1991–2020; Jokinen
et al., 2021). The coldest month was February with average temperature of − 4.5 ◦C, average daily minimum temperature of − 7.1 ◦C
and average daily maximum temperature of − 1.2 ◦C. The warmest month was July, when the respective temperatures were 17.5 ◦C,
12.5 ◦C and 22.6 ◦C. The UHI of the city center is on average 2 ◦C, but occasionally it can reach 10 ◦C. The observations of the TURCLIM
network have been utilized in several UHI modeling studies (Hjort et al., 2011; Suomi and Käyhkö, 2012; Suomi et al., 2012; Suomi,
2014; Suomi and Meretoja, 2021; Kivimäki et al., 2023; Suomi et al., 2024).

This study focuses on temperature, given its widespread availability and its prominent role in urban research. Based on the
TURCLIM data quality, near-surface air temperature time series from 1 January 2012 till 31 December 2021 (expressed in UTC+ 2) are
selected for six stations of this quality-controlled network. After a time transformation to UTC and a coarsening to hourly data, the time
series are nearly complete, with the exception of a few short gaps which are no longer than 2 h. To be able to perform the evaluation
procedure (described in Section 2.3), the dataset is completed by performing a linear interpolation on these short gaps, based on the
approach used by Richard et al. (2021).

Fig. 1 shows the locations of the selected stations on a local climate zone (LCZ) map (Stewart and Oke, 2012). The selection consists
of three urban and three rural stations. The urban stations Betel and Puutori are located in LCZ 2, while the urban station Virastotalo
corresponds to LCZ 5. All three rural stations, named Kurala, Tuorla and Ylijoki, are located in LCZ D.

2.1.2. ERA5 reanalysis dataset
The external dataset employed for GF needs to contain complete temperature time series, i.e. no gaps can be present. Several

external datasets meet this requirement, e.g. ERA5Land (Muñoz-Sabater et al., 2021) or UERRA (CDS Climate Data Store, 2019), but
we opted for ERA5 as it is a global dataset that is widely used within the climate community. ERA5 is the latest version of the reanalysis
product of the European Centre for Medium-Range Weather Forecast (Hersbach et al., 2020). This homogeneously distributed dataset
represents the past weather conditions all over the globe. The reanalysis product is available from 1940 till present at an hourly
temporal resolution. ERA5 covers the entire Earth on a grid with a spatial resolution of 0.25◦ x 0.25◦.

Fig. 1. Locations of the utilized urban climate networks on a European map (left), and the locations of the selected TURCLIM stations with nearest
ERA5 grid points on the background of a LCZ map (right).
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For each selected station of the TURCLIM network, the corresponding ERA5 near-surface temperature data is retrieved by selecting
the data of the nearest grid point (Fig. 1). When selecting ERA5 data, it is important to minimize the bias from spatial mismatches
between ERA5 grid points and observational sites. For coastal cities, applying a land-sea mask can prevent including ERA5 data with
sea characteristics, which could skew near-surface meteorological fields. For the TURCLIM stations used in this research, the nearest
land-based grid point was chosen instead of interpolating between grid points that are partially over water. To address altitude
mismatches, an altitude correction using a lapse rate coefficient could be applied. However, due to minimal orographic variation in the
Turku region, such a correction was not applied for the TURCLIM data.

2.1.3. Urban climate network MOCCA
To construct pertinent evaluation metrics, it is important to work with a realistic distribution of gap lengths for urban climate

networks. The gap distribution may vary between urban climate networks, depending on e.g. the quality of the communication
technology and maintenance, but a general picture is obtained by looking at the distribution of the urban climate network MOCCA
(Caluwaerts et al., 2020). This network is located in Ghent, a typical mid-size European city (268,000 inhabitants in 2023 (Statbel,
2024)) located in the North of Belgium at the confluence of the rivers Lys and Scheldt. The region has a flat topography and experiences
a mild maritime climate with an average minimum and maximum temperature of 1.1 ◦C and 6.7 ◦C in January and 13.4 ◦C and 23.4 ◦C
in July. The average annual precipitation is 875.6 mm (Royal Meteorological Institute of Belgium RMI, 2024).

The MOCCA network consists of six weather stations located in different LCZs. The temperature data runs from 1 June 2016 till 31
December 2023 (expressed in UTC), with the exception of the Sint-Bavo station which was only operational until 3 May 2022. The
original time frequency is 5 min, but the data is coarsened to match the hourly frequency of the TURCLIM data. In Fig. 2, the
occurrence of gaps is visualized for the hourly temperature observations of the MOCCA network, after performing quality control with
the Python package Metobs-toolkit (Vergauwen et al., 2024). In addition, the distribution of the gap lengths is shown, with respect to
both the number of gaps and the number of missing values that correspond to a gap with the corresponding gap length. The gap lengths
show a wide variety, ranging from one missing datapoint to 112 consecutive days of missing observations. Although short gaps are
more abundant, long gaps are not negligible due to their large number of missing values.

Fig. 2. Overview of the gaps for each station (top) and the distribution in function of gap length (bottom) of the hourly temperature observations of
MOCCA. The distribution of the gap lengths, both in terms of the number of gaps (orange) and the number of missing values (green), is presented
with a bin width of 24 h. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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2.2. Gap-filling methodologies

This section first introduces the GF techniques, which are able to fill a single gap in an hourly temperature time series. The second
part of this section explains the working mechanism of the GF algorithm, which is designed to handle a series of gaps.

2.2.1. Gap-filling techniques to fill a single gap
Five different GF techniques are implemented, whereof two can be considered as basic while the remaining three are based on

debiasing ERA5. The basic GF methods (Fig. 3) serve as a benchmark for the performance evaluation of the debiasing techniques. The
first basic one does not rely on an external dataset, and simply estimates the missing values by performing a linear interpolation (LI) in
time (Fig. 3a). The second basic method replaces the missing values with original ERA5 data of the nearest grid point to the observation
site, without performing any debiasing procedure (Fig. 3b).

The three remaining GF techniques employ the ERA5 data of the nearest grid point, albeit they correct for the ERA5 bias (Fig. 4).
The debiasing procedures benefit from the simultaneous availability of observations and ERA5 data in the time period preceding and/
or following the gap to assess an eventual bias of ERA5. All three debiasing GF techniques follow the same main steps, starting with the
selection of a time period around the gap. After determining the eventual bias of the ERA5 temperature corresponding to the selected
time period, this information is applied to debias the ERA5 data during the gap. Finally, the gap is filled by replacing the missing values
with the debiased ERA5 temperature data.

When selecting the time period for the bias determination, it is important to take into account the diurnal and seasonal dependency
of the ERA5 temperature bias. To account for a potential seasonal bias dependency, a learning period with a limited length is placed
either before, after or symmetrically around the gap. For the symmetrical positioning, the possibility exists to consider the part before
and after the gap as two separate learning periods, performing the debiasing procedure twice and taking a linear combination of the
two results based on the location of the missing value in the gap. This option is specifically designed for very long gaps for which the
time period before and after the gap may occur in different seasons. A potential diurnal dependency of the ERA5 bias is addressed by
including only data points from the same time of the day, via a time window positioned around the hour of the missing value that is
filled. The learning period and time window are defined by three selection parameters: positioning, seasonal span and time variation,
for which the definitions are visualized in Fig. 4a. Positioning defines the location of the learning period with respect to the gap (left,
right, both or separate), seasonal span (s) determines the length of the learning period (expressed in number of days) and time variation
(tv) is the deviation from the hour of the missing value (expressed in hours, such that the total number of values in the time window is
2tv + 1). Note that for a certain gap, the learning period is the same for each missing value of this gap, while the placing of the time
window depends on the timestamp of the missing value and therefore differs between missing values of the same gap.

While the data selection is identical for all three debiasing GF techniques, they differ in the calculation of the bias and their
debiasing procedure. The first debiasing GF technique is based on the method proposed by Lompar et al. (2019), and corrects the ERA5
temperature data by computing a linear regression (LR) relation (Fig. 4b). The ERA5 temperature corresponding to the missing value is
debiased by inserting its value into the LR formula. The second debiasing GF technique is based on the work of Lipson et al. (2022), and
calculates a mean bias (MB) value which represents the mean difference between the ERA5 and observational temperature of the
selected data (Fig. 4c). By subtracting the MB value from the ERA5 temperature of the missing value, a corrected ERA5 value is ob-
tained. The last debiasing GF technique builds on the previous one but assumes a weighted mean bias (WMB). The weights are based on
the daily temperature range (DTR) in such a way that days with a DTR similar to the one of the day of themissing value contribute more
to the calculation of the mean bias (Fig. 4d). The ERA5 data corresponding to the missing value is corrected by subtracting the WMB.
The decision to include the DTR in the bias determination stems from the hypothesis of a DTR dependence of the ERA5 bias, which is
plausible since the weather type, which impacts the DTR, has an influence on the bias of ERA5.

2.2.2. Gap-filling algorithm to fill an incomplete time series
Previously explained GF techniques are only able to fill a single gap in a temperature time series, while in practice a temperature

dataset may contain several gaps. The designed GF algorithm fills every gap in the temperature time series by selecting the most
optimal GF technique, which mainly depends on the gap length as will be shown in Section 3.1. First, the algorithm completes short
gaps through linear interpolation, and afterwards longer gaps are one by one filled by the MB debiasing technique. A distinction is

Fig. 3. Schematic illustration of the basic GF techniques to fill a single gap: linear interpolation (a) and original ERA5 (b).

A. Jacobs et al. Urban Climate 58 (2024) 102226 

5 



made betweenmoderately long gaps, for which the positioning both is selected, and very long gaps, for which the positioning separate is
applied. Additionally, the algorithm regulates the location of the learning period for theMB debiasing technique, such that the learning
period only contains known values and no missing values. The values obtained through linear interpolation of short gaps can be part of
a learning period. However, it is decided not to include those acquired from the MB debiasing technique of previous gaps to prevent
potential errors from propagating to subsequent gaps. Therefore, the presence of nearby gaps may force the learning period to be
shifted or even altered in length to avoid the selection of missing values.

Fig. 4. Schematic illustration of the debiasing GF techniques to fill a single gap: the definition of the three selection parameters (a) and the bias
calculation procedure of the three debiasing techniques: linear regression (b), mean bias (c) and weighted mean bias (d).
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Two problems can arise when altering the length and positioning of the learning period, but for each a solution is provided. First of
all, to ensure a sufficiently large data selection, the shortening of the learning period is limited. If the number of available observations
from the previous till the next gap is insufficient, an exception is made to include gaps previously filled by the MB debiasing technique
to extend the learning period forward. Secondly, extreme shifting of the learning period, due to the appearance of another gap nearby,
may result in an asymmetric learning period that is located almost completely before or after the gap. This raises a problem if the
separate positioning is selected, since the extreme shifting drastically downsizes the length of one of the separate learning periods,
making it impossible to perform the debiasing in a statistically correct way. When this situation occurs, the selected positioning is
switched to both. In order to address various complex scenarios, the algorithm's operational framework is determined by multiple
parameters. Table 1 lists all the parameters of the algorithm, including their definition and default values.

2.3. Performance evaluation

To evaluate the performance of the GF techniques and GF algorithm, a reference is required. Therefore, this study starts from the
complete TURCLIM dataset, in which artificial gaps are subsequently created by removing known values, based on the method used by
Lompar et al. (2019) and Henn et al. (2013).

2.3.1. Evaluation of gap-filling techniques
For the examination of the GF techniques, a single gap is created in the temperature time series. To ensure an unhindered placement

of the learning period, the gap is placed far enough from the edges of the time series. The performance of the GF techniques is evaluated
by calculating the mean squared error (MSE) between the estimated values obtained by performing the GF technique (EST) and the
original observations (OBS) of all the missing values of the gap:

MSE =
∑Ngap

t=1

(ESTt − OBSt)2

Ngap
(1)

with Ngap the number of missing values in the gap. Each of the five GF techniques is applied to the same gap, such that a MSE-value is
attained for each technique.

To ensure the independence of the performance evaluation with respect to the position of the single gap, this process is repeated
multiple times, including a variation in gap length. The general error (E) is obtained by calculating the average over all MSE-values, for
each GF technique (gf) and gap length (l) separately:

Egf ,l =
∑n

i=1

MSEgf ,l,i
n

(2)

with n the number of repetitions for each gap length.
The uncertainty of the error E is visualized by calculating the standard error (SE),

SEgf ,l =
std

(
MSEgf ,l,i

)

̅̅̅
n

√ (3)

and determining the 95 % confidence interval (CI):

CIgf ,l = [E − 1.96 SE, E+ 1.96 SE] (4)

The evaluation of the GF techniques is performed in two separate parts. In the first part, the performances of the five different GF
techniques are compared, while keeping the three selection parameters (positioning, seasonal span and time variation) constant. Eqs.
(2) and (4) are used to calculate E and CI for each GF technique separately in function of the gap length. In the second part of the
evaluation, the most optimal settings for the selection parameters are evaluated for the MB debiasing technique. Each parameter is
varied separately, while keeping the other two parameters constant. Eqs. (2) and (4) are used to calculate E and CI for each set of

Table 1
Parameters of the GF algorithm, including their description and default value.

Name Description Default
value

Threshold LI Threshold for the switch between LI and MB debiasing technique. If the gap length (expressed in hours) is smaller
than this threshold, LI is applied.

5

Threshold both-separate Threshold for the switch between positioning both and separate. If the gap length (expressed in days) equals or
exceeds this threshold, the positioning separate is applied.

15

Default seasonal span Most optimal value for the parameter seasonal span (expressed in days) when applying the MB debiasing technique. 60
Minimum seasonal span Minimum value for the parameter seasonal span (expressed in days) when applying the MB debiasing technique. 30
Minimum learning period
one side

Minimum length of each learning period (expressed in days) when applying the MB debiasing technique with
positioning separate.

5

Time variation Value for the parameter time variation (expressed in hours) when applying the MB debiasing technique. 1
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selection parameter values in function of the gap length. For both parts of the evaluation, the following choices were made for the
values of the constant parameters, based on empirical testing and the values used by Lompar et al. (2019) and Lipson et al. (2022):

- positioning = both;
- seasonal span = 60 days;
- time variation = 1 h.

The process of creating a gap and calculating the MSE is repeated 1000 times for each gap length to ensure a robust evaluation. The
evaluation is performed for a range of gap lengths from 1 h till 2 weeks, mirroring the distribution of gap lengths found for the MOCCA
network with exclusion of the extremely rare gap lengths.

2.3.2. Evaluation of gap-filling algorithm
The performance of the algorithm for an urban dataset is evaluated by comparing the UHI intensity of the urban TURCLIM stations

before and after execution of the GF algorithm. The UHI intensity for each urban station is defined as the mean difference between its
temperature (Turban) and a rural reference temperature (Trural), according to the following formula:

UHI(station, season, hour) =
∑N

t=1

Turbant − Truralt
N

(5)

As a rural reference station, the Ylijoki station is selected. Since the UHI is influenced by both seasonality and diurnal variations (Oke,
1982), theUHI is calculated for eachmeteorological season (summer JJA, autumnSON,winterDJF, springMAM)andeachhour of the day
separately, meaning that t runs over timestamps corresponding to the same season and hour of the day. Using formula (5), the UHI of the
originally complete temperature time series, referred to as original UHI, is calculated for each urban station, season, and hour of the day.

To calculate the UHI after GF, first a series of gaps is constructed in the temperature time series of the urban stations and the Ylijoki
station (Fig. 5). The gaps are identical for all stations. To guarantee a realistic gap pattern, the gaps are randomly constructed based on
the gap frequency and the distribution of the gap lengths of the MOCCA data as visualized in Fig. 2. Next, the gaps are filled by
performing the GF algorithm on each time series, with the default values as described in Table 1. Finally, the UHI intensity of the
reconstructed time series is calculated for each station, season and hour of the day using formula (5), but note that solely the gap-filled
data are utilized. By excluding the non-gap-filled portion in the reconstructed time series, which by definition is identical to the
corresponding values in the original observed time series, the score unambiguously reflects the performance of the gap-filling pro-
cedure. Since the timing of the gaps is identical for the urban locations and the reference rural station, the UHI intensity can always be
calculated based solely on estimated urban and estimated rural temperature values.

The procedure of constructing a series of gaps and calculating the UHI after GF is repeated multiple times, as visualized in Fig. 5.
The reason for this is twofold: on the one hand it ensures the independence of the evaluation with respect to the exact location of the
gaps, and on the other hand it also ensures the usage of enough data points. After 100 repetitions, an estimated UHI is determined for
each station, season and hour of the day by calculating the mean over the 100 UHI-values after GF. In addition, the standard error of
this mean is calculated, to determine the 95 % confidence interval. In the end, the performance of the GF algorithm is evaluated by
comparing the original UHI with the estimated UHI and the corresponding confidence interval.

Fig. 5. Schematic visualization of the evaluation procedure of the GF algorithm for one urban station.The UHI is calculated two times, once based
on the original values (original UHI), and once based on gap-filled values (estimated UHI).
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3. Results

3.1. Evaluation of the gap-filling techniques

The evaluation of the five GF techniques is performed based on the time series of each TURCLIM station separately. Fig. 6 presents
the results for one rural station (Ylijoki) and one urban station (Betel), yet similar outcomes are observed for the other weather stations.

For both the rural and urban stations, a distinct difference in error pattern is evident between the LI and ERA5-based GF techniques.
The error of the LI technique increases with gap length, with a steep increase for gap lengths below one day. Since the LI method is not
able to reproduce the diurnal and seasonal variations in temperature, its poor performance for long gaps does not come as a surprise. In
contrast, the errors of the GF techniques based on ERA5 stay fairly constant and still give good results for long gaps. This independence
of the error toward the gap length is expected, since the variations in temperature are already accounted for in the external dataset. To
summarize, for short gaps the best accuracy is achieved by the LI method, while for longer gaps the (debiased) ERA5 techniques obtain
better performance. The transition lies around a gap length of 5 h (rural) to 6 h (urban).

Whether debiasing has an impact on the scores largely depends on the location of the station. For rural stations, debiasing yields
negligible improvement, likely indicating that ERA5 does not exhibit significant temperature biases for the rural locations in the region
surrounding Turku. On the other hand, for urban stations the results show a substantial difference in performance between the original
ERA5 and the debiased ERA5 techniques. Applying a debiasing method instead of directly using ERA5 data results in a significant
decrease in the error, reducing it by approximately 2 ◦C2 across the entire range of gap lengths. Debiasing is indeed expected to yield a
notable influence at locations characterized by microclimates not resolved by the ERA5 dataset (e.g. the UHI of cities), as well as in
regions marked by complex topography.

The different debiasing techniques exhibit similar performance, with overlapping confidence intervals across the majority of gap
lengths. This demonstrates that the specifics of the applied bias procedure exert only a limited influence on the performance. For urban
locations, the techniques can be ranked in the following order, starting with the best performance: LR, WMB and MB technique. The
difference between WMB and MB suggests that a small improvement is gained by including the DTR variable into the debiasing
process. For rural locations, the differences in performance between the debiasing techniques are more limited, with a slightly better
performance for the LR andMB technique compared to theWMB technique. The almost non-existing differences between the debiasing
techniques for rural stations could be expected, since the debiasing does not yield a large impact on the performance, as stated in the
previous paragraph.

Fig. 6. Evaluation of the five GF techniques: linear interpolation (LI), filling in original ERA5, debiasing by calculating linear regression (LR),
debiasing by calculating mean bias (MB) and debiasing by calculating a weighted mean bias (WMB). The evaluation is visualized for one rural
station (Ylijoki, left) and one urban station (Betel, right). At the bottom a close-up is shown of the error region indicated by the dotted lines. The
error bars represent the 95 % confidence intervals.
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3.2. Evaluation of the selection parameters

The evaluation of the selection parameters is performed for the urban stations of TURCLIM. In Fig. 7 the results are shown for each

Fig. 7. Evaluation of the selection parameters: positioning (top), seasonal span (middle) and time variation (bottom). The evaluation is performed
for three urban stations: Betel (left), Puutori (middle) and Virastotalo (right). The error bars represent the 95 % confidence intervals.
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parameter.
The positioning of the learning period for the debiasing has a limited impact on the error values. The sequence of the positioning

errors is not consistent across gap lengths and urban stations, with often overlapping confidence intervals. However, for the longest
gaps the error is consequently larger if the learning period is situated completely before (left) or after (right) the gap, compared to a
more symmetric positioning (both and separate). Although it is expected that both and separatewould perform better for all gap lengths,
their advantage is only visible for long gaps. For the longest gaps the separate method is expected to perform better, since it assigns
more weight to the learning period closest to the filled value. However, this is not the case for all tested urban stations, probably due to
the limited length of the tested gaps with a maximum of only 2 weeks.

A large overlap in confidence intervals is also present for the different parameter values of the seasonal span, which expresses the
total number of days included in the learning period(s) of the debiasing. Nevertheless, for the longest gap of 2 weeks, the seasonal span
of 2 and 5 days shows a significantly larger error compared to longer learning periods. To calculate the bias in a statistically meaningful
way, the learning period needs to be large enough, explaining the preference for a long learning period. However, the results of the
longest gap indicate that the length of the learning period has no significant impact once a sufficient length is exceeded. On the other
hand, for the shortest gap of 1 h, the seasonal span of 2 and 5 days correspond to the lowest error values over all urban locations. For
short gaps it seems sufficient to only take into account the day before and after the gap. This excellent result could originate from the
good autocorrelation of the temperature time series, which agrees with the good results of the LI method for short gaps.

Similar to the previous two discussed parameters, there is a large overlap in confidence intervals for the majority of the time
variation values, which determine the width of the time window. However, the time variation of 12 h consistently corresponds to the
highest error values for all stations and gap lengths, with sometimes a non-overlapping confidence interval. Since for this parameter
value no distinction is made between the hours of the day, this result could be expected because of the hourly character of the bias. Also
in agreement with the expectations, a time variation of 7 h has generally higher error values compared to the parameter values 0, 1 and
3 h.

3.3. Evaluation of the gap-filling algorithm

The UHI of each season, both before and after performing the GF algorithm, is visualized in Fig. 8 for the urban station Betel. Other
urban stations display very similar results, which are shown in Appendix A.

In general, the GF algorithm is capable of reproducing the UHI trend, with a strong resemblance between the curves of the original
and estimated UHI for all seasons. For Betel, the maximal absolute difference between the original and estimated UHI is 0.2◦ reached in
spring at 3 UTC. The GF algorithm not only resolves the general UHI pattern, characterized by high intensity at night and lower in-
tensity during the day, but it also accurately reproduces the local peak around noon during summer and spring. After GF, the seasonal
dependence of the UHI is characterized very well, resulting in distinguishable curves between the seasons.

However, the original UHI value does not always lie within the confidence interval of the estimated UHI. The largest deviations
between the original and estimated UHI occur during time periods that correspond to the largest seasonal differences in UHI intensity
and during time periods of the maximum and minimum UHI intensity. During the night, the UHI intensity of the summer and spring
season are systematically underestimated, while for winter and autumn an overestimation occurs. During the day, the opposite occurs.

Fig. 8. UHI of the urban station Betel, both before and after performing the GF algorithm. The error bars represent the 95 % confidence intervals.
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4. Discussion

4.1. Evaluation of the gap-filling techniques and selection parameters

The performances of the GF techniques justify the designed working mechanism of the GF algorithm, which includes a distinction
between small and large gaps. The results state that small gaps are preferably filled with linear interpolation, which is in agreement
with results from literature (Cerlini et al., 2020; Henn et al., 2013). On the other hand, large gaps benefit from ERA5-based GF
techniques, preferably including a debiasing method. The results indicate that debiasing could be inessential for a rural location, but
since results in the literature suggest that debiasing is relevant for rural location, such as complex orographic regions and islands
(Lompar et al., 2019), the choice is made to include debiasing for each location. Given the nearly negligible differences in performance
among the debiasing techniques, it is justifiable to employ the simplest and computationally least demanding MB technique in the
algorithm.

The performance evaluation of the selection parameters results in some interesting key findings. First of all, the choice for the
parameter values has a limited impact on the performance. Nevertheless, the evaluation provides some guidance on the optimal
choices for the parameter values of the debiasing method, which in case of long gaps corresponds to a symmetrical placement of the
learning period with a minimal length of 10 days and a small time window. These preferred parameter values for long gaps correspond
well with the empirically chosen parameter values in Section 2.2.2 and 2.3.1, justifying the usage of the latter. Since these empirically
chosen values are partially based on values from literature (Lipson et al., 2022; Lompar et al., 2019), it can be concluded that the
results obtained through the parameter evaluation agree with these earlier studies.

As the evaluation of the selection parameters is performed for each parameter separately, it is not possible to draw a solid
conclusion about the most optimal combination of the three selection parameter values. A better approach would be to simultaneously
vary multiple parameters and visualize the results by e.g. a heatmap, but given the many potential parameter combinations, this would
result in a high computational cost. However, since the values of the constant parameters lie well in the range of best values according
to their single evaluation, the combination of the best values of each single evaluation can be considered to correspond to the best
performance.

The results of these evaluations demonstrate that increasing the complexity of the GF technique is not always preferred. For
example, implementing the DTR in the MB technique causes worse results for rural locations, and separating the learning period does
not yield a significant improvement for the MB debiasing technique compared to the normal symmetrical placement. In addition, more
complex techniques will have a higher computational cost. Therefore, when filling a large series of gaps, one has to wonder if the
slightly higher accuracy received by increasing the complexity is worth raising the computational cost.

The insights gained by these results have served as a basis for the creation of a GF module of the python package MetObs-toolkit,
which is specifically designed to process and analyze raw measurements of urban meteorological networks (Vergauwen et al., 2024).

4.2. Evaluation of the gap-filling algorithm

The excellent representation of the UHI by the GF algorithm can be explained by the selective usage of the time series' autocor-
relation. Since the UHI intensity is highly dependent on the time during the year and day, as visualized by the curves of the results, it is
crucial to only exploit data corresponding to the same time periods during the year and day for the GF. Since this seasonal and hourly
selection is (indirectly) embedded in both the LI technique and the MB debiasing technique of the GF algorithm, the excellent UHI
resemblance is expected.

The observed deviations between the original and the estimated UHI (Fig. 8) can also be understood by this UHI time dependence.
Due to the substantial length of the learning period, it may partially lie in one of the adjoining seasons. This seasonal mixing shifts the
UHI intensity toward the one of the adjoining seasons, especially during time periods with large seasonal differences in UHI intensity.
As a result, a slight overestimation of the UHI is present for seasons with a limited UHI compared to other seasons, and an underes-
timation occurs for high UHI-values. Due to a different order of UHI-intensities of the seasons between day and night, the over- or
underestimation depends on the time during the day. This may indicate that the most ideal value of the default seasonal span (Table 1)
should be smaller. But since the estimated UHI of the different seasons are still distinguishable, it is concluded that overall the length of
the learning period is not too extensive and only a minor adjustment may be needed. A similar reasoning can be conducted for the
mixing of hours within the time window, leading to a flattening of the UHI curve, as clearly seen in the results.

It should be noted that the presented evaluation is an artificial situation in which only estimated values are included in the
calculation of the estimated UHI intensity. In a realistic scenario, with a temperature time series only partially consisting of gaps, the
UHI intensity calculated based on the entire completed time series will resemble the UHI effect even better.

4.3. Limitations and future work

This research only focuses on the GF of hourly urban temperature time series, but the debiasing GF techniques and GF algorithm
could be extended to other types of datasets. First of all, the GF techniques can be applied to other meteorological variables. However,
since other variables do not necessarily behave in the same way as temperature, it may be necessary to alter the debiasing procedure by
e.g. working with amultiplicative bias correction instead of an additive correction. Secondly, by including a frequency alteration of the
ERA5 data, the debiasing techniques could be applied to datasets with other time frequencies. Lastly, the presented techniques and
algorithm could also be extended to perform GF in other micro-environments such as forests, lakes, mountains,.... The designed
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debiasing techniques will however only employ their full potential if the bias has diurnal and seasonal characteristics. Besides the
extension to other gapped datasets, the GF algorithm could also be extended by including other debiasing methods, i.e. machine
learning algorithms, or other external datasets, i.e. ERA5Land.

Extending the results of this research to other datasets has to be handled with caution, since the performance evaluation is only
performed for hourly temperature time series of one urban climate network. The most optimal GF technique and selection parameter
values probably depend on the characteristics of the dataset (urban characteristics, time frequency, meteorological variable, climate
zone, …), e.g. for meteorological time series of tropical climates the seasonal selection seems less important. For rural locations,
Lompar et al. (2019) already indicate the dependency of the GF performance on the rural characteristics of their tested dataset. To get
the best GF results, the GF algorithm could be tuned with respect to the incomplete dataset. It could be considered to first execute a GF
evaluation on a complete section of the incomplete time series to select optimal parameters before performing the actual GF.

The designed GF algorithm has some fundamental restrictions. First of all, the algorithm is unable to fill gaps in real-time since the
ERA5 data is released with a five-day lag. In addition, the algorithm cannot fill long gaps located at the very beginning of the time series
that are followed quickly by another long gap. In this situation it is impossible to place a learning period large enough to perform
debiasing. A possible workaround for this problem, which is not yet implemented in the algorithm, is to start the GF at another time
location with a lower density of gaps.

5. Conclusions

Currently, limited effort is being made to fill gaps in urban meteorological time series. This study demonstrates a variety of simple,
yet highly effective, GF methodologies, including different ERA5 debiasing techniques. The results indicate the importance of a
distinction between short gaps (<5 h), for which LI yields the best outcomes, and long gaps (≥5 h), for which the ERA5-based
techniques are most feasible. For urban locations it is crucial to implement a bias correction on the ERA5 data, although the pre-
cise method and selection parameters have a minimal impact on the performance and the most optimal settings will probably depend
on the characteristics of the (urban) dataset. Furthermore, based on the results of the evaluation of the individual GF techniques, a
newly designed GF algorithm is presented to handle a series of gaps in hourly temperature time series. This algorithm is able to
reproduce the hourly and seasonal temperatures in urban environments while conserving the urban characteristics, which is not
guaranteed for other existing GF techniques. The utilization of such an urban-aware GF algorithm can ensure a broader utilization of
urban observational datasets, without the loss of reliable detection of UHI patterns. This study offers simple but effective methods to fill
gaps in hourly urban temperature time series, which are also of broader importance due to their expandability to other meteorological
variables, frequencies and micro-climates supporting e.g. climate adaptation measures in city planning.
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Fig. A.1. UHI of the urban station Puutori (top) and Virastotalo (bottom), both before and after performing the GF algorithm. The error bars
represent the 95 % confidence intervals.

References

Afrifa-Yamoah, E., Mueller, U.A., Taylor, S.M., Fisher, A.J., 2020. Missing data imputation of high-resolution temporal climate time series data. Meteorol. Appl. 27
(1), e1873. https://doi.org/10.1002/met.1873.

Aieb, A., Madani, K., Scarpa, M., Bonaccorso, B., Lefsih, K., 2019. A new approach for processing climate missing databases applied to daily rainfall data in Soummam
watershed, Algeria. Heliyon 5 (2). https://doi.org/10.1016/j.heliyon.2019.e01247.

Arnfield, A.J., 2003. Two decades of urban climate research: a review of turbulence, exchanges of energy and water, and the urban heat island. Int. J. Climatol. 23 (1),
1–26. https://doi.org/10.1002/joc.859.

Beckers, J.M., Rixen, M., 2003. EOF calculations and data filling from incomplete oceanographic datasets. J. Atmos. Oceanic Tech. 20 (12), 1839–1856. https://doi.
org/10.1175/1520-0426(2003)020%3C1839:ECADFF%3E2.0.CO;2.

Bellido-Jiménez, J.A., Gualda, J.E., García-Marín, A.P., 2021. Assessing machine learning models for gap filling daily rainfall series in a semiarid region of Spain.
Atmosphere 12 (9), 1158. https://doi.org/10.3390/atmos12091158.

Betts, A.K., Chan, D.Z., Desjardins, R.L., 2019. Near-surface biases in ERA5 over the Canadian prairies. Front. Environ. Sci. 7, 129. https://doi.org/10.3389/
fenvs.2019.00129.

Caluwaerts, S., Hamdi, R., Top, S., Lauwaet, D., Berckmans, J., Degrauwe, D., Dejonghe, H., De Ridder, K., De Troch, R., Duchêne, F., Maiheu, B., Van
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