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Abstract 12 

Early instrumental observations provide a unique opportunity to investigate climate variability before the 13 

establishment of modern meteorological networks. However, their effective use is often hindered by incomplete 14 

records, uneven spatial coverage, and non-climatic inhomogeneities. The HCLIM dataset provides a recently 15 

compiled global collection of early instrumental temperature records, yet systematic evaluations of automated 16 

homogenisation methods for such data remain limited. 17 

Here, we evaluate three widely used homogenisation methods, CLIMATOL, PHA, and BART, applied to the 18 

HCLIM dataset. The assessment considers data retention following pre-processing, breakpoint detection in the 19 

homogenised series, and agreement with the Twentieth Century Reanalysis version 3 (20CRv3), using French 20 

and Southeast Asian station networks as representative case studies. 21 

The pre-processed datasets differ only modestly in overall structure, although BART retains fewer records (80 22 

%) than CLIMATOL (96 %) and PHA (99 %) because of its stricter requirement for a minimum record length of 23 

15 consecutive years. Consequently, BART preserves longer average record lengths and detects substantially 24 

more breakpoints, indicating greater sensitivity to potential inhomogeneities. Breakpoint occurrence varies 25 

considerably across regions and time periods, reflecting differences in station density and observational 26 

coverage. Comparisons with 20CRv3 show generally high agreement for all methods, with stronger consistency 27 

in the dense French network than in the sparser Southeast Asian network. 28 

Despite differences in data retention, breakpoint detection, and adjustment strategy, the homogenised datasets 29 

show strong agreement with one another and preserve the principal climatic signal. Notably, differences among 30 

the homogenisation methods are consistently smaller than the differences between the original and homogenised 31 

datasets, indicating that the primary challenge is not selecting a single optimal algorithm but reconstructing 32 

temporally coherent climate information from incomplete historical observations. 33 

The homogenised datasets produced in this study constitute HOM-HCLIM, a new global database of 34 

homogenised early instrumental temperature records that provides an important resource for climate 35 

reconstruction, reanalysis, and long-term climate variability studies. 36 
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1. Introduction 39 

Accurate assessment of climate variability and long-term climate change relies on the analysis of long-term early 40 

instrumental observations (Hersbach et al., 2020; Wilkinson et al., 2016; Brunet and Jones, 2011). Such datasets 41 

are essential for understanding historical climate variability, improving climate reconstructions, and informing 42 

future climate projections (Gao et al., 2023; Brönnimann et al., 2019; Slivinski et al., 2019; Solomon et al., 43 

2007). Early instrumental observations are commonly defined as records predating the widespread establishment 44 

of national meteorological services, generally before 1850 (Brönnimann et al., 2019), and their availability 45 

remains limited. In this context, the HCLIM dataset (Lundstad et al., 2022) provides a global compilation of 46 

early instrumental observations of early instrumental observations and represents an important resource for 47 

historical climate research, despite substantial gaps and variations in temporal coverage.  48 

However, the reliability of historical climate records is often compromised by non-climatic inhomogeneities, 49 

including changes in observing conditions and methodological inconsistencies (Conrad, 1946; WMO, 2018). 50 

Examples include changes in (i) site conditions, such as urbanisation, land-use changes, or station relocations; 51 

(ii) instrumentation, including calibration, sensitivity, or exposure; and (iii) observation and data processing 52 

practices, such as measurement routines, time-averaging methods, or data management procedures (Vincent et 53 

al., 2018; Trewin, 2010; Aguilar et al., 2003). These discrepancies may introduce biases that distort the climate 54 

signal and compromise data interpretation (Wang et al., 2015; Jones, 2016).  55 

Homogenisation is a well-established approach used to identify and correct inhomogeneities in historical climate 56 

data (Ribeiro et al., 2016; Cao and Yan, 2012; Costa and Soares, 2009; WMO, 2011; O’Neill et al., 2022). It 57 

generally consists of two main phases: first, the identification of breakpoints, defined as points in time where 58 

inhomogeneities occur, and second, the adjustment of the affected series (Aguilar et al., 2003). For early land 59 

surface temperature records, homogenisation typically relies on relative statistical methods, in which 60 

observations from a given meteorological station are compared with those from neighbouring stations (Gubler et 61 

al., 2017). If neighbouring stations are sufficiently close and climatically similar, they are expected to reflect 62 

similar climate variability and trends (Menne and Williams, 2009). Ideally, neighbouring records exhibit high 63 

correlation, similar variability, and differ only because of scaling factors and random sampling error (Ribeiro et 64 

al., 2016). However, homogenisation can be challenging for early instrumental data because neighbouring 65 

stations are often sparse or absent (Aguilar et al., 2003). In addition, residual homogenisation errors and 66 

uncertainties in climatological normals can introduce systematic biases at individual stations (Osborn et al., 67 

2021; Domonkos, 2023). Identifying and mitigating such biases is therefore essential for robust climate analysis 68 

(Changnon and Kunkel, 2006).  69 

A wide range of climatological homogenisation methods is available, and the choice depends on data 70 

availability, computational requirements, and the characteristics of the dataset being analysed (WMO, 2008). 71 

Previously, the standard normal homogeneity test (SNHT; Alexandersson, 1986) was used to detect breakpoints 72 

in the HCLIM dataset (Lundstad et al., 2022, 2023). Originally developed for precipitation series, SNHT 73 

identifies potential inhomogeneities through comparison of accumulated anomalies. Although SNHT has been 74 

widely applied in climate homogenisation and performs well under many conditions (Venema et al., 2012; Shen 75 

et al., 2018), it may produce false break detections, particularly near the beginning and end of time series 76 

because of edge effects (Toreti et al., 2011). 77 
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Alternatively, methods such as CLIMATOL (Guijarro, 2006, 2011, 2018), PHA (Menne and Williams, 2009), 78 

and HOMER (HOMogenisation softwarE in R; Mestre et al., 2013), here represented by BART (Joelsson et al., 79 

2022), provide automated approaches that minimise manual intervention during homogenisation. CLIMATOL, 80 

developed at the Spanish State Meteorological Agency (AEMET), is a relative homogenisation method designed 81 

for monthly climatological series. It is based on SNHT, uses neighbouring stations to construct reference series, 82 

and applies iterative breakpoint detection and adjustment procedures. The method is implemented in the R 83 

programming language (Guijarro, 2011, 2018). PHA is an automated approach for homogenising climate time 84 

series based on pairwise comparisons between neighbouring stations (Menne and Williams, 2009). Since 2011, 85 

the Global Historical Climatology Network monthly dataset has been updated using PHA to produce a 86 

homogenised dataset (O’Neill et al., 2022). Although PHA has primarily been applied to GHCN, this study 87 

extends its application to early instrumental data and assesses its performance for the HCLIM dataset. BART is 88 

the digital successor of HOMER; an automated homogenisation tool developed within a European collaborative 89 

framework. BART integrates the fast-processing capabilities of HOMER’s automatic mode with the flexibility 90 

and expert-informed adjustments of its interactive mode (Joelsson, 2021). While automated homogenisation 91 

methods offer clear advantages for the reanalysis of early instrumental data, their performance on large and 92 

heterogeneous datasets such as HCLIM has not yet been systematically evaluated.  93 

Against this background, this study evaluates the performance of three automated homogenisation methods 94 

(CLIMATOL, PHA, and BART) when applied to the global HCLIM dataset. The breakpoint characteristics and 95 

homogenised temperature series produced by each method are evaluated through comparisons with the 20CRv3 96 

reanalysis (Slivinski et al., 2019), which provides a global atmospheric reconstruction spanning 1836–2015. The 97 

resulting homogenised datasets are then combined to develop HOM-HCLIM, a new global database of 98 

homogenised early instrumental temperature records. The objectives are (i) to assess the performance of the 99 

three homogenisation methods and (ii) to evaluate the suitability of HOM-HCLIM for climate variability and 100 

climate reconstruction studies. 101 

Because early instrumental datasets often contain gaps, incomplete records, and varying temporal coverage, 102 

homogenisation should not only be viewed as a correction procedure, but also as a means of reconstructing 103 

temporally coherent climate information from incomplete observations. Evaluating how different 104 

homogenisation methods perform this task is therefore particularly relevant for historical climate research. 105 

The structure of this paper is as follows: Section 2 describes the data and methods, Section 3 presents the results, 106 

Section 4 discusses the findings, and Section 5 concludes. 107 

2. Data and Methods 108 

2.1 Observation-based datasets and homogenisation methods 109 

2.1.1 HCLIM 110 

HCLIM is a global multivariable monthly climate database containing early instrumental observations of several 111 

meteorological variables (Lundstad et al., 2023). The database contains series compiled from existing databases 112 

that start before 1890 (though continuing to the present), with many of the series subsequently extended using 113 

later observations up to 2021 where available (Lundstad et al., 2022, 2023). The inclusion of more recent 114 

observations is important for homogenisation, as longer records generally improve the reliability of breakpoint 115 

detection and adjustment procedures (Coscarelli et al., 2021; Guijarro, 2018). In the present study, only 116 
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temperature records are considered. The HCLIM database contains 3,632 temperature series from 125 countries 117 

and covers the period 1658–2021. 118 

 119 

2.1.2 Twentieth Century Reanalysis (20CRv3) 120 

Near-surface air temperature from the NOAA-CIRES-DOE 20CRv3 reanalysis (Slivinski et al., 2019) is used as 121 

an external reference dataset for evaluating the consistency of the homogenised HCLIM records. 20CRv3 122 

provides a global reconstruction of atmospheric conditions spanning the period 1836–2015 and is one of the 123 

longest available reanalysis products (Slivinski et al., 2019). Although it relies on relatively sparse observational 124 

input data during its early period, it provides a physically consistent representation of historical climate 125 

variability and atmospheric conditions over its full temporal extent (Slivinski et al., 2021). 126 

To account for uncertainty, 20CRv3 is generated using an Ensemble Kalman Filter data assimilation system and 127 

provides an 80-member ensemble (Slivinski et al., 2021). In this study, monthly mean temperatures from the 128 

ensemble mean are used. For each HCLIM station, the nearest 20CRv3 grid cell was selected. Stations located at 129 

high elevations or near coastlines may exhibit substantial temperature differences relative to the corresponding 130 

grid-cell values owing to the relatively coarse spatial resolution of 20CRv3 (1° × 1°, approximately 110 km). 131 

However, such differences are expected to remain relatively constant over time and therefore have only a limited 132 

influence on the temporal correlations calculated between 20CRv3 and HOM-HCLIM. 133 

 134 

2.1.3 Homogenisation methods 135 

Homogenisation was performed on the HCLIM dataset using three well-established automated methods: 136 

CLIMATOL, PHA, and BART. These methods are fully automated, apply relative homogenisation principles 137 

based on comparisons with neighbouring stations, and generate statistically derived adjustments to the original 138 

series (Peterson et al., 1998). Additional information on the characteristics and implementation of each method is 139 

provided in Table S1 of the Supplement. 140 

 141 

2.2. Processing chain for homogenisation 142 

The processing chain used for homogenising monthly mean temperature records from the HCLIM dataset is 143 

illustrated in Figure 1. In this study, the pre-processed datasets represent the HCLIM records after method-144 

specific screening, exclusions, network construction, and formatting prior to homogenisation. These non-145 

homogenised datasets are referred to as nHom_CLIMATOL, nHom_BART, and nHom_PHA. 146 

The workflow consisted of two main stages. First, data pre-processing was conducted through three sub-steps: (i) 147 

record screening and exclusion (Section 2.2.1), (ii) network construction (Section 2.2.2), and (iii) data formatting 148 

(Section 2.2.3). Second, breakpoint detection and homogenisation were performed. Breakpoint characteristics in 149 

the original HCLIM dataset were evaluated using the Standard Normal Homogeneity Test (SNHT), whereas 150 

breakpoint statistics from the homogenised datasets were obtained from the three automated methods (Section 151 

2.2.4). Finally, the resulting homogenised datasets were evaluated against both HCLIM and 20CRv3, including 152 

an assessment based on the root mean square deviation (RMSD) (Section 2.2.5). 153 

 154 
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 155 

Figure 1. Workflow for the development of the HOM-HCLIM dataset. HCLIM monthly mean temperature data were 156 

pre-processed into method-specific input datasets (nHom_CLIMATOL, nHom_BART, and nHom_PHA), 157 

homogenized using CLIMATOL, BART, and PHA, and subsequently evaluated against both HCLIM and 20CRv3 158 

before the final HOM-HCLIM dataset was produced. 159 

2.2.1 Exclusions of records  160 

HCLIM records were screened according to the requirements of the three homogenisation methods. Exclusions 161 

were based on method-specific criteria, including proximity thresholds, minimum record length, network 162 

correlations, and gap tolerance. Together with the subsequent network construction and formatting procedures 163 

(Supplementary Material S2–S5), these steps produced the pre-processed, non-homogenised datasets referred to 164 

as nHom_CLIMATOL, nHom_BART, and nHom_PHA. 165 

Table 2 summarises the number of HCLIM records removed during pre-processing and the corresponding 166 

reasons for exclusion, while Table 3 provides examples of excluded stations (see also Table S3 in the 167 

Supplementary Material for the number of records retained at each stage of the homogenisation process). PHA 168 

retained nearly all records, excluding only two. In contrast, CLIMATOL and BART applied stricter selection 169 

criteria, particularly with respect to correlations with neighbouring stations, spatial distance, and outlier 170 

detection. BART additionally required a minimum record length of 15 years. Furthermore, the year 2021 was 171 

excluded from all analyses because incomplete years cannot be homogenised reliably. 172 

Table 1. Examples of stations excluded during pre-processing for homogenisation. 173 

Station ID Station name Country M.a.s.l. Period Responsive 

homo-

genisation 

method 

Exclusion 

reason 

Excluded 

from 

Network  

BE-67396 Ben Nevis 

 

UK 1343 1884 - 1903 CLIMATOL Outlier in 

temperature 

(ta) 

3 

66062 Dawes_Point 

 

Australia 14 1788 - 1853 CLIMATOL 

& BART 

No station 

close either 

in time or 

space 

17 
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2790 

 

Kusel-Funfbirken Germany 296 

 

1881 - 1981 BART Too short, 

too many 

gaps 

2 

23472 Turukhansk Russia 38 1880 - 2021 CLIMATOL Outlier in ta 16 

GHCN_ 

MGXLT954291 

Ulaanbaatar Mongolia 1306 1869 - 2015 CLIMATOL No 

neighbour 

15 

 174 

Table 2. Summary of records excluded during pre-processing and the corresponding reasons for exclusion. 175 

Reasons for exclusion Numbers 

CLIMATOL BART PHA 

Total records removed 142 740 2 

- Correlation coefficient too low 455   

- Too long distance (defined by the program) 77   

- Record too short  438  

- No neighbours (in distance)  239  

- Outliers identified by the program 4*/182**/ 287***   

- Big gaps 1   

- Other reasons  63 2 

* Stations removed ** Station affected *** Observations affected 176 

2.2.2 Network construction  177 

This study initially considered 18 networks, which formed the primary analytical framework, hereafter referred 178 

to as Network System A. These networks were defined based on station distribution, geographic proximity, and 179 

political boundaries associated with national meteorological services (Figure 2). Network System A served as the 180 

common framework for all analyses and comparisons and was applied directly in the PHA method. 181 

For CLIMATOL and BART, an auxiliary network configuration, referred to as Network System B, was 182 

introduced to accommodate methodological constraints. Several networks in System A exceeded approximately 183 

1000 km in spatial extent or contained relatively sparse station coverage, which could affect the performance of 184 

these methods. Rather than modifying the primary network structure or excluding stations, Network System B 185 

was developed as an intermediate processing framework to improve network homogeneity while retaining the 186 

full station coverage of System A. 187 

To achieve this, a rule-based network-construction procedure based on Aguilar et al. (2003) was developed to 188 

derive smaller and more homogeneous sub-networks from System A. Stations were grouped according to 189 

latitude, longitude, and station identifier naming conventions (e.g., GHCN_FR or METFR for France). This 190 

approach preserved the overall structure and station composition of System A while improving spatial coherence 191 

and consistency with national climatological practices. For example, Köppen-climate-based criteria were applied 192 

in Norway following Nordli and Tveito (2008). 193 

Network System B therefore consisted of 30 sub-networks, primarily across Europe, Russia, and Asia, derived 194 

from the original 18 networks (Supplementary Material S3 and S4). Following homogenisation, the resulting 195 

records were recombined into Network System A, ensuring that all methods could be evaluated and compared 196 

within the same primary analytical framework. 197 
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 198 

Figure 2: Global distribution of the 18 meteorological networks (Network System A) used to homogenise early 199 

temperature records from the HCLIM dataset. Colours indicate individual networks, while symbols represent record 200 

length categories. For CLIMATOL and BART, an auxiliary configuration (Network System B) was applied, consisting 201 

of 30 sub-networks derived from these 18 networks. Further details are provided in Supplementary Material 202 

(Appendix S4). 203 

2.2.3 Data format conversion 204 

HCLIM data were provided in Station Exchange Format (SEF) and reformatted to meet the input requirements 205 

of each homogenisation method. CLIMATOL requires CSV input files, with all series combined into a single 206 

spreadsheet and accompanied by an .esd metadata file. BART uses ASCII-formatted files containing metadata 207 

headers and monthly values arranged row-wise by year, with missing values coded as −999.9. PHA requires 208 

separate data and metadata files and was implemented using the original Python and Fortran routines. 209 

Station metadata, including geographic coordinates, elevation, exposure, instrumentation, and observing 210 

practices, were harmonised following Lundstad and Tveito (2016). Additional details on data formatting, 211 

metadata harmonisation, and method-specific input structures are provided in Table S5 of the Supplementary 212 

Material. 213 

2.2.4 Homogenisation procedure 214 

The HCLIM dataset was previously quality controlled and aggregated to monthly means using an 80 % 215 

completeness criterion (Lundstad et al., 2023; WMO, 2017). Despite this quality-control procedure, many 216 

records remain fragmented or contain periods of missing observations, making homogenisation necessary not 217 

only for the adjustment of inhomogeneities but also for the reconstruction of temporally coherent climate series. 218 

Following the pre-processing steps described above, the resulting datasets were homogenised using the 219 

CLIMATOL, BART, and PHA methods. Additional standardisation of units and temporal structure was applied 220 

where required to meet the input specifications of each method. Each homogenisation method was implemented 221 

using its respective breakpoint detection and adjustment procedures. 222 

For comparison, breakpoint characteristics in the original HCLIM dataset were also evaluated using the 223 
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frequency-based Standard Normal Homogeneity Test (SNHT; Alexandersson, 1986; Lundstad et al., 2023). The 224 

resulting breakpoint statistics were subsequently compared with those obtained from the three automated 225 

homogenisation methods. 226 

2.2.5 Comparison of the homogenised datasets 227 

The homogenised datasets were evaluated using a three-component framework consisting of (i) comparisons 228 

with the original HCLIM dataset, (ii) comparisons with the Twentieth Century Reanalysis (20CRv3), and (iii) an 229 

assessment based on the root mean square deviation (RMSD). The France and South-East Asia sub-networks 230 

from Network System B were selected for the regional evaluation because they represent contrasting network 231 

densities and observational coverage. Their relatively small and spatially coherent configuration provided more 232 

favourable conditions for relative homogenisation by increasing station proximity and network homogeneity. 233 

The regional analyses are presented in Sections 3.3.1 and 3.3.2, while Paris and Jakarta were selected as 234 

representative stations for the station-level comparisons. 235 

3. Results 236 

This section first describes the characteristics of the pre-processed temperature datasets. It then examines the 237 

breakpoint characteristics identified by the different homogenisation methods. Finally, the resulting homogenised 238 

datasets are evaluated using the three-component framework described in Section 2.2.5. 239 

3.1. Characterization of the pre-processed datasets 240 

Before analysing the breakpoint characteristics and homogenisation results, it is necessary to examine how the 241 

pre-processing stage affected the HCLIM dataset. The pre-processing procedures applied by CLIMATOL, 242 

BART, and PHA influence record retention, temporal coverage, and data completeness, and may therefore affect 243 

the subsequent homogenisation results. This section first examines differences in record length and data 244 

availability (Section 3.1.1), followed by an assessment of temporal completeness and gap filling (Section 3.1.2). 245 

Finally, the distributions of annual mean temperatures and the preservation of extreme values are evaluated 246 

(Section 3.1.3). 247 

3.1.1 Record length and data availability 248 

Figure 3 shows the distribution of the length and number of temperature records for the HCLIM dataset and the 249 

pre-processed datasets (nHom_CLIMATOL, nHom_BART, and nHom_PHA). Across all datasets, a large 250 

proportion (~71%) of records are long (≥ 100 years). In particular, approximately 1150 records have a length of 251 

around 150 years, while about 600 and 400 records span 125 and 175 years, respectively (Fig. 3a). 252 

In contrast, records of intermediate length (50–100 years) and very long records (≥ 200 years) are relatively rare 253 

(≤ 200 records). At the same time, a substantial number of short records (≤ 25 years) is present across most 254 

datasets. HCLIM and nHom_PHA each include nearly 800 short records, while nHom_CLIMATOL contains 255 

around 700. By contrast, nHom_BART retains fewer than 200 short records, reflecting its stricter selection 256 

criteria. The resulting U-shaped distribution of record lengths (Fig. 3a) reflects both the abundance of short 257 

series and the dominance of century-long records, combined with the exclusion of stations starting after 1890 258 

(Lundstad, 2023). 259 

https://doi.org/10.5194/egusphere-2026-3936
Preprint. Discussion started: 31 July 2026
c© Author(s) 2026. CC BY 4.0 License.



9 

 

 260 

Figure 3. (a) Length and number of temperature records in the HCLIM dataset and the pre-processed datasets 261 

derived using the CLIMATOL, BART, and PHA methods (i.e., non-homogenised datasets: nHom_CLIMATOL, 262 

nHom_BART, and nHom_PHA). Records are shown up to 2020. (b) Temporal evolution of the number of temperature 263 

records for the same datasets (HCLIM, nHom_CLIMATOL, nHom_BART, and nHom_PHA). Note the logarithmic 264 

scale. 265 

The number and length of records in the pre-processed datasets vary depending on the homogenisation method 266 

applied (Fig. 3a). The nHom_CLIMATOL dataset contains more records in the 100–150-year range than 267 

HCLIM, but fewer records between 25 and 75 years. This difference reflects both the large number of short 268 

series in HCLIM and the tendency of CLIMATOL to remove duplicated short-term records that are retained in 269 

HCLIM. 270 

In contrast, nHom_BART contains substantially fewer short and medium-length records, particularly in the 25–271 

50-year range, reflecting its stricter pre-processing criteria, including requirements for minimum record length, 272 

sufficient record overlap, and suitable neighbouring stations (Joelsson, 2021). Consequently, BART retains a 273 

relatively high proportion of long records, resulting in the longest average record length (122 years), compared 274 

to 102 years for HCLIM and 103–104 years for nHom_CLIMATOL and nHom_PHA. The nHom_PHA dataset 275 

closely follows the HCLIM distribution across all record lengths, reflecting its emphasis on the availability of 276 

neighbouring stations rather than record length.  277 

Figure 3b illustrates the temporal evolution of record availability. All datasets show a marked increase in the 278 

number of records from the 18th century onwards, with a peak around 1890. A distinct increase in the late 279 

eighteenth century, associated with the expansion of meteorological observations during the Napoleonic period 280 

("Napoleon bump"), is evident in HCLIM, nHom_CLIMATOL, and nHom_PHA, but largely absent in 281 

nHom_BART due to its exclusion of short records. 282 

Throughout the period, nHom_BART consistently contains fewer records than the other datasets, whereas 283 

nHom_CLIMATOL and nHom_PHA closely follow the structure of HCLIM. In addition, the pre-processed 284 

datasets tend to start later than HCLIM, reflecting the requirement for sufficient neighbouring stations during the 285 

pre-processing and network-construction stages. Consequently, early periods with sparse data coverage are 286 

excluded, even though they are present in the original HCLIM dataset. 287 

3.1.2 Temporal completeness and gap filling 288 

The homogenisation procedures also affected temporal completeness and record continuity. CLIMATOL 289 

generally produced the most complete records and the longest continuous time series, often filling gaps present 290 

in the original HCLIM data. In contrast, PHA tended to produce shorter series because of its stronger dependence 291 

a b 
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on neighbouring stations and overlap requirements. While HCLIM contains numerous gaps, all three 292 

homogenisation methods were generally able to reconstruct missing values and improve temporal continuity. An 293 

exception was observed for some stations in South-East Asia, where PHA occasionally retained gaps due to 294 

limited reference station availability. 295 

Bourges, France (GHCN_FR000007255), provides an illustrative example (Fig. 4a). Although the station record 296 

spans 1851–2013, the original HCLIM series contains a large gap between 1897 and 1945. The homogenisation 297 

methods used neighbouring stations to reconstruct this missing period, thereby producing a substantially more 298 

continuous record. A similar pattern is observed for Hanoi, Vietnam (GHCN_VMXLT492315), where a gap 299 

between 1921 and 1971 was largely reconstructed despite the station record spanning 1886–2013. 300 

 301 

  302 

Figure 4. Examples of gap reconstruction and improved temporal continuity following homogenisation. (a) Bourges, 303 

France (1851–2013), where a large gap between 1897 and 1945 in the original HCLIM record was reconstructed by 304 

the homogenisation methods. (b) Hanoi, Vietnam (1886–2013), where observations missing between 1921 and 1971 305 

were reconstructed. In both cases, CLIMATOL, BART, and PHA substantially improved record completeness relative 306 

to the original HCLIM series. 307 

3.1.3 Temperature distributions and extreme values 308 

Figure 5a illustrates the distribution of annual mean temperatures in the HCLIM and pre-processed datasets. 309 

Although all datasets originate from the same station base, the original HCLIM dataset exhibits a broader 310 

distribution with more pronounced tails. The disappearance of the low-temperature peak in the pre-processed 311 

datasets is primarily caused by the removal of records during the initial filtering step. As a result, the pre-312 

processed datasets show more compact and internally consistent distributions, reflecting method-specific data 313 

selection and screening procedures. Following homogenisation (Fig. 5b), the distributions converge and show a 314 

strong overlap across all methods, while the overall shape is largely preserved. This indicates that the 315 

homogenisation procedures reduce non-climatic variability without substantially altering the underlying 316 

temperature distribution. Remaining differences are minor and mainly confined to the distribution tails. The 317 

strong agreement across methods suggests that, in dense station networks such as France, automated 318 

homogenisation preserves the overall temperature distribution despite differences in record retention and pre-319 

processing. 320 

a b 
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 321 

Figure 5. Distribution of annual mean temperatures across datasets before and after homogenisation. 322 

(a) Kernel density distributions for the original HCLIM dataset and the pre-processed (non-homogenised) datasets 323 

(nHom_CLIMATOL, nHom_BART, nHom_PHA). Differences reflect variations in data availability and selection. 324 

(b) Kernel density distributions after homogenisation. The resulting datasets show a high degree of overlap across 325 

methods, with similar central tendencies and spread. 326 

While Figure 5 illustrates the overall temperature distributions before and after homogenisation, Table 3 327 

summarises the corresponding extreme values for HCLIM and the pre-processed datasets prior to homogenisation. 328 

Overall, a high degree of consistency is observed between HCLIM and the three pre-processed datasets. The most 329 

extreme temperature values and their corresponding stations remain nearly identical, indicating that record 330 

screening and pre-processing introduce only minor changes to the most extreme temperature values. For mean 331 

temperature, the same locations (Massawa and Ustjansk) consistently exhibit the highest and lowest values across 332 

all datasets, although small differences in magnitude are present (e.g., −19.4 °C versus −18.3 °C for the lowest 333 

mean temperature). Likewise, Verkhoyansk consistently records the lowest absolute minimum temperature, 334 

whereas Province Wellesley records the highest absolute minimum temperature across all datasets. Some variation 335 

is observed in maximum mean temperatures, where Cape Flora (Franz Josef Land) is replaced by Racine as the 336 

location of the lowest maximum mean temperature in certain methods (e.g., CLIMATOL and BART). 337 

Overall, the analyses indicate that the three pre-processing procedures differ substantially in terms of record 338 

retention and temporal coverage, particularly for short records. However, the principal characteristics of the 339 

temperature distributions and the most extreme temperature values are largely preserved across all datasets. This 340 

suggests that the subsequent homogenisation analyses are based on datasets that remain broadly representative of 341 

the original HCLIM record despite method-specific screening and selection procedures. 342 

Table 3. Highest and lowest mean, minimum, and maximum temperatures in HCLIM and the pre-processed datasets 343 

(nHom_CLIMATOL, nHom_BART, and nHom_PHA). 344 

Dataset/ Mean (highest, lowest °C) Minimum (lowest, highest °C) Maximum (highest, lowest °C) 

b 
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Methods 

HCLIM Massawa (29.9 °C) – 

Ustjansk (-19.4 °C) 

Verhojansk (-55.4 °C) – 

Province Wellesley (26.1 °C)  

Bikaner (40.7 °C) – 

Cape_Flora_Franz_Josef_Land 

(1.9 °C) 

nHom_CLIMATOL Massawa (29.9 °C) – 

Ustjansk (-18.3 °C) 

Verhojansk (-55.4 °C) – 

Province Wellesley (26.1 °C)  

Bikaner (40.7 °C) – 

Racine (2.8 °C) 

nHom_PHA Massawa (29.9 °C) – 

Ustjansk (-19.4 °C) 

Verhojansk (-55.4 °C) – 

Province Wellesley (26.1 °C) 

Bikaner (40.7 °C) – 

Cape_Flora_Franz_Josef_Land 

(1.9 °C) 

nHom_BART Massawa (29.9 °C) – 

Ustjansk (-18.3 °C) 

Verhojansk (-55.4 °C) – 

Province Wellesley (26.1 °C) 

Bikaner (40.7 °C) – 

Racine (2.8 °C) 

In the next section, we examine the homogenisation process and the resulting breakpoint characteristics in these 345 

datasets. 346 

3.2. Characterization of the breakpoints in the homogenised datasets  347 

This section compares the breakpoint characteristics identified by the three homogenisation methods at both 348 

global and regional scales. For reference, breakpoint detection based on the SNHT method applied to the original 349 

HCLIM dataset is also included. 350 

3.2.1. Comparison of Breakpoint Characteristics 351 

The initial step in the homogenisation process involved identifying breakpoints in both time and space. The three 352 

homogenisation methods applied in this study produced substantially different numbers of breakpoints in the 353 

homogenised datasets (hom_CLIMATOL, hom_BART, and hom_PHA). For comparison, breakpoint detection 354 

based on SNHT was also applied to the original HCLIM dataset. Among these, hom_BART yielded the highest 355 

number of breakpoints (14,851), whereas hom_PHA identified the fewest (2,676) across the global network. The 356 

hom_CLIMATOL dataset contained 3,186 breakpoints, while applying SNHT to the original HCLIM dataset 357 

resulted in 11,888 breakpoints. Consequently, the sensitivity assessment presented here should be interpreted in 358 

the context of these default configurations. It should be noted that both CLIMATOL and BART include 359 

adjustable parameters. Consequently, the breakpoint frequencies reported here reflect the parameter settings 360 

adopted in this study, and the sensitivity assessment should be interpreted within this configuration. 361 

 362 

Table 4 summarises the earliest breakpoint detected in each dataset together with the corresponding station and 363 

year. The earliest breakpoint (1662) was identified in the HCLIM dataset using the SNHT method at the Paris 364 

station. Among the homogenisation methods, the earliest breakpoint was detected by BART at Delft_Rijnsburg 365 

in 1727, followed by CLIMATOL at De Bilt in 1760. In contrast, the earliest breakpoint identified by PHA 366 

occurred considerably later, at De Bilt in 1865 for annual data. For monthly data, PHA first detected breakpoints 367 

in 1895, including stations such as De Bilt and Hamburg-Deutsche Seewarte (Table 4). Overall, these findings 368 

highlight the strong European dominance in early breakpoint detection, consistent with the early development of 369 

systematic meteorological observations in Europe (Dobrovolný et al., 2010). 370 

Table 4. Earliest detected breakpoint and corresponding meteorological station in the HCLIM dataset (based on 371 

SNHT) and in the homogenised datasets produced by CLIMATOL, PHA, and BART (hom_CLIMATOL, hom_PHA, 372 

and hom_BART). 373 
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Dataset/Methods Station Station ID Year  

HCLIM Paris EKF400v2t 1662 

hom_BART Delft_Rijnsburg KNMI-49_Delft_Rijnsburg 1727 

hom_CLIMATOL DeBilt KNMI_UBERN00575_DeBilt 1760 

hom_PHA DeBilt  KNMI_UBERN00575_DeBilt 1865 (annually) 

hom_PHA Hamburg_Deutsche-Seewarte 

(+ 27 other stations) 

15526 (and many more) 

 

1895 (monthly) 

3.2.2. Regional and Temporal Trends in Breakpoint Detection Rates Across Homogenisation Methods  374 

Figure 6 presents a heatmap of breakpoint detection rates (i.e., annual breakpoints per 1000 station-years) across 375 

meteorological networks over 40-year periods from 1701 to 2020 for the three homogenisation methods (BART, 376 

CLIMATOL, and PHA). This normalisation allows direct comparison across networks with different data 377 

availability. 378 

Overall, BART exhibits consistently higher breakpoint detection rates than CLIMATOL and PHA. In particular, 379 

during the period 1861–1900, BART shows elevated detection rates across networks in Africa, Australia, the 380 

Mediterranean, and the northeastern United States. This pattern is consistent with the fully automated 381 

implementation of BART in this study, which differs from its original semi-manual design (e.g. within HOMER; 382 

Joelsson et al., 2022). The higher detection rates likely reflect the automated and iterative application of 383 

predefined breakpoint detection criteria across the dataset. The absence of BART results for the Alaska and 384 

Pacific networks (Fig. 6) reflects cases where the method could not be applied successfully in these regions. 385 

  386 

Figure 6. Heatmap of breakpoint detection rates (i.e., annual breakpoint frequency per 1000 station-years) across 387 

meteorological networks for 40-year periods between 1701 and 2020, shown for the three homogenisation methods 388 

used in this study (BART, CLIMATOL, and PHA; left, middle, and right panels, respectively). Rows represent station 389 

networks, and columns represent 40-year intervals. The colour scale is intentionally non-linear to enhance the 390 
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visualization of differences across orders of magnitude. Increasing red intensity indicates higher breakpoint detection 391 

rates. Corresponding values are provided in Table S3 (Supplementary Material). 392 

Two main regional and temporal patterns emerge. First, prior to approximately 1860, all three methods exhibit 393 

relatively low breakpoint detection rates, reflecting the sparse observational coverage during the early 394 

instrumental period. During this early period (1701–1740), Europe, Scandinavia, and the UK show comparable 395 

breakpoint detection rates. PHA additionally identifies similar detection levels in parts of Asia and the 396 

southeastern United States. 397 

Second, after 1900, breakpoint detection rates increase markedly in the United States across all methods, most 398 

prominently for BART. This rise coincides with the expansion of meteorological observations associated with 399 

agricultural development, transportation, and settlement in newly incorporated territories (Fleming, 1990). In 400 

contrast, detection rates decline in the most recent period (1981–2020) across all methods, particularly for 401 

BART. This decrease likely reflects increased network stability, improved measurement practices, and reduced 402 

station relocations associated with the automation of observations, although reduced algorithm sensitivity may 403 

also contribute (WMO-No. 8, 2008; see Supplement S5). 404 

Overall, breakpoint detection increased with the expansion of observational networks but differed substantially 405 

among the three homogenisation methods, particularly in periods and regions with contrasting data availability. 406 

3.3. Evaluation of the homogenised datasets  407 

This section presents a comparison of the three homogenised datasets (hom_CLIMATOL, hom_BART, and 408 

hom_PHA) against the original HCLIM dataset (Section 3.3.1) and the 20CRv3 reanalysis (Section 3.3.2). In 409 

addition, RMSD-based comparisons are presented (Section 3.3.3). Together, these analyses evaluate how 410 

different homogenisation methods influence the resulting temperature series and their consistency with external 411 

reference datasets. Because HCLIM contains gaps and varying temporal coverage, comparisons with the 412 

homogenised datasets should be interpreted as differences between the original and reconstructed records rather 413 

than as deviations from a perfect reference series. 414 

 415 

3.3.1. Temperature variation among the homogenised datasets and the HCLIM dataset 416 

France and South-East Asia represent contrasting observational networks, with France characterised by a long 417 

and dense station network and South-East Asia by a sparser and more spatially heterogeneous observational 418 

coverage. To assess whether the homogenisation methods introduced systematic differences in annual mean 419 

temperature, one-way ANOVA and Tukey HSD tests were applied to the original HCLIM dataset and the three 420 

homogenised datasets (hom_CLIMATOL, hom_BART, and hom_PHA) for the common comparison period 421 

1895–2015. 422 

For France, the ANOVA revealed statistically significant differences among the datasets (F = 8.64, p = 1.02 × 423 

10⁻⁵). Tukey HSD showed that these differences were primarily attributable to contrasts between the original 424 

HCLIM dataset and the homogenised datasets (Fig. 7a). All three homogenised datasets exhibited significantly 425 

lower mean temperatures than HCLIM, with mean differences ranging from approximately 0.24 to 0.29 °C. In 426 

contrast, no statistically significant differences were detected among hom_CLIMATOL, hom_BART, and 427 

hom_PHA, indicating strong agreement between the homogenisation methods. No statistically significant 428 

differences were detected among hom_CLIMATOL, hom_BART, and hom_PHA. 429 
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For South-East Asia, the ANOVA also identified significant differences among the datasets (F = 11.3, p = 2.16 × 430 

10⁻⁷). However, the Tukey HSD results indicate that the significance was primarily driven by the CLIMATOL 431 

dataset (Fig. 7b). Mean annual temperatures in hom_CLIMATOL were significantly higher than those in HCLIM 432 

(+0.323 °C, p = 0.002), hom_BART (−0.411 °C, p < 0.001), and hom_PHA (−0.427 °C, p < 0.001). No 433 

significant differences were detected between HCLIM, hom_BART, and hom_PHA. Unlike France, where 434 

HCLIM differed systematically from all homogenised datasets, the South-East Asian results suggest that the 435 

observed differences are largely associated with CLIMATOL, while BART and PHA remain statistically 436 

consistent with the original HCLIM data. 437 

  438 

Figure 7. Tukey HSD pairwise comparisons of annual mean temperatures between HCLIM and the homogenised 439 

datasets (hom_CLIMATOL, hom_BART, and hom_PHA) during the common period 1895–2015. Points indicate 440 

estimated mean differences, and horizontal lines represent 95 % family-wise confidence intervals. The vertical dashed 441 

line denotes zero difference. (a) France. Significant differences are observed between HCLIM and all three 442 

homogenised datasets, whereas no significant differences occur among the homogenised datasets themselves. (b) 443 

South-East Asia. Significant differences are primarily associated with hom_CLIMATOL, while HCLIM, hom_BART, 444 

and hom_PHA do not differ significantly from one another. 445 

The Taylor diagrams (Fig. 8; Taylor, 2001) compare the homogenised datasets with the original HCLIM dataset for France 446 

and South-East Asia using standard deviation, correlation, and centred RMSD. In both regions, all homogenised datasets 447 

exhibit very high correlations with HCLIM (r ≈ 0.98–0.99), indicating that the homogenisation procedures largely preserve 448 

the temporal variability and overall climatic signal of the original records. 449 

For France (Fig. 8a), the three homogenised datasets cluster closely around the HCLIM reference point, exhibiting nearly 450 

identical standard deviations (≈ 1.9 °C) and very low centred RMSD values (< 0.3 °C). Only minor differences are apparent, 451 

with hom_BART showing a slightly lower standard deviation than the other methods. In South-East Asia (Fig. 8b), 452 

correlations remain similarly high, although the datasets display a somewhat larger spread in standard deviation and centred 453 

RMSD, reflecting the lower station density and greater spatial heterogeneity of the network. Hom_CLIMATOL most closely 454 

reproduces the standard deviation of HCLIM, whereas hom_BART exhibits slightly reduced variability and hom_PHA 455 

slightly enhanced variability. Nevertheless, all three methods remain tightly clustered near the HCLIM reference point, 456 

demonstrating that the principal characteristics of the climate signal are preserved across methods. 457 

This consistency is particularly evident for CLIMATOL and BART, which generally produce longer and more complete 458 

temperature series than the original HCLIM dataset. CLIMATOL typically generates the most continuous records, while BART 459 

also reconstructs missing periods but applies stricter selection criteria that limit the inclusion of shorter records. Although such 460 

reconstructions require additional methodological assumptions, the strong agreement among the homogenised datasets suggests 461 

a b 
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that the principal climatic characteristics are reproduced consistently despite differences in record completeness and 462 

homogenisation strategy. 463 

 464 

Figure 8. Taylor diagrams comparing the homogenised datasets (hom_CLIMATOL, hom_BART, and hom_PHA) with 465 

the original HCLIM dataset for the common period 1895–2015. The diagrams summarise agreement in terms of 466 

correlation, standard deviation, and centred root mean square difference (RMSD). The open circle on the x-axis 467 

represents the HCLIM reference dataset. Datasets located closer to the reference point indicate stronger agreement. 468 

(a) France, representing a dense and well-connected observational network. (b) South-East Asia, representing a 469 

sparser and more spatially heterogeneous network. In both regions, correlations are very high (r ≈ 0.98–0.99), while 470 

the homogenised datasets exhibit only minor differences in variability and RMSD relative to HCLIM. The slightly 471 

larger spread in South-East Asia reflects greater network sparsity and regional heterogeneity. 472 

3.3.2 Temperature variations among the homogenised datasets and 20CRv3 dataset 473 

Based on STL decomposition, both deseasonalised and trend components were analysed to evaluate agreement 474 

between HCLIM, the homogenised datasets, and 20CRv3. Figure 9 provides insights into the effects of 475 

homogenisation on temperature records at the Paris and Jakarta station. At the Paris station, the HCLIM dataset 476 

provides the longest record, spanning 1658–2018 (360 years), whereas the homogenised datasets show shorter 477 

coverage. These differences reflect methodological requirements, particularly the need for sufficient overlap and 478 

reliable reference series, which constrain the effective length of homogenised records. Both hom_BART and 479 

hom_CLIMATOL begin in 1757 (263 years), while hom_PHA has the shortest record, starting in 1895, reflecting 480 

more restrictive data requirements (Menne and Williams, 2009). The 20CRv3 dataset begins in 1836, providing 481 

intermediate coverage (Fig. 9a). Despite the shorter record length, homogenisation enhances temporal consistency 482 

by reducing short-term variability and revealing clearer long-term trends. In particular, hom_CLIMATOL shows 483 

a smoother evolution compared to the original HCLIM dataset, while hom_BART indicates a slight temperature 484 

increase towards the end of the record. At the Jakarta station, the relative dataset coverage differs substantially 485 

from Paris. Here, 20CRv3 provides the longest record (1836–2012, 176 years), followed by hom_CLIMATOL 486 

(1863–2020, 157 years). In contrast, HCLIM covers a shorter period (1866–1970, 104 years), similar to 487 

hom_BART, while hom_PHA again shows the shortest coverage (1895–1969, 73 years) (Fig. 9b). 488 

a b 
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Overall, the homogenised, deseasonalised, and smoothed datasets show good agreement at the Paris station, with 489 

only minor differences between methods. In contrast, larger discrepancies are observed at the Jakarta station. In 490 

particular, a sudden temperature increase of approximately 1°C is evident in the HCLIM dataset around 1953 in 491 

the deseasonalised series (Fig. 9b), likely reflecting a non-climatic breakpoint associated with station relocation, 492 

instrumentation changes, or changes in observing practices. Such discontinuities are common in early 493 

instrumental records and highlight the importance of homogenisation for ensuring temporal consistency (Aguilar 494 

et al., 2003; Menne and Williams, 2009; Venema et al., 2012). This feature is consistent with documented 495 

inhomogeneities in the Jakarta Observatory record, related to transitions between observational sites and changes 496 

in station exposure, including the shift from Batavia Observatory to Kemayoran station (Siswanto et al., 2015). 497 

The absence of this discontinuity in the hom_CLIMATOL dataset suggests that CLIMATOL has successfully 498 

detected and corrected the inhomogeneity, likely through comparisons with neighbouring reference stations 499 

(Guijarro, 2018; Venema et al., 2012). 500 

Despite these differences, all datasets at both stations exhibit a consistent long-term warming trend over recent 501 

decades, in agreement with previous studies (Brönnimann, 2022). 502 

 503 

  504 

Figure 9. Temperature records (°C) for the Paris (a) and Jakarta (b) stations. The left column shows, from top to 505 

bottom, the original HCLIM dataset, the homogenised datasets (hom_CLIMATOL, hom_BART, and hom_PHA), and 506 

the 20CRv3 dataset. The middle column shows the corresponding deseasonalised series, and the right column shows 507 

the trend component (i.e. the smoothed series after removal of the seasonal cycle).  508 

To further assess dataset quality relative to 20CRv3, correlations were computed based on STL-derived 509 

trend and deseasonalised components, as shown in Figure 10, for the homogenised datasets 510 

(hom_CLIMATOL, hom_BART, and hom_PHA) and HCLIM across 24 stations in the French and South -511 

East Asian networks. Strong correlations are observed across the French network. For both the trend and 512 

deseasonalised time series (Fig. 10a,b), the Paris station shows high agreement with 20CRv3, with 513 

correlation values of 0.92, 0.92, 0.90, and 0.89 for the trend component, and 0.96, 0.96, 0.95, and 0.95 for 514 

the deseasonalised series (HCLIM, hom_CLIMATOL, hom_BART, and hom_PHA, respectively). Overall, 515 

CLIMATOL and HCLIM show the highest agreement with 20CRv3 in the French network, with mean 516 

correlations of 0.92 for the trend component and 0.96 for the deseasonalised series.  517 

In contrast, correlations are lower and more variable across the South-East Asian network (Fig. 10c,d), 518 

reflecting the sparser and more heterogeneous observational conditions. At the Jakarta station, correlations 519 

for the trend component are moderate, with median values ranging from approximately 0.45 to 0.60, and 520 

b 
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hom_BART showing the highest agreement with 20CRv3. For the deseasonalised series, correlations 521 

increase across all datasets, indicating improved agreement once the seasonal cycle is removed. In this case, 522 

hom_BART and hom_PHA show the highest correlations, although substantial variability remains across 523 

methods. These results indicate that homogenisation improves consistency with reanalysis data, particularly 524 

for deseasonalised temperature series, while differences between methods remain more pronounced in data -525 

sparse regions such as South-East Asia. 526 

   527 

 528 

    529 

Figure 10. Boxplots of correlations of the trend (a, c) and the deseasonalised (b, d) components of the HCLIM 530 

and the homogenised datasets using BART, CLIMATOL, and PHA homogenisation methods (i.e., 531 

hom_CLIMATOL, hom_BART, and hom_PHA) against the 20CRv3 dataset for 20 stations in the French (a, b) 532 

as well as the South-East Asian (c, d) networks. The marker (X) in panels a and b represent the Paris station, 533 

while the X in c and d represents the Jakarta stations.  534 

3.3.3 Differences between the homogenised datasets and HCLIM 535 

To evaluate the impact of homogenisation, the root mean squared deviation (RMSD) was calculated between the 536 

homogenised datasets (hom_CLIMATOL, hom_BART, and hom_PHA) and the original HCLIM dataset at eight 537 

representative stations: Paris, Turin, Trondheim, Charleston, Funchal, Rio de Janeiro, Calcutta, and Sydney 538 

(Figure 11). These stations were selected because they provide long and continuous temperature records across 539 

different climatic regions, including well-documented European stations with dense observational networks. In 540 

this study, RMSD quantifies the magnitude of differences between the homogenised datasets and the original 541 

HCLIM dataset, providing an integrated measure of how strongly each method modifies the series in response to 542 

detected inhomogeneities.  543 

a b 

d c 
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 544 

Figure 11. Root mean squared deviation (RMSD) between the homogenised datasets (hom_CLIMATOL, hom_BART, 545 

and hom_PHA) and the original HCLIM dataset for eight representative meteorological stations  (i.e., Calcutta1, 546 

Charleston2, Funchal3, Paris4, Rio de Janeiro5, Sydney6, Torino7, and Trondheim8). While the hom_BART dataset 547 

generally has smaller RMSD values compared to hom_CLIMATOL, the Funchal station has the highest RMSD in the 548 

hom_CLIMATOL dataset.  549 

RMSD values varied considerably among both the homogenisation methods and the eight stations (Figure 11). 550 

At Funchal, hom_CLIMATOL produced a very high RMSD value (2.65), whereas considerably lower values 551 

were obtained for hom_BART (0.53) and hom_PHA (1.20). Similarly, relatively large RMSD values were 552 

observed for hom_CLIMATOL at Rio de Janeiro (1.25), while hom_BART produced a much lower value (0.19). 553 

In contrast, several stations showed relatively low RMSD values across all homogenisation methods. At 554 

Calcutta, the RMSD values were 0.09, 0.08, and 0.002 for hom_CLIMATOL, hom_BART, and hom_PHA, 555 

respectively. Comparable values were observed at Sydney (0.26, 0.39, and 0.26) and Trondheim (0.03, 0.14, and 556 

0.14). At Paris, hom_CLIMATOL produced the lowest RMSD value (0.036), whereas higher values were 557 

obtained for hom_BART (0.21) and hom_PHA (0.99). 558 

4. Discussion  559 

This study compared the homogenised datasets derived from the early instrumental HCLIM dataset using three 560 

automatic homogenisation methods. The pre-processed datasets show minor differences. The main distinction 561 

among these datasets is their retention rate: nHom_BART preserved about 80% of HCLIM records, while 562 

 
1 PALAEO-RA_Global-Datasets_Dove-441_181601-184312_ta_monthly_merged 
2 BERKELEY_EARTH-HadleyCentreCRUpartialdatacollection_BE-67539_182301-

201105_ta_monthly_merged 
3  GHCN_v4_qcf_GHCN_PO000008522_186501-202112_ta_monthly_merged 
4 Hclim_EKF400_EKF400v2t_002_165801-201812_ta_monthly_merged 
5 BERKELEY_EARTH-HadleyCentreCRUpartialdatacollection_BE-64963_183201-

199108_ta_monthly_merged 
6 GHCN_v4_qcf_GHCN_ASN00066062_185901-202012_ta_monthly_merged 
7  ISTI_00122_Torino_1760_2009_ta_monthly_merged 
8  BERKELEY_EARTH-HadleyCentreCRUpartialdatacollection_BE-19012_176201-

201105_ta_monthly_merged 
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nHom_CLIMATOL and nHom_PHA contained 96% and 99%, respectively. CLIMATOL and PHA demonstrated 563 

greater tolerance for shorter series, which resulted in denser spatial coverage. This can be an advantage, 564 

particularly in data-sparse regions, as it improves the representation of small-scale variability. However, shorter 565 

records may reduce the reliability of the resulting adjustments. Despite these differences, all three methods 566 

demonstrated strong consistency in retaining the most valuable records, specifically the longest time series and 567 

the most extreme temperature values. The pre-processed datasets retained most extreme temperature values from 568 

the original HCLIM records, indicating that the initial homogenisation step did not obscure climatic extremes. 569 

This is a critical outcome, as pre-processed records often serve as anchors for understanding past climate 570 

variability and extremes (Jones et al., 2002; Brázdil et al., 2010; Brönnimann et al., 2015, 2018). An important 571 

aspect of the present study is that the homogenised datasets are not being evaluated against a complete and error-572 

free reference record. HCLIM represents a unique collection of early instrumental observations, but many of the 573 

underlying series contain gaps, varying temporal coverage, and periods of limited observational continuity. 574 

Consequently, differences between HCLIM and the homogenised datasets should not automatically be 575 

interpreted as homogenisation artefacts. Rather, they often reflect the ability of the homogenisation algorithms to 576 

reconstruct a temporally coherent climate signal from incomplete observations. CLIMATOL generally produced 577 

the longest and most continuous temperature series, whereas PHA was more conservative and retained shorter 578 

records and BART retained fewest records (≈80 %) because of its stricter selection criteria. The broad agreement 579 

among the homogenised datasets despite these differences suggests that the major climatic characteristics are 580 

reproduced consistently, even when substantial data reconstruction is required. This interpretation is consistent 581 

with the Tukey HSD and Taylor diagram results. These findings suggest that automated homogenisation can 582 

substantially enhance the value of fragmented early instrumental observations for climate research. This is 583 

particularly important because many seventeenth- to nineteenth-century records remain underutilised in climate 584 

reconstructions owing to gaps and non-climatic discontinuities. 585 

 586 

BART detected more breakpoints than CLIMATOL and PHA, reflecting its iterative adjustment procedure and 587 

greater sensitivity to potential inhomogeneities. This increased the likelihood of identifying subtle artificial shifts 588 

but may also increase the risk of false positives and over-adjustment in sparse networks with limited reference 589 

series (Lindau and Venema, 2015). In contrast, CLIMATOL and PHA applied more conservative criteria, 590 

reducing the risk of excessive corrections but potentially overlooking smaller discontinuities, resulting in 591 

possible under-homogenisation (Domonkos et al., 2021; Lindau et al., 2015). Method performance is further 592 

influenced by factors such as network density, natural climate variability, and methodological design, including 593 

the degree of iteration and automation (Menne and Williams, 2009; Gubler et al., 2017; Venema et al., 2012). 594 

Methods using more iterative adjustment procedures tend to be more sensitive, whereas conservative approaches 595 

prioritise stability and are less likely to adjust weaker signals. Consequently, the choice of homogenisation 596 

method requires careful consideration of the trade-off between over- and under-correction (Costa and Soares, 597 

2009). The spatial distribution of the retained records also reflects the historical development of meteorological 598 

observing networks. The predominance of European records in the homogenised datasets is consistent with 599 

Europe's long tradition of systematic meteorological measurements and relatively strong institutional support for 600 

data collection and archiving. In many regions outside Europe, early instrumental records remain sparse, 601 
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fragmentary, or poorly documented, limiting their usefulness for homogenisation analyses (Parker et al., 2000; 602 

Jones, 2001; Camuffo et al., 2023; Brönnimann et al., 2019).  603 

The case of De Bilt, one of Europe’s longest continuous temperature series, illustrates how metadata and 604 

statistical methods can converge on the same breakpoint, in this case as early as 1727, thereby increasing 605 

confidence in the homogenised record (Brandsma and Können, 2006; Brönnimann et al., 2019). The pronounced 606 

increase in breakpoint detection after the 1860s coincides with the rapid expansion of meteorological networks in 607 

Europe and North America, including developments such as the U.S. Army Signal Corps and the establishment 608 

of the U.S. Weather Bureau (Harper, 2008; Easterling et al., 2016). While these expanding networks improved 609 

spatial coverage, they also introduced new sources of inhomogeneity. 610 

Conversely, the decline in breakpoint detections after 1980 likely reflects increasing automation, instrument 611 

standardisation, and improved observing practices. Overall, the observed breakpoint patterns highlight the 612 

combined influence of historical data availability, network development, and methodological sensitivity. As 613 

meteorological observing systems evolve, breakpoints remain an inevitable feature of long-term climate records, 614 

making their identification and correction essential for producing reliable climate datasets (Aguilar et al., 2003; 615 

Venema et al., 2012; Menne and Williams, 2009; Trewin, 2010). 616 

RMSD analyses indicated that all methods generally preserved the large-scale climate signal, although station-617 

specific differences remained. Higher RMSD values at Funchal and Rio de Janeiro likely reflect complex local 618 

conditions and sparse reference networks. BART generally produced the lowest RMSD values, whereas 619 

CLIMATOL showed greater regional variability. PHA performed best at selected stations, particularly Charleston 620 

and Calcutta. However, no single method consistently outperformed the others across all regions and stations. 621 

Comparisons with 20CRv3 revealed clear regional differences. Correlations were generally higher and more 622 

consistent in the dense French network than in the sparser South-East Asian network, reflecting the strong 623 

influence of network density and data availability on both homogenisation performance and reanalysis 624 

agreement (Menne and Williams, 2009; Gubler et al., 2017). These findings are consistent with previous studies 625 

showing that reanalyses perform best in well-observed regions, whereas sparse observational networks are more 626 

strongly affected by observational uncertainty and natural variability (Compo et al., 2011; Brönnimann et al., 627 

2018; Rayner et al., 2003). 628 

Although BART generally showed the strongest agreement with 20CRv3, no single homogenisation method 629 

proved universally superior. Method performance depended strongly on network density, temporal coverage, and 630 

station availability, confirming earlier benchmarking studies (Venema et al., 2012; Gubler et al., 2017; 631 

Domonkos et al., 2021). Consistent with the Taylor diagrams, all three methods converge towards a similar 632 

large-scale climatic signal despite differences in breakpoint detection and adjustment procedures. 633 

Methodological differences become more apparent in data-sparse regions. Several limitations should be 634 

acknowledged. First, the spatial coverage of early instrumental observations remains highly uneven, with Europe 635 

being substantially better documented than many tropical and high-latitude regions. Second, the analysis relied 636 

exclusively on automated homogenisation methods; incorporating metadata-based or semi-automated approaches 637 

could further improve results for historically complex series. Third, only monthly temperature data and a single 638 

reanalysis product (20CRv3) were evaluated. Future work should therefore include daily observations, additional 639 

reanalyses such as ERA5 and JRA-55, and further exploration of machine-learning and data-assimilation 640 

approaches for breakpoint detection and adjustment.  641 
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More importantly, the objective is not to identify which method most closely reproduces the original HCLIM 642 

dataset. Because HCLIM itself contains gaps and varying temporal coverage, the more relevant question is how 643 

effectively different methods reconstruct a climatically plausible and temporally coherent climate signal. The 644 

homogenised datasets show broad agreement in their representation of historical temperature variability. Overall, 645 

the results demonstrate that large-scale automated homogenisation is feasible even for highly heterogeneous 646 

early instrumental datasets such as HCLIM. While methodological differences remain, particularly in data-sparse 647 

regions, robust climatic signals can nevertheless be recovered from incomplete historical observations. This 648 

represents an important step towards the systematic integration of early instrumental records into climate 649 

reconstructions and reanalysis frameworks. These findings demonstrate that automated homogenisation provides 650 

a practical pathway for incorporating fragmented early instrumental observations into future climate 651 

reconstructions and reanalysis products, thereby extending the observational basis for understanding long-term 652 

climate variability. 653 

5 Conclusions 654 

In this study, three automated homogenisation methods (CLIMATOL, PHA, and BART) were applied to the 655 

HCLIM dataset, and the resulting homogenised datasets were evaluated using breakpoint analyses, comparisons 656 

with the 20CRv3 reanalysis, and RMSD-based assessments. The pre-processed datasets showed broadly 657 

consistent characteristics, with CLIMATOL and PHA retaining nearly all HCLIM records (96–99 %), whereas 658 

BART retained fewer records (≈80 %). Breakpoint analyses indicated that BART detected the largest number of 659 

breakpoints, whereas CLIMATOL and PHA produced fewer breakpoint detections overall. Comparisons with 660 

20CRv3 and RMSD analyses further demonstrated that the methods differ in their adjustment behaviour, with 661 

outcomes varying according to network density, temporal coverage, and data availability. 662 

The results highlight important contrasts between dense and sparse observational networks. The French network, 663 

characterised by high station density and relatively homogeneous observing practices, yielded more consistent 664 

results across all methods. In contrast, the South-East Asian network exhibited greater spatial heterogeneity, 665 

larger observational uncertainties, and stronger methodological differences. Nevertheless, all three 666 

homogenisation methods preserved the large-scale climate signal and converged towards similar representations 667 

of historical temperature variability despite differences in breakpoint detection and adjustment strategies. 668 

Overall, the results demonstrate that large-scale automated homogenisation is feasible even for highly 669 

heterogeneous early instrumental datasets such as HCLIM. While methodological differences remain, 670 

particularly in data-sparse regions, robust climatic signals can be recovered from incomplete historical 671 

observations. These findings demonstrate that automated homogenisation provides a practical framework for 672 

improving the usability of fragmented early instrumental observations, thereby supporting their integration into 673 

future climate reconstructions and reanalysis products. 674 

Practical implications 675 

More broadly, these results highlight the value of comparing multiple homogenisation approaches when 676 

evaluating historical climate records. Cross-validation across methods reduces methodological uncertainty, 677 

increases confidence in long-term trends, and provides a more robust basis for analysing climate variability and 678 

change across regions and centuries. The strong agreement among the homogenised datasets further suggests that 679 
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robust climatic signals can be reconstructed consistently despite differences in breakpoint detection and 680 

adjustment strategies. 681 

Our findings also emphasise the importance of homogenised station datasets for studies of historical climate 682 

variability. Early instrumental observations often contain gaps, inconsistencies, and changes in observational 683 

practice, and homogenisation plays a critical role in reconstructing temporally coherent climate records. While 684 

reanalyses such as 20CRv3 provide invaluable large-scale spatial coverage and physically consistent climate 685 

fields, their quality remains dependent on the availability and distribution of assimilated observations, 686 

particularly during the early instrumental period. The Jakarta case study illustrates how sparse observational 687 

coverage can limit the reliability of reanalysis products at regional scales. 688 

Consequently, homogenised station datasets such as HOM-HCLIM; 689 

https://doi.pangaea.de/10.1594/PANGAEA.988345, dataset in review)  (Lundstad et al., in review) should be 690 

regarded as an essential foundation for historical climate analyses whenever observational records are available. 691 

At the same time, reanalyses provide important complementary information by placing local observations into a 692 

broader spatial context. The combined use of homogenised observations and reanalysis products therefore offers 693 

a particularly powerful framework for reconstructing past climate variability and long-term climate change. 694 

Code and data availability 695 

The R code used for formatting, quality control, breakpoint detection, and homogenisation is publicly available 696 

at: https://github.com/elinlun/hom-HCLIM. The homogenisation software CLIMATOL is openly accessible via 697 

CRAN (CLIMATOL): https://cran.r-project.org/web/packages/climatol/index.html (CRAN, 2022). Information 698 

about other codes can be obtained from the corresponding author upon request. The STL codes: 699 

https://github.com/hafen/stlplus. The instrumental series are stored in monthly SEF files in HCLIM database: 700 

The best homogenised dataset can be downloaded here: https://doi.pangaea.de/10.1594/PANGAEA.988345.  701 
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