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Abstract. We present version 2 of the Berkeley Earth Surface Temperature dataset, a global observational temperature record that 

now features enhanced spatial resolution (0.25° × 0.25°) and a new regression Kriging framework that incorporates physically 

informed predictive fields. The land analysis uses 58,311 weather stations, updated to reflect the latest source archives, and includes 

separate reconstructions for TAVG (1750–present), TMAX, and TMIN (both 1850–present). Sea surface temperatures are derived 10 

from HadSST4, with spatial detail improved using predictors from the ORAS5 ocean reanalysis. The land and ocean fields are 

merged into a unified product with a refined coastal blending method. A new uncertainty ensemble is introduced to quantify 

reconstruction and coverage uncertainty, enabling propagation of errors into derived metrics. The resulting Berkeley Earth Surface 

Temperature – High-Resolution (BEST-HR) dataset offers a globally complete, monthly resolved temperature product suitable for 

applications ranging from global trend analysis to regional climate impact assessments.  The current BEST-HR dataset described 15 

in this paper has been archived at Zenodo DOI: 10.5281/zenodo.20428381 alongside the merged weather station data used to 

generate it DOI: 10.5281/zenodo.20427092.  Monthly updates to these datasets will be provided primarily through the Berkeley 

Earth website.  

1 Introduction 

Gridded global temperature data sets that combine land-surface air temperature (LSAT) with sea-surface temperature (SST) 20 

underpin almost every quantitative assessment of modern climate change. They form the baseline for tracking the pace of warming, 

estimating equilibrium climate sensitivity, detecting shifts in extremes, and evaluating the performance of coupled climate models 

such as those submitted to CMIP6. Recognising this pivotal role, the Global Climate Observing System (GCOS) designates LSAT 

and SST as essential climate variables (ECVs). Yet the most widely used products were designed for global or continental-scale 

diagnostics with spatial resolutions (2°–5° latitude × longitude) that are too coarse for many emerging applications–including 25 

regional attribution studies, urban-heat assessment, impact modelling, and place-based adaptation or mitigation planning. 

Here we introduce Berkeley Earth Surface Temperature – High-Resolution (BEST-HR), a 0.25° × 0.25° global data set that delivers 

monthly LSAT for mean, max, and min temperature and combined land-and-ocean mean temperature fields from 1750 (land) / 

1850 (land and ocean) to the present. BEST-HR is built on 58,311 quality-controlled surface stations and the latest HadSST4 

marine observations. These are mapped with a regression-Kriging framework that leverages frequently recurring spatial weather 30 

patterns extracted from ERA5 reanalysis and high-resolution topography. Separate land and ocean analyses are first performed–

respectively honouring station metadata, lapse-rate effects and marine bias adjustments–and are then merged through a weighted 

least-squares blend across the coastline buffer to ensure physical continuity. 
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1.1 Existing global temperature products 

The previous Berkeley Earth data set (Rohde et al., 2013a,b; Rohde & Hausfather, 2020) provides monthly temperature anomalies 35 

on a 1° grid. It has been featured in the IPCC Sixth Assessment Report (AR6 WG I) and the World Meteorological Organization’s 

State of the Climate statement alongside other global records: the instrumental blends HadCRUT5 Analysis (Morice et al., 2021), 

NOAAGlobalTemp v6 (Huang et al., 2022; Yin et al., 2024), NASA GISTEMP v4 (Lenssen et al., 2019), China-MST3-Imax (Sun 

et al., 2022; Li et al., 2026) and DCENT-I (Chan et al., 2026), plus the reanalysis-based products ERA5 (Hersbach et al., 2020) 

and the newly released JRA-3Q (Kosaka et al., 2024). A recent community assessment of global warming since 1850 (Thorne et 40 

al., 2026) additionally used GloSATref (Morice et al., 2025), COBE-STEMP3 (Ishii et al., 2025), CMA-GMST (Chen et al., 2025), 

HadCRU_MLE_v1 (Calvert, 2024a), DCENT_MLE_v1 (Calvert, 2024b), and Kadow et al. (2021) to calculate its consensus 

estimate of global warming. Figure 1 compares global average anomaly time series of BEST-HR with those of other datasets. 

 
Figure 1: Time series of global annual mean surface temperature anomalies, except for GloSATref, where surface air temperatures 45 

are used for sea regions. The shaded region reflects the 95 % uncertainties of Berkeley Earth HR. Other datasets include China-

MST3-Imax, CMA-GMST, HadCRU_MLE, DCENT_MLE, and Kadow et al. Anomalies and uncertainties are relative to the 

1981–2010 reference period. 

As described by Thorne et al. (2026), these datasets differ in their source datasets, bias corrections, and spatial infilling techniques. 

Sea temperatures are one of the largest sources of differences, with BEST-HR, along with HadCRUT5, HadCRU_MLE, and 50 

Kadow et al., relying on sea surface temperatures (SSTs) from HadSST4 (Kennedy et al., 2019). Other datasets use alternative 

SST datasets (e.g., ERSSTv6, Huang et al., 2025; COBE-SST3, Ishii et al., 2025; DCSST, Chan et al. 2024) or marine air 

temperature (MAT) datasets (i.e., GloSATMAT, Morice et al., 2025). BEST-HR uses its unique land surface air temperature 

(LSAT) methodology that automatically detects breakpoints to split and bias correct station time series during the averaging 

process; LSAT datasets used by other global datasets rely on pre-processed homogenization methods, including automated 55 

procedures to adjust station time series (e.g., GHCNv4, Menne et al., 2018; DCLSAT, Chan et al., 2024) and/or adjustments made 

by national agencies (e.g. CRUTEM5, Osborn et al., 2021). For spatial infilling, BEST-HR relies on Gaussian process regression 
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(i.e. regression Kriging) using distance-based spatial correlation functions and predictive fields derived from historical weather 

patterns. Kriging-based approaches with distance-based correlation functions have also been adopted by other recent data sets (e.g., 

HadCRUT5, GloSAT, DCENT-I) though often without the use of predictive fields. Other datasets may use spatial patterns without 60 

Kriging (e.g., COBE-STEMP3, NOAA GlobalTemp) or neural networks (Kadow et al., 2018; NOAA GlobalTempv6; Qian et al., 

2026) to infill data gaps. 

Atmospheric reanalyses such as ERA5 and JRA-3Q provide physically consistent multi-variable fields at high temporal resolution 

but rely on data-assimilation systems that may under-represent early-period uncertainties and can drift when the observing system 

changes. ERA5 begins in January 1940 and JRA-3Q in September 1947, both report high spatial resolutions (0.25° and ~0.375°, 65 

respectively). Reanalysis in the modern era relies heavily on satellite data, augmented by surface observations–especially pressure, 

humidity and winds–plus atmospheric profiles from radiosondes / aircraft and marine data from ships and buoys. Before the satellite 

era (late 1970s) only the surface and upper-air observations were available, necessarily leading to larger analysis errors. The vast 

and qualitative changes in the inputs available for reanalysis also creates a risk of model drift, which can present as spurious trends. 

A further caveat is that ERA5 and JRA-3Q do not directly assimilate most weather-station temperature measurements. Historical 70 

surface stations typically reported only daily maximum and minimum temperatures without reporting the time of day that these 

measurements occurred, yet four-dimensional variational (4D-Var) assimilation schemes require the observation time to apply 

dynamical constraints. Consequently, land-surface temperature in reanalyses is derived largely from model physics constrained by 

other variables, rendering the reanalysis fields semi-independent of station temperature observations. The marine component, by 

contrast, does assimilate SST observations, which is made possible by their lower diurnal variability which makes precise 75 

knowledge of the measurement time less important. 

Figure 2 provides an example of how BEST-HR compares to the three other high resolution data products (ERA5, JRA-3Q, COBE-

STEMP3) and two lower resolution observational data sets, including the previous Berkeley Earth product. We note that COBE’s 

products, which focus on ocean reconstruction, provide 0.25° resolution for oceans but only 1° resolution for land. 

 80 
Figure 2: Example comparison of Berkeley Earth HR and Berkeley Earth LR with three other high-resolution datasets and one 

low resolution dataset (HadCRUT5). April 2021 temperature anomalies in °C for California relative to 1981–2010 are shown. Air 

temperatures instead of sea surface temperatures were used for ERA5 and JRA-3Q. For COBE-STEMP3, 0.25° resolution COBE-

SST3 is shown for ocean cells. 

1.2 Motivation for a higher-resolution Berkeley Earth product 85 

User demand for high-resolution, observation-based climate data has grown rapidly in recent years. National meteorological 

services rely on spatially resolved temperature fields to assess climate trends and extremes at the sub-national level. Cities and 

regional planners need fine-scale data to design and evaluate heat adaptation strategies, especially in rapidly urbanizing and 

warming regions. Meanwhile, global and regional climate models require bias correction against observational baselines–
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preferably with consistent long-term coverage and well-characterized uncertainties–to support multi-sector impact modelling and 90 

risk assessments. 

However, many of the global temperature products currently available are too coarse in resolution (1°–5°) or too short in duration 

to support these applications directly. While reanalysis products like ERA5 and JRA-3Q offer higher resolution and physically 

consistent fields, they rely on complex data assimilation systems and are heavily influenced by satellite-era observations and model 

dynamics. In particular, reanalyses do not directly assimilate most land-surface temperature observations, which limits their fidelity 95 

in replicating true near-surface temperature trends over land. As such, long-term observational temperature records remain the 

most direct and traceable evidence for quantifying how the surface climate has evolved over the past two centuries. 

Yet generating a fine-resolution observational data set from raw station data is non-trivial. Station density is uneven–often sparse 

in mountainous, polar, and developing regions–and local effects such as elevation, land cover, and orography play a larger role at 

finer spatial scales. Interpolation methods that ignore these factors will produce biased estimates, especially in regions with strong 100 

gradients. A method that is both physically informed and statistically robust is therefore needed. 

In the original Berkeley Earth datasets, Kriging with a modelled covariance structure and auxiliary baseline parameters is used as 

the method of interpolating weather station temperatures while accounting for potential biases and structural variations such as 

those caused by topographic variability. This has proven very effective, but can produce fields that are unrealistically smooth at 

small scales, especially when weather station observations are sparse. With a few modest modifications, it is possible to construct 105 

fields that more accurately describe small-scale temperature variability. 

Regression Kriging offers a natural approach to this challenge. In this method, the existing Kriging approach is supplemented with 

auxiliary predictors–such as empirically derived recurring weather patterns and topographic information–to better reproduce the 

spatial structure during interpolation. In this context, the residuals not explained by the predictive fields (i.e., the differences 

between observed station values and regression estimators) are what we spatially interpolate using our distance-based correlation 110 

function, which captures the local variations that cannot be explained by the predictors alone. Some previous studies also combined 

spatial pattern approaches with distance-based correlation functions (Calvert, 2024a; Ishii et al., 2025). 

This two-stage approach combines the predictive power of physically relevant covariates with the flexibility and spatial consistency 

of geostatistical interpolation, producing a continuous temperature field that: 

§ Accurately reflects observed station values, 115 

§ Captures fine-scale spatial variation in regions with dense station coverage, 

§ Smoothly extrapolates into data-sparse areas based on physical predictors 

When applied consistently over a long time series–such as in the Berkeley Earth Surface Temperature – High-Resolution (BEST-

HR) product–this method provides a spatially explicit, observationally anchored record of surface temperature that supports both 

global climate tracking and localized impact assessments. Moreover, by re-analyzing the full historical archive (back to 1750 over 120 

land), BEST-HR enables robust assessments of century-scale warming patterns, regional climate sensitivity, and the evolution of 

extreme temperatures with more spatial detail than previously possible from traditional global products – with the possible 

exception of the 0.25° resolution SST estimates in COBE-STEMP3. 
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1.3 Contribution of this study 

Building on the methodology of Rohde et al. (2013a,b) and Rohde & Hausfather (2020), this study introduces a new high-resolution 125 

global temperature data set, Berkeley Earth Surface Temperature – High-Resolution (BEST-HR). Key updates and contributions 

include: 

1. An updated land station archive currently incorporating 58,311 stations, reflecting expanded source data and improved 

station metadata; 

2. A revised characterization of seasonal cycles, now incorporated directly into the iterative reconstruction process rather 130 

than handled as a separate preprocessing step; 

3. The adoption of regression Kriging at 0.25° spatial resolution, using physically informed predictors including ERA5-

derived temperature fields, lapse-rate terms, and high-resolution topography; 

4. The introduction of a far-field smoothing approach that increases the accuracy of the modelled field at locations far from 

observations. This is particularly impactful in the earliest portions of the analysis. 135 

5. A modified sea surface temperature (SST) reconstruction based on HadSST4 and Rohde & Hausfather (2020), which adds 

large-scale predictive basis functions and local Kriging of residual anomalies to preserve fine-scale structure; 

6. A physically consistent merging procedure that blends the land-only TAVG field with the SST reconstruction to produce 

a seamless global Land + Ocean temperature product; 

7. The provision of monthly gridded products: 140 

• Land-only TAVG from 1750–present, 

• Land-only TMAX and TMIN from 1850–present, and 

• Land + Ocean TAVG from 1850–present; 

8. A redesigned uncertainty quantification framework, which generates a set of reduced-resolution ensemble realizations 

that better represent reconstruction uncertainty while remaining computationally efficient for downstream users; 145 

9. A commitment to open science, with all data and code released under open-access licenses to support transparency, 

reproducibility, and community use. 

While these changes represent substantial enhancements, many core assumptions and algorithms from the original Berkeley Earth 

methodology are retained, including: 

1. The basic approach to building the land station archive and performing de-duplication and cross-referencing, aside from 150 

the inclusion of some new and updated sources. 

2. The use of the “scalpel” homogenization technique for detecting and correcting non-climatic changes in station records; 

3. Most of the quality control procedures for identifying and handling outliers, with a single exception described in Sect. 3; 

4. The conceptual framework for decomposing temperature variability into long-term global trends, persistent climatological 

patterns, and short-term weather fluctuations; 155 

5. The use of HadISST ice cover maps to guide interpolation in sea-ice-covered grid cells, except now updated from 

HadISST1 (Rayner et al., 2003) to HadISST2 (Titchner & Rayner, 2014). 

The remainder of this paper is organized as follows: 

§ Section 2 describes the input data sets and preprocessing steps; 

§ Section 3 outlines the regression Kriging methods applied to land; 160 
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§ Section 4 outlines the regression Kriging applied to the ocean and details the land and ocean merging process; 

§ Section 5 presents the new uncertainty estimation approach and ensemble generation procedure; 

§ Section 6 documents the characteristics of the resulting data products and compares BEST-HR to existing data sets; 

§ Section 7 provides summary remarks, usage recommendations, and discussion of limitations. 

As discussed below the new BEST-HR analysis is quite similar to the previous BEST products at large scales, and most of the 165 

focus is on improving the small scale uses. 

By delivering observation-based surface temperature data set at quarter-degree resolution, BEST-HR fills the scale gap between 

coarse gridded climate products and indirect, time-limited reanalyses – offering new opportunities for robust climate analysis from 

the global to the local scale. 

2 Input data and preprocessing 170 

The Berkeley Earth Surface Temperature – High-Resolution (BEST-HR) product is based on a combination of land-based weather 

station records, marine sea-surface temperature (SST) observations, and physically relevant predictor fields derived from reanalysis 

and topographic data sets. The land station component builds on the long-standing Berkeley Earth weather station archive, as 

described in Rohde et al. (2013a,b), with updates to include the most recent versions of source archives and associated metadata 

corrections. 175 

2.1 Land station data sources 

The Berkeley Earth station archive integrates records from numerous national and international data sets. The most prominent 

sources used in the current version of BEST-HR include: GHCNv3 (Lawrimore et al., 2011), GHCNv4 (Menne et al., 2018), 

USHCNv2 (Menne et al., 2009), U.S. COOP (NOAA, 2023a), International Surface Temperature Initiative (ISTI) (Rennie et al., 

2014), NERMS (NOAA, 2023b), Global Summary of the Day (GSOD) (NOAA, 2025), World Weather Records (NOAA, 2017), 180 

World Monthly Surface Station Climatology (WMSSC) (UCAR, 2026a), U.S. First Order Summary of the Day (UCAR, 2026b), 

Colonial Era Weather Archive (NOAA, 2008), U.S. FORTS (MRCC, 2026), GSN (GCOS, 2026a), GCOS Monthly CLIMAT 

Summaries (GCOS, 2026b), MET-READER (British Antarctic Survey, 2026), CRUTEM5 (Osborn et al., 2021), the European 

Climate Assessment & Dataset (2026), HCLIM (Lundstad et al., 2023), and PROMICE (Fausto et al., 2026). 

Daily sources are converted to monthly average sources via averaging. A monthly average is included if no more than 9 days are 185 

missing in the month. 

All source records undergo automated matching and reconciliation to detect metadata overlaps, duplicated station IDs, and 

overlapping or redundant time series. In total, over 200,000 source records are ingested and subjected to de-duplication, preliminary 

outlier screening, and metadata harmonization, following the methodology documented in Rohde et al. (2013a). This results in a 

consolidated archive of 58,311 distinct station time series, which serve as the basis for the land-temperature reconstruction. 190 

In addition, data sources are subject to preliminary quality control screening following Rohde et al. (2013a). This is not intended 

to be a comprehensive quality screen, but merely removes some of the most extreme outliers. 
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Table 1: List of Land Surface Air Temperature Observations used in BEST-HR 

Source 
Temperature 
Stations at 
Source 

Temperature 
Stations 
Used 

TAVG 
(Months, %) 

TMIN 
(Months, %) 

TMAX 
(Months, %) 

Date 
Range 

Global Historical 
Climatology Network 
- Daily 

41,834 34,711 10,285,726 
(43.54%) 

10,393,446 
(50.97%) 

10,256,415 
(50.43%) 1763–2026 

Global Historical 
Climatology Network 
- Monthly v4 

27,957 24,124 4,064,724 
(17.21%) 

0 
(0%) 

0 
(0%) 1701–2026 

Global Summary of 
the Day 27,927 17,900 2,492,901 

(10.55%) 
3,262,708 
(16%) 

3,337,970 
(16.41%) 1929–2025 

US Cooperative 
Summary of the Day 16,115 13,241 2,033,458 

(8.61%) 
2,861,882 
(14.04%) 

2,839,780 
(13.96%) 1853–2010 

European Climate 
Assessment & Dataset 10,519 7,635 1,592,391 

(6.74%) 
1,248,960 
(6.13%) 

1,265,687 
(6.22%) 1756–2026 

Hadley Centre Data 
Release (CRUTEM5) 11,850 5,542 1,293,927 

(5.48%) 
0 
(0%) 

0 
(0%) 1850–2026 

US Cooperative 
Summary of the 
Month 

12,947 10,805 686,407 
(2.91%) 

158,351 
(0.78%) 

164,157 
(0.81%) 1831–2011 

Global Historical 
Climatology Network 
- Monthly v3 

7,280 5,612 252,095 
(1.07%) 

890,234 
(4.37%) 

904,812 
(4.45%) 1701–2019 

US Historical 
Climatology Network 
- Monthly 

1,218 989 194,839 
(0.82%) 

98,411 
(0.48%) 

107,359 
(0.53%) 1895–2012 

International Surface 
Temperature 
Initiative (ISTI) 

35,909 6,224 175,359 
(0.74%) 

961,001 
(4.71%) 

940,104 
(4.62%) 1701–2018 

Global Historical 
Climate Database 
(HCLIM) 

3,612 688 151,899 
(0.64%) 

0 
(0%) 

0 
(0%) 1658–2021 

US First Order 
Summary of the Day 1,600 1,191 144,823 

(0.61%) 
140,981 
(0.69%) 

141,040 
(0.69%) 1881–2011 

GSN Monthly Data 911 289 65,612 
(0.28%) 

66,104 
(0.32%) 

66,634 
(0.33%) 1861–2005 

World Monthly 
Surface Station 
Climatology 
(WMSSC) 

5,508 997 59,714 
(0.25%) 

0  
(0%) 

0 
(0%) 1752–2025 

Colonial Archive 1,018 755 45,790 
(0.19%) 

215,879 
(1.06%) 

218,979 
(1.08%) 1658–2021 

Early US Forts 523 357 38,453 
(0.16%) 

21,655 
(0.11%) 

22,647 
(0.11%) 1791–1932 

World Weather 
Records (WWR) 1,860 998 24,000 (0.1%) 47,304 

(0.23%) 
48,453 
(0.24%) 1961–2000 

Reference Antarctic 
Data for 
Environmental 
Research (MET-
READER) 

119 107 11,351 
(0.05%) 

0 
(0%) 

0 
(0%) 1903–2026 
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Programme for 
Monitoring of the 
Greenland Ice Sheet 
(PROMICE) 

51 48 
7,648 
(0.03%) 

0 
(0%) 

0 
(0%) 1990–2026 

GCOS Monthly 
CLIMAT Summaries 1,213 822 3,344 

(0.01%) 
24,093 
(0.12%) 

24,360 
(0.12%) 2001–2026 

       
Merged Berkeley 
Earth Dataset - 58,311 23,624,462 20,391,007 20,338,395  

In constructing the Berkeley Earth weather station archive, source records are merged according to a defined hierarchy of 

preference that prioritizes daily-resolution data when available and complete–especially from sources such as GHCN-Daily and 195 

GSOD–and favors records based on raw observational data rather than pre-homogenized products. This enables consistent 

application of the Berkeley Earth quality control and homogenization procedures across all records. For early periods, sources 

often only provide monthly averages, either because the original data values have not yet been digitized or because the original 

daily records have been lost. In such cases, monthly archives provide valuable additional data. 

A significant challenge in constructing the archive is that many weather stations appear in multiple source datasets, sometimes 200 

with overlapping or inconsistent metadata. As such, de-duplication is a critical part of the preprocessing pipeline, responsible for 

reducing the more than 200,000 initial candidate records down to approximately 58,311 unique station time series used in the final 

reconstruction. 

In some cases, such as ISTI, GCOS CLIMAT, and WMSSC, almost all data in the source archive is redundant with other higher 

priority sources (e.g. GHCN), and as a result only a few percent of their input is retained (i.e. in the rare cases where they contain 205 

something that wasn’t also reported by the higher priority source).  Another dataset used in Rohde et al. (2013a), Monthly Climate 

Data of the World (MCDW), was entirely removed as redundant.  In some cases, we identified stations that had been dropped from 

newer archives as an apparent result of incomplete metadata.  Consulting multiple sources allowed some of these missing metadata 

cases to be resolved. 

While deduplication is the primary reason for this reduction, some additional filtering occurs due to a minimal continuity 210 

requirement: stations must contain at least six months of valid data to be included in the analysis. Although this threshold is 

intentionally permissive–much lower than that used by most other groups–it still results in the exclusion of many short-duration 

daily station records, which are common in some modern automated systems and digitized historical archives. 

In most cases, only the latest version of a given data archive is used. However, an exception is made for the GHCN-Monthly 

dataset, where both version 3 and version 4 are considered: version 4 offers more recent and comprehensive coverage of TAVG, 215 

while version 3 remains important due to its inclusion of TMAX and TMIN fields, which are currently missing from GHCN-M 

v4. 

The GHCN-Daily and GSOD archives provide the largest share of stations and data volume in the merged product. We note that 

GSOD has stopped updating in 2025, and is being replaced by Synoptic Summary of the Day (SSOD) (NOAA, 2026a). We 

anticipate incorporating SSOD in the future, though this is not included at present. Other datasets, such as those from the MET-220 

READER, PROMICE, the Colonial Archive, and HCLIM, contribute a relatively small portion of the overall data but remain 

important for filling regional and temporal gaps, including early observations in Africa and Asia and continuous records from 

Antarctica and Greenland. Still other data sources are included not for the uniqueness of their data but the utility of their metadata. 
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For example, WMSSC includes historical location reports, while most other datasets only provide the current location. Such 

historical metadata aids in identifying station moves. In addition, two metadata only sources have also been consulted, the WMO 225 

Observing Systems Capability Analysis and Review (OSCAR) Volume A station metadata (WMO, 2021) and NOAA’s Enhanced 

Master Station History Report (Vose et al., 2017), which also provide information on measurement methods and station 

movements. 

A complete summary of station sources, site counts, and monthly data volumes is provided in Table 1. 

2.2 Sea-surface temperature data 230 

The SST component of BEST-HR is derived from the HadSST4 data set (Kennedy et al., 2019), which includes bias-corrected 

marine observations from ships and buoys, with uncertainty estimates and adjustments for changes in measurement methods. These 

observations are used to reconstruct ocean surface temperatures via large-scale predictive basis fields and local residual Kriging, 

described further in Sect. 4. 

Additionally, sea ice coverage is incorporated from HadISST2 (Titchner & Rayner, 2014), which replaces HadISST1 used in 235 

earlier Berkeley Earth products. These ice masks are used to guide the treatment of SSTs in sea-ice-affected grid cells. Due to 

delays in the updating of HadISST2, the most recent months may substitute sea ice concentrations from the US National Snow and 

Ice Data Center Climate Data Record v6 (Meier et al., 2026) when necessary. 

2.3 Predictor fields for regression Kriging 

To guide spatial interpolation via regression Kriging, several physically meaningful predictor variables are used: 240 

• ERA5 reanalysis fields (Hersbach et al., 2020), including monthly 2-meter air temperature and sea surface temperature; 

• ORAS5 ocean reanalysis fields (Zuo et al., 2019); 

• The SRTM (Shuttle Radar Topography Mission) digital elevation model, providing elevation at high spatial resolution; 

• Latitude; and 

• A static land/sea mask and near-coast mask derived from the Global Self-consistent, Hierarchical, High-resolution 245 

Geography (GSHHS) Database v. 2.0 (Wessel & Smith, 1996). 

All predictors are interpolated or averaged to the 0.25° grid and are assumed to be static over time except for the ERA5 and ORAS5 

derived fields which are processed separately by month as described below. 

As discussed below, additional predictors were considered but the options tried were judged not to provide any significant 

additional value. 250 

3 Spatial reconstruction over land using regression Kriging 

The Berkeley Earth Surface Temperature – High-Resolution (BEST-HR) product reconstructs monthly temperature anomalies 

over land using a geostatistical interpolation approach based on regression Kriging. This method combines physically informed 

spatial regression with residual interpolation via Kriging, allowing for a reconstruction that honors both large-scale climatic 

structure and local observational constraints. 255 

To enable a structured estimation process, the observed temperature field is decomposed into physically interpretable components. 
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3.1 Decomposition and modeling framework 

At any location 𝒙 and time 𝑡!, the observed temperature is represented as: 

𝑇(𝒙, 𝑡!) = 𝜃(𝑡!) + 𝐵(𝒙,month(𝑡!)) +𝑊(𝒙, 𝑡!)	 (1)	

 where: 

• 𝜃(𝑡!) is the global mean temperature anomaly for month 𝑡!, 260 

• 𝐵(𝒙,month) is the local climatological average for the corresponding calendar month, and 

• 𝑊(𝒙, 𝑡!) is the weather component, representing short-term spatial and temporal variability. 

This decomposition has the desirable property that the weather component approximately satisfies: 

1
𝐴∫𝑊(𝒙, 𝑡!) 𝑑𝐴 ≈ 0 for	each	𝑡! 	 (2)	

and 

1
𝑇@𝑊

!

(𝒙, 𝑡!) ≈ 0 for	each	𝒙	 (3)	

implying that the weather term averages to near-zero over space and time, respectively. 265 

To estimate 𝑊(𝒙, 𝑡!), we model station observations using a combination of fixed effects and predictor-driven drift, followed by 

spatial Kriging of the residuals. 

Let: 

§ 𝑑"(𝑡!): observed temperature at station iii during month 𝑡!, 

§ 𝜃B!: estimated global mean anomaly at time 𝑡!, 270 

§ 𝑏": station-specific baseline (long-term mean), 

§ 𝑠̂"(𝑡!): estimated seasonal cycle at station 𝑖, 

§ 𝑞#,!(𝒙"): value of the 𝑘-th predictor field at station 𝑖, 

§ 𝛽#,!: regression coefficient for predictor 𝑘 at time 𝑡!, 

§ 𝑤",!(𝒙): Kriging weight for station 𝑖 at location 𝒙 at time 𝑡!. 275 

Then the weather field is reconstructed as: 

𝑊(𝒙, 𝑡!) =@𝑤",!
"

(𝒙) K𝑑"(𝑡!) − 𝜃B! − 𝑏" − 𝑠̂"(𝑡!) −@𝛽#,!
#

 𝑞#,!(𝒙")M +@𝛽#,!
#

 𝑞#,!(𝒙)	 (4)	

This formulation has two key terms: 
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1. Residual interpolation: 

The bracketed quantity represents the de-meaned, de-seasonalized residual at station 𝑖, after removing the global signal, 

station bias, seasonal cycle, and large-scale predictor contributions. These residuals are interpolated via Kriging to 280 

estimate the local anomaly contribution. 

2. External drift (regression): 

The second term adds back the large-scale spatial trend as predicted by the auxiliary fields evaluated at the target 

location 𝒙. 

This hybrid structure allows the model to flexibly capture local detail where observations exist, while relying on physically 285 

meaningful predictors to guide interpolation in data-sparse regions. 

3.2 Predictors used in the regression component 

The regression model ∑ 𝛽#,!#  𝑞#,!(𝒙) incorporates spatially varying predictors that are relevant to surface temperature patterns. 

For the residual weather component, 𝑊(𝒙, 𝑡!), the predictive fields for land TAVG, TMAX, and TMIN are derived solely from 

the ERA5 2-meter air temperature anomalies. The period January 1940 to December 2023 was used to construct the predictive 290 

basis. 

3.2.1 Data preparation 

ERA5 provides direct monthly TAVG fields. For TMAX and TMIN, we construct synthetic monthly values by averaging the daily 

maximum and minimum 2-meter air temperatures, respectively. For each grid cell and calendar month, we then compute the 

monthly anomalies by removing both: 295 

1. The monthly land-average temperature anomaly, and 

2. The monthly spatial climatology for that location. 

This yields a weather anomaly field: 

𝐴(𝒙, 𝑡!) = 𝑇ERA5(𝒙, 𝑡!) − 𝜃ERA5(𝑡!) − 𝐵ERA5(𝒙,month(𝑡!))	 (5)	

where both the spatial mean for each time and the temporal mean at each location are constructed to be zero. This preprocessing 

step effectively removes the long-term global warming signal from ERA5 and isolates short-term weather variability. 300 

3.2.2 Principal component decomposition 

To extract characteristic patterns of weather variability, we perform a principal component analysis (PCA) using singular value 

decomposition (SVD). For each calendar month (e.g., all Januaries), we construct a temporal stack containing 252 monthly 

anomaly fields, spanning 1940–2023. We extend the stack from 84 to 252 members by including anomalies from adjacent months 

(i.e., ±1 month), enabling smoother transitions between adjacent months and better capturing common patterns. 305 

Each anomaly field in the stack is weighted by grid cell area and is passed into the SVD algorithm. This yields a set of orthogonal 

spatial basis functions (predictive patterns) and associated explained variances. 
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Following common practice, we retain the leading modes sufficient to capture at least 85 % of the total variance in the anomaly 

stack. Although the number of modes required varies slightly by month, we fix the number of predictive fields at 65, which reflects 

the mean required across all calendar months. 310 

The leading components typically exhibit interpretable spatial structure. For example, the first mode tends to show spatial patterns 

of typical variability, i.e. larger inland and at high latitudes and small at the coast, while the later modes may reflect patterns 

associated with ENSO variability or other signals. 

An example of selective maps for TAVG in November is provided in Fig. 3. Leading terms are dominated by typical high-

amplitude weather patterns at high northern latitudes, while later modes show more varied features. 315 

 

Figure 3: Example of spatial predictive weather patterns extracted from ERA5 for TAVG in the month of November. Numbers 

above each panel indicate its rank in the sequence of predictive fields, with lower numbers tending to have larger scale features 

and explaining a larger fraction of monthly average weather variability.  The red/blue direction is arbitrary as the patterns will 

scaled by positive and negative factors during the fitting solution. 320 

3.2.3 Spatial normalization 

After decomposition, each principal pattern is: 

• Divided by the grid cell area weights previously applied, and 

• Renormalized such that the resulting field has unit spatial variance over the land mask used in the temperature 

reconstruction. 325 
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This ensures that the predictive fields are properly scaled for use in the regression model and that no residual global or regional 

bias remains embedded in the predictors. 

Note that, by construction, each of these spatial patterns has a land-average mean of zero. As a result, the inclusion of these patterns 

does not affect the land-average mean. This is done intentionally so predictive fields focus on spatial interpolation rather than 

directly impacting the global average. 330 

These predictive fields are then applied in the time-dependent regression analysis described in Sect. 3.3, serving as physically 

meaningful spatial covariates that constrain the large-scale structure of temperature anomalies. 

3.3 Estimation of regression and global mean parameters 

The parameters used in the regression Kriging model–namely, the global mean anomaly 𝜃B! and the regression coefficients 𝛽Q#,! for 

each predictor–are estimated jointly using a generalized least squares (GLS) approach that accounts for the spatial covariance of 335 

station residuals. 

We begin by defining the centered station temperature residual: 

𝑧"(𝑡!) = 𝑑"(𝑡!) − 𝑏" − 𝑠̂"(𝑡!)	 (6)	

which removes both the station baseline 𝑏" and the estimated seasonal cycle 𝑠̂"(𝑡!) from the observed temperature 𝑑"(𝑡!) at station 

𝑖 and time 𝑡!. 

To estimate 𝜃B! and 𝛽Q#,!, we construct a design matrix 𝑄! with elements: 340 

𝑄!,",# = U
1 if	𝑘 = 1

𝑞#)*,!(𝒙") if	𝑘 > 1
	 (7)	

where 𝑞#)*,!(𝒙") denotes the value of the (𝑘 − 1)-th predictor field at the location of station 𝑖 for time 𝑡!. The first column of 𝑄! 

corresponds to a constant term for estimating the global mean, and the remaining columns contain the predictor values used in the 

spatial regression. 

Let 𝑧̇ be the column vector of 𝑧"(𝑡!) values across all stations, and let 𝐶 denote the spatial covariance matrix representing the 

expected correlation structure of the residuals. Then, the parameter vector: 345 

[𝜃B! 	𝛽Q*,! 	⋯	𝛽Q+,!]	 (8)	

is estimated by solving the generalized least squares equation: 

[𝜃B! 	𝛽Q*,! 	⋯	𝛽Q+,!] = _𝑄!, 𝐶)*𝑄!`
)*𝑄!, 𝐶)* 𝑧̇	 (9)	

This expression minimizes the weighted sum of squared residuals while accounting for spatial dependence among stations. 
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3.3.1 Covariance model 

Following Rohde et al. (2013a), the covariance matrix 𝐶 is approximated using a correlation model drawn from a standard spherical 

correlation function, commonly used in geostatistical interpolation due to its compact support and smooth behavior. This 350 

approximation is sensible as long as the variance structure of the monthly average fluctuations do not vary too rapidly with location. 

Let 𝒙- and 𝒙.  denote the geographic locations of two stations, and define 𝑟 = distance(𝒙-, 𝒙.). The correlation between the 

residuals at these two stations is given by: 

𝐶(𝒙-, 𝒙.) = c
𝑐/ e1 −

𝑟
𝑑012

f
3
e1 +

1
2

𝑟
𝑑012

f if 𝑟 ≤ 𝑑012

0 otherwise
 (10)	

where: 

§ 𝑐/ is the residual variance (the nugget-plus-sill), 355 

§ 𝑑012 is the maximum correlation distance beyond which residuals are assumed uncorrelated. 

This covariance function ensures that: 

§ Correlation is strongest at small distances, 

§ It decays smoothly to zero at 𝑟 = 𝑑012, 

§ And values beyond 𝑑012 are uncorrelated, leading to a sparse matrix structure. 360 

Both 𝑐/ and 𝑑012 are empirically estimated from the residuals. In practice, the sparsity of 𝐶)* enables computational efficiency 

when solving the GLS system. 

This parameter estimation framework ensures that the large-scale spatial structure of the anomaly field is informed by physically 

meaningful predictors while respecting the statistical properties of the underlying observational network. 

3.3.2 Limiting the predictive fields 365 

Incorporating predictive fields into the regression Kriging framework requires care to ensure that each field is sufficiently 

constrained by the available observational data. While the full suite of 65 predictive patterns derived from ERA5 (Section 3.2) can 

be reliably used in the modern era, where thousands of observations provide dense spatial sampling, the situation is more 

challenging in earlier historical periods, where station networks were sparse and geographically uneven. 

To avoid instability in the regression solution, we implement a filtering step that evaluates the statistical constraint on each predictor 370 

at each time step and excludes those that cannot be reliably fit. 

The generalized least squares solution for the regression parameters above takes the form: 

_𝑄!,𝐶̇)*𝑄!`
)*𝑄!,𝐶̇)*𝑧̇	 (11)	
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To assess whether a given predictor 𝑞#,! is sufficiently constrained, we perform a diagnostic test: we replace the observation vector 

𝑧̇  with random values drawn from a standard normal distribution (mean zero, unit variance). This simulates the impact of 

measurement uncertainty on the parameter estimates. 375 

For each regression coefficient 𝛽Q#,!, we compute the implied standard deviation resulting from this synthetic fit. If the standard 

deviation exceeds 0.5, the predictor is considered ill-constrained and is excluded from the regression model at that time step. This 

threshold is chosen to approximate the constraint of at least four effectively independent observations influencing each coefficient. 

Whether and to what extent an observation contributes as an effective constraint will depend on the amplitude of the predictive 

field at the station’s location and how many other stations are nearby. Multiple stations in close proximity will necessarily provide 380 

less constraint than stations that are well separated. If no stations are present at locations where the predictive field has large 

amplitude, then the implied uncertainty in the associated parameter can blow up far greater than 1.0. 

This filtering is performed iteratively, starting with the full set of predictors and removing the least-constrained one at each step 

until all retained predictors fall below the threshold. Because each predictive pattern has been pre-normalized to unit spatial 

variance, the implied standard deviation directly reflects the confidence in its regression coefficient. 385 

3.3.3 Temporal evolution of constraint 

At the earliest time steps, especially in the 18th century for TAVG, only a few predictive patterns are sufficiently constrained by 

the available data. However, as the station network expands–particularly after 1800–the number of usable patterns grows rapidly. 

By the mid 19th century, most of the 65 patterns are retained in most months for TAVG. TMIN and TMAX, which have shorter 

and less complete historical records, reach full constraint somewhat later. 390 

Even after all predictors are retained, their effective constraint varies by pattern. For example, spatial modes associated with 

Antarctica or the Southern Ocean continue to exhibit relatively high uncertainty until the mid-20th century, due to the scarcity of 

early observations in those regions. This spatial heterogeneity is incorporated into the overall uncertainty framework described in 

Sect. 5. 

This adaptive filtering process ensures that the regression model remains numerically stable and physically meaningful, avoiding 395 

overfitting in poorly observed periods while maximizing explanatory power as data coverage improves. 

 

Figure 4: Number of spatial predictive fields used per month for BEST-HR with TAVG, TMAX, and TMIN. 
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3.4 Estimation of station baselines and seasonal cycles 400 

In the BEST-HR framework, each station’s observed temperature record is assumed to include a persistent baseline offset 𝑏", 

reflecting the station’s long-term mean relative to the global anomaly, and a seasonal cycle 𝑠̂"(𝑡!), capturing the repeating intra-

annual variability. Accurate estimation of these components is critical for correctly isolating the weather term 𝑊(𝒙, 𝑡!) during 

interpolation. 

3.4.1 Seasonal model 405 

The seasonal cycle for each station is modeled as a sum of low-order harmonic functions with annual, semiannual, and triannual 

frequencies. Specifically, 

𝑠̂"(𝑡!) = @j𝛼",34)*cos e
2𝜋𝑛
12 𝑡!f + 𝛼",34sin e

2𝜋𝑛
12 𝑡!fn

5

46*

	 (12)	

where: 

§ 𝑡! is the month index (1 through 12, or treated continuously), 

§ 𝛼",*, … , 𝛼",7 are station-specific harmonic coefficients to be fit, 410 

§ and the three harmonic terms correspond to 1-year, 6-month, and 4-month periodicities, respectively. 

This form allows each station’s seasonal pattern to include both amplitude and phase variability at multiple frequencies, enabling 

flexible representation of local climatological behavior. 

3.4.2 Fitting procedure for stations with ≥5 years of data 

For stations with at least five years of valid monthly observations, both 𝑏" and 𝑠̂"(𝑡!) are estimated using ordinary least squares 415 

(OLS). During this step, the global mean anomaly 𝜃B! and the weather field 𝑊(𝒙" , 𝑡!) are held fixed. 

We minimize the squared residual: 

@_𝑑"(𝑡!) − 𝑏" − 𝑠̂"(𝑡!) − 𝜃B! −𝑊(𝒙" , 𝑡!)`
3

!

 (13)	

where the sum is taken over all available months 𝑡! for the station. 

3.4.3 Treatment of stations with <5 years of data 

For stations with fewer than five years of data, there is generally insufficient information to robustly estimate a local seasonal 420 

cycle. In these cases: 

• The baseline offset bib_ibi is still estimated using OLS; 
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• The seasonal cycle 𝑠̂"(𝑡!) is not fit independently, but instead inferred by sampling from the seasonal structure of the 

global regression field at the station location. 

This strategy allows even short-duration stations to contribute to the reconstruction while avoiding overfitting of poorly constrained 425 

seasonal behavior. 

3.5 Iterative solution and outlier detection 

The estimation procedures described in previous sections allow for the computation of both large-scale parameters–including the 

global mean 𝜃B! and regression coefficients 𝛽Q#,!–and station-specific small-scale parameters, including the baselines 𝑏" and 

seasonal cycles 𝑠̂"(𝑡!). However, because these parameter sets depend on one another (e.g., estimation of 𝑏" requires knowing 𝜃B!, 430 

and vice versa), a self-consistent solution must be obtained through iteration. 

3.5.1 Iteration and convergence criterion 

The BEST-HR land reconstruction is solved via an iterative process, alternating between: 

• Updating 𝜃B! and 𝛽Q#,! using generalized least squares (Section 3.3), 

• Updating 𝑏" and 𝑠̂"(𝑡!) using least squares regression (Section 3.4), and 435 

• Recomputing the weather field 𝑊(𝒙, 𝑡!) via regression Kriging (Section 3.1). 

This process is repeated until convergence is achieved, defined as: 

max! q𝑇
(4)
(𝑡!) − 𝑇

(4)*)
(𝑡!)q < 0.001∘C	 (14)	

where 𝑇
(4)
(𝑡!) is the global average temperature anomaly at time 𝑡! after iteration 𝑛. In practice, convergence is typically achieved 

after ~60 iterations. 

3.5.2 Iterative outlier detection 440 

To improve stability and robustness, an outlier detection and mitigation step is performed between iterations. This step identifies 

observations that are strongly inconsistent with the current global or local fit and limits their influence in subsequent iterations. 

Let the residual at station 𝑖 and time 𝑡! be: 

Δ"(𝑡!) = 𝑑"(𝑡!) − 𝑇(𝒙" , 𝑡!)	 (15)	

where 𝑇(𝒙" , 𝑡!) is the reconstructed temperature at the station location from the previous iteration. The distribution of Δ"(𝑡!) is 

expected to be approximately Gaussian with heavy tails due to outliers or uncorrected errors. A threshold Δ012 is defined as: 445 

Δ012 = 2.5 × 𝜎;	 (16)	

where 𝜎; is the empirical standard deviation of the Δ"(𝑡!) distribution across all stations and times. This threshold corresponds 

roughly to the 99th percentile of residuals. 

https://doi.org/10.5194/essd-2026-412
Preprint. Discussion started: 1 September 2026
c© Author(s) 2026. CC BY 4.0 License.



 18 

If an observation exceeds this bound, it is capped in the next iteration: 

• If Δ"(𝑡!) > Δ012, then 𝑑"_𝑡!` is replaced by 𝑇(𝒙" , 𝑡!) + Δ012  

• If Δ"(𝑡!) < −Δ012, then 𝑑"_𝑡!` is replaced by 𝑇_𝒙" , 𝑡!` − Δ012 450 

This process limits the influence of anomalous data while preserving the overall integrity of the station record. Unlike hard 

exclusion, this soft clipping approach still retains the data point but bounds its impact. 

3.5.3 Secondary outlier test for spatially isolated stations 

A second, more conservative quality control test is used to address errors in spatially isolated stations, where a single outlier can 

disproportionately affect the weather field due to the lack of nearby observations. 455 

Define: 

𝐺"(𝑡!) = 𝑑"(𝑡!) − 𝜃B! − 𝐶(𝒙" , 𝑡!)	 (17)	

where 𝐶(𝒙" , 𝑡!) is the station’s estimated climatology. This metric removes both the global and climatological contributions, 

highlighting potential outliers in the raw residual independent of the local weather fit. 

Outliers are flagged if: 

|𝐺"(𝑡!)| > 4 × 𝜎< 	 (18)	

where 𝜎< is the standard deviation of the 𝐺"(𝑡!)  distribution. This corresponds to roughly 0.006 % of values. Observations 460 

exceeding this bound are clipped similarly to the primary test. 

Although rarely triggered in practice, this additional filter serves to protect the reconstruction from extreme values in low-density 

regions, where the weather field is otherwise vulnerable to single-point anomalies. 

3.6 Estimation of the climatological mean field 

To complete the reconstruction of monthly temperatures, the climatological mean field 𝐵(𝒙,month) is modeled as the sum of two 465 

components: 

𝐵(𝒙,month) = 𝐵‾(𝒙) + 𝐵=(𝒙,month)	 (19)	

where: 

• 𝐵‾(𝒙) is the non-seasonal mean climatology, representing the annual average temperature at location 𝒙, and 

• 𝐵=(𝒙,month) is the seasonal cycle component, varying across calendar months. 

3.6.1 Estimating the non-seasonal climatology 𝑩‾ (𝒙) 470 

The baseline field 𝐵‾(𝒙) is fit using regression Kriging, applied to the station baseline offsets 𝑏" derived in Sect. 3.4. The spatial 

correlation model used follows the same framework described in Sect. 3.4, with a spherical covariance structure and distance-
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limited Kriging. Following Rohde et al. (2013a) predictors in the regression component include multiple terms related to latitude, 

elevation, but in this work we add the long-term climatology of the ERA5 2-meter air temperature, which provides improved 

constraint on broad spatial patterns. 475 

Additional predictive patterns were considered for constructing 𝐵‾(𝒙), but were ultimately rejected. These include patterns based 

on albedo, urbanization, land use type, normalized difference vegetation index (NDVI), and population density. Ultimately, none 

of these were found to add significantly to the fit and reconstruction beyond what was provided by the use of elevation, latitude, 

and ERA5 climatology. 

The uncertainty associated with each 𝑏" is modeled as inversely proportional to the duration of the station record. Specifically, if a 480 

station has 𝑁 years of valid observations, this is treated as equivalent to 𝑁 independent estimates of 𝑏", reducing the corresponding 

diagonal entry in the covariance matrix and increasing the station’s weight in the fit. When multiple stations are located at or near 

the same geographic location, the estimated value of 𝐵‾(𝒙)  is effectively drawn toward the length-weighted average of the 

associated 𝑏" values. 

As with the broader temperature reconstruction, an outlier detection step is applied iteratively to the 𝑏" values during fitting. 485 

Observations that deviate by more than 2.5 standard deviations from the colocated 𝐵‾(𝒙) are removed. This removes approximately 

1 % of the data and helps mitigate the influence of unusual noise or metadata errors arising when station records that are incorrectly 

documented in location or elevation. 

For the reconstruction of TMAX and TMIN climatologies, the regression model for 𝐵‾(𝒙) also includes an additional coastal 

proximity predictor–defined as the fractional land area within 60 km and 750 km of the grid cell–to capture known shifts in 490 

temperature profiles near oceans. This term was found to be non-significant for TAVG, and is therefore excluded from the TAVG 

climatology fit. 

3.6.2 Estimating the seasonal climatology 𝑩𝒔(𝒙,month) 

The seasonal component 𝐵=(𝒙,month) is derived using a similar regression Kriging approach, applied to the estimated seasonal 

cycles 𝑠̂"(month) from individual stations (Section 3.4). Predictor fields include: 495 

• Latitude and elevation, 

• The ERA5 monthly seasonality of 2-meter air temperature anomalies, and 

• Two coastal proximity predictors: the fraction of land area within 60 km and within 750 km of the grid cell. 

These predictors help capture the sharp attenuation of seasonal amplitude in coastal regions. Empirical analysis shows that the 60 

km coastal predictor typically has a value of ~0.5 at the shoreline, ~0.75 at ~24 km inland, and ~0.9 at ~40 km inland, allowing 500 

the model to reproduce the observed decay in seasonal variation near ocean boundaries. 

To ensure consistency with the station-based seasonality fits, 𝐵=(𝒙,month) is constrained to be representable as a third-order sum 

of harmonic functions (sines and cosines) with annual, semiannual, and triannual periodicities. This mirrors the functional form 

used to estimate 𝑠̂"(month), ensuring temporal smoothness and preventing unrealistic oscillations. 

As with the baseline component, outlier detection is applied to the seasonal cycle amplitudes. Approximately 1 % of the 𝑠̂"(month) 505 

series are excluded from the fit based on a 2.5σ threshold against the modeled seasonal trend, improving robustness to misfit or 

ill-conditioned data. We also note, as before, that 𝑠̂"(month) is only estimated from stations having at least 5 years of observations. 
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3.7 Far-field smoothing of the weather field 

The final step in the reconstruction of the weather field involves a far-field smoothing correction, applied as a post-processing 

operation after each iteration of the regression Kriging procedure. This adjustment targets regions far from any weather 510 

observations, where the interpolated monthly anomalies can exhibit spurious or poorly constrained variability due to limited data 

support. 

3.7.1 Motivation and formulation 

In sparsely observed regions, particularly during early time periods or over remote land areas, the reconstruction of monthly-scale 

variability becomes increasingly uncertain. However, it is often the case that annual-average anomalies remain more robust and 515 

better correlated with large-scale climate signals in these settings. To account for this, we apply a smoothing step that selectively 

replaces local monthly anomalies with an estimate based on annual averages in poorly constrained areas. 

The smoothed temperature field is defined as: 

𝑇B ∗(𝒙, 𝑡!) = 𝑇B(𝒙, 𝑡!) + FF(𝒙, 𝑡!)[𝜃B∗(𝑡!) − 𝜃B(𝑡!)] (20)	

where: 

• 𝑇B(𝒙, 𝑡!) is the original reconstructed temperature field, 520 

• 𝜃B(𝑡!) is the estimated global mean at time 𝑡!, 

• 𝜃B∗(𝑡!) is the 13-point centered moving average of 𝜃(𝑡!), approximating the annual global mean, 

• FF(𝒙, 𝑡!) is the far-field weighting function (defined below). 

For time steps near the endpoints of the record, where the full 13-month window is not available, 𝜃∗(𝑡!) is computed using linear 

extrapolation from the available values. 525 

This formulation ensures that in regions far from any observations, the local field is gently nudged toward the annual global 

anomaly, which typically reflects the best-constrained component of the temperature signal. In densely sampled regions, the 

correction is negligible. 

3.7.2 Defining far-field influence via normalized Kriging error 

The far-field weighting function FF(𝒙, 𝑡!) is defined as a function of the effective coverage metric CC(𝒙, 𝑡!), which quantifies the 530 

normalized interpolation uncertainty from the regression Kriging step. This metric replaces the coverage function used in Rohde 

et al. (2013a), but plays a similar conceptual role in flagging undersampled regions. 

Formally: 

FF(𝒙, 𝑡!) = 𝑓_CC(𝒙, 𝑡!)` (21)	

where 𝑓 is a tapering function defined such that: 
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• 𝑓(0) = 1 (full smoothing in the absence of constraint), 535 

• 𝑓(𝑥 ≥ 𝑥cutoff) = 0 (no correction when well constrained), 

• 𝑓(𝑥) smoothly interpolates in between. 

The function 𝑓(𝑥) is defined using a polynomial taper, empirically fit using reconstructions of simulated model data to minimize 

reconstruction error. Full details of this fit and the choice of polynomial are provided in the Supplemental Material. 

In practice, this correction behaves as follows: 540 

• In regions with good data coverage, typically within a few hundred kilometers of weather stations, FF(𝒙, 𝑡!) ≈ 0, and no 

correction is applied. 

• At intermediate distances, the correction becomes moderate. 

• At distances near or exceeding the maximum correlation length 𝑑max (≈1650 km), the correction grows large and may 

fully replace monthly anomalies with their smoothed annual counterparts. 545 

This procedure ensures spatial consistency while preventing overinterpretation of unconstrained monthly anomalies. It is especially 

beneficial for reducing artificial variability in large-scale averages and trend calculations in early or low-coverage periods. 

It is worth noting that since this procedure only affects the temperature field in areas at some distance from the weather stations, it 

doesn’t directly feed back into the computations of any of the weather station fit parameters. 

3.8 Implementation notes 550 

The full regression Kriging pipeline is implemented in Matlab, with data ingestion, quality control, predictor computation, 

regression fitting, and Kriging all executed in parallel by time step to optimize performance. Special care is taken to enforce 

land/sea masking consistency and to maintain numerical robustness, particularly in the presence of missing data or correlated 

predictors. 

The reconstruction is applied independently for each of the TAVG, TMAX, and TMIN land variables, resulting in three parallel 555 

high-resolution monthly gridded datasets with consistent methodology. The procedure for reconstructing ocean surface 

temperatures and merging the land and ocean fields into a global product is described separately in Sect. 4. 

While the regression Kriging framework described in Sect. 3.1–3.5 is mathematically continuous in space, in practice it is necessary 

to compute solutions on a finite grid due to computational constraints. The final temperature field 𝑇(𝒙, 𝑡!) is evaluated on a 0.25° 

latitude–longitude grid, which also serves as the resolution for the predictor fields. However, to reduce memory and GPU demands, 560 

the weather component 𝑊(𝒙, 𝑡!) is computed on a sparse, adaptive-resolution grid and interpolated to the full resolution using 

spherical natural neighbor interpolation. 

The adaptive grid used for Kriging has a variable spatial resolution ranging from 0.5° in well-observed regions to 8° in remote 

areas with few or no station records, particularly over open ocean. Grid refinement is increased in proximity to weather stations 

and along coastlines where gradients are sharper. This replaces the equal-area gridding scheme used in Rohde et al. (2013a), and 565 

yields substantial computational benefits: the number of Kriging locations is reduced from approximately 3.5 billion to 200 million, 

significantly lowering both memory usage and processing time while maintaining spatial accuracy in regions of interest. Further 

details on the adaptive grid structure and interpolation method are provided in the Supplemental Material, Sect. S8. 
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4 Ocean temperature reconstruction and land–ocean merging 

The ocean surface temperature reconstruction in BEST-HR extends the methodology developed in Rohde & Hausfather (2020), 570 

incorporating new predictive fields and operating at a higher spatial resolution. While the core observational foundation remains 

the HadSST4 dataset, several enhancements have been introduced to improve spatial detail and consistency with the land analysis 

described in Sect. 3. 

4.1 Sea surface temperature interpolation 

The BEST-HR sea surface temperature (SST) reconstruction relies on HadSST4 as its primary observational input. HadSST 575 

provides monthly SST anomaly fields on a 5°×5° grid, along with associated bias corrections and measurement uncertainty 

estimates. Because of this coarse native resolution, much of the fine-scale structure in the BEST-HR ocean product is derived from 

the application of predictive fields and regression Kriging interpolation, analogous to the approach used over land. 

The ocean temperature field is modeled using the decomposition: 

𝑇(𝒙, 𝑡!) = 𝜃(𝑡!) + 𝐵(𝒙,month(𝑡!)) +𝑊(𝒙, 𝑡!) (22)	

where: 580 

• 𝜃(𝑡!) is the global mean sea surface temperature anomaly at month 𝑡!, 

• 𝐵(𝒙,month) is the monthly climatology or background spatial field, 

• 𝑊(𝒙, 𝑡!) is the residual anomaly field, interpolated from observations via regression Kriging. 

Unlike the land reconstruction, the ocean model does not include an explicit seasonal fitting step for individual observations. In 

part this is due to the much smaller seasonal variability present in SST fields. However, both the monthly climatology 𝐵(𝒙,month) 585 

and the predictive fields used in the regression vary by calendar month, effectively embedding seasonal structure into the baseline 

field. 

Predictive fields for the ocean analysis are constructed in parallel to the land approach but are derived from ORAS5, a fully coupled 

ocean reanalysis driven by ERA5 atmospheric boundary conditions. ORAS5 provides monthly SST fields that reflect large-scale 

oceanic processes, such as currents and heat transport, offering more physically realistic predictors than ERA5 SSTs alone. 590 

The generalized least squares regression is used to estimate the global mean 𝜃(𝑡!) and predictor coefficients 𝛽Q#,!, and residuals are 

interpolated using spatial Kriging. With the inclusion of predictive fields, the residual correlation length used in Kriging can be 

reduced, enabling sharper reconstructions in data-rich areas. 

As previously described in Rohde & Hausfather (2020), an additional temporal persistence consideration is applied in regions of 

the ocean with too little data to directly constrain. Specifically, when possible, spatial gaps in the reconstructed SST field are filled 595 

with the average anomaly from one month earlier and one month later. This extra persistence step is possible because SST 

anomalies often persist for months, though its utility is generally limited to early times and locations of sparse sampling. 

The final SST field is reconstructed at 0.25° resolution, matching the land product and enabling natural blending in Sect. 4.3. 
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4.2 Uncertainty handling and quality control 

Following Rohde & Hausfather (2020), the measurement uncertainties, coverage errors, and bias uncertainties provided by 600 

HadSST4 are propagated through the Kriging procedure. This is achieved by including HadSST’s per-grid-cell uncertainty 

estimates and covariance matrices, and by using a measurement-error-aware Kriging model that dampens the influence of grid 

cells with poor or uncertain observational support. In addition, coverage errors are estimated using simulated data as discussed 

below. 

HadSST microbias uncertainties (i.e., correlated uncertainties due to the measurement practices of a particular ship or buoy) have 605 

temporal correlations, which are not reflected in the HadSST covariance matrices. HadCRUT5 and GloSATref attempt to treat 

microbias errors as perfectly correlated within a calendar year and uncorrelated between calendar years to account for this, although 

the implementation of this is imperfect and depends on the arbitrary ordering of grid cells prior to Cholesky decomposition (Calvert, 

2024). To account for HadSST microbias uncertainties, we draw random microbias realizations such that each area-weighted 

average microbias uncertainty realization has a temporal month-to-month autocorrelation parameter of 0.9165. This autocorrelation 610 

parameter was chosen so that the effective number of independent samples per 12 months of realizations would be 1. This aligns 

with the assumption in HadSST4 that microbias uncertainties are fully correlated within a year but uncorrelated between years. 

The validity of this assumption is largely unproven, but we will not attempt to consider alternatives here. 

No additional outlier detection is applied in this context, though HadSST has already done such filtering. However, the 

incorporation of measurement uncertainties into the correlation matrices (Rohde & Hausfather, 2020) also has the effect of 615 

smoothing over isolated measurements that are presented with low confidence in favor of larger-scale consistency in the 

interpolated fields. 

4.3 Land–ocean merging 

The land-only TAVG reconstruction and the ocean SST field are merged to produce a global surface temperature dataset, consistent 

with the approach described in Rohde & Hausfather (2020), with some modifications introduced for higher resolution. 620 

Previously, land–ocean blending was performed by computing the land fraction of each 1°×1° grid cell (~120 km), and using this 

to linearly blend the land and ocean reconstructions. In BEST-HR, the same principle is applied at 0.25° resolution, but with a 

more nuanced estimate of land influence: the land fraction is computed as the fraction of land area within 60 km of each grid cell 

center, excluding inland water bodies such as rivers and lakes. This spatial filter produces a smoother and more realistic transition 

between land and ocean domains, particularly along complex coastlines. 625 

As in previous versions, grid cells covered by sea ice, as defined by the HadISST2 monthly sea ice concentration fields, are treated 

as “land-like” in the blending step. That is, sea ice-covered ocean regions are assumed to follow the land surface air temperature 

pattern, rather than open water SSTs. This decision reflects the insulating properties of sea ice and its role in decoupling the ocean 

from the atmosphere. 

Prior to smoothing, our approach estimates a discontinuous temperature field between land, sea ice, and open sea regions, which 630 

could cause a double counting of temperature change from sea ice melt as described by Calvert (2024). Furthermore, HadISST2 

may substantially overestimate Antarctic sea ice concentrations prior to 1940 due the misinterpretation of a German atlas (Thorne 

et al., 2026), which could cause BEST-HR to overestimate temperature change in Antarctic sea ice areas. At the same time, our 
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approach excludes regions far from observations from global temperature estimates, which can remove some impacts of Antarctic 

sea ice melt from our 19th century estimates. 635 

The final merged field provides a globally complete, monthly gridded surface temperature record spanning both land and ocean at 

0.25° resolution. This dataset forms the basis for subsequent global average temperature analyses, anomaly calculations, and 

uncertainty ensemble generation, as discussed in Sect. 5 and 6. 

5 Uncertainty analysis and ensemble construction 

The uncertainty analysis for BEST-HR builds on the statistical sampling framework developed in Rohde et al. (2013a) and Rohde 640 

& Hausfather (2020), but introduces several important modifications. In particular, the new analysis enables the construction of a 

small ensemble of alternative realizations of the global temperature field, rather than estimating uncertainty solely from pointwise 

variance. This change improves the utility of the dataset for downstream applications that require uncertainty propagation, such as 

trend estimation, climate model evaluation, and impact assessments. 

Due to the computational demands of the reconstruction process, the primary ensemble is limited to 10 members, a much smaller 645 

number than the 100–200 realizations offered by some other datasets. Additionally, to reduce resource requirements, the ensemble 

is constructed at a coarser 1° × 1° resolution, though it retains the core features of the full-resolution analysis–including predictive 

fields, Kriging, quality control procedures, and bias adjustments. However, we can combine ensembles from multiple recent 

months to create a larger superensemble that provides more robust uncertainty estimates. For this paper, 5 recent ensemble sets 

with end dates ranging from November 2025 to March 2026 are merged into a 50 member superensemble. This superensemble 650 

approach has the limitation that the most recent months will have fewer than 50 members, but all other dates will have a full 

sample. 

5.1 Land uncertainty ensemble 

For land areas, ensemble members are constructed using a bootstrap resampling approach, in which the station archive is resampled 

with replacement. This yields alternative realizations of the station network: some stations appear multiple times, while others are 655 

omitted. Such bootstrap methods provide a simple method to test the sensitivity of an analysis to data selection and data noise. 

Each resampled archive is passed through the entire reconstruction pipeline (at reduced resolution). Differences between the 

resampled fields and the original BEST-HR then reflect the sensitivity to both station selection and measurement noise. 

In contrast to Rohde et al. (2013a), the breakpoint detection and homogenization procedures are now re-run for each ensemble 

member. This allows the ensemble to capture uncertainty in breakpoint timing and alignment, a source of uncertainty previously 660 

omitted. Each ensemble member therefore provides an estimate of analysis uncertainty related to noise, metadata, and 

homogenization. 

A second step quantifies coverage uncertainty, i.e., the error associated with the incomplete spatial sampling of the temperature 

field by the weather station network. Previously (Rohde et al. 2013a) this was estimated using a coverage diagnostic to characterize 

regions of unsampled variability. BEST-HR replaces this diagnostic with a more robust analysis where potential coverage errors 665 

are assessed more directly. This is done by simulating station observations from a known temperature field and comparing the 

resulting reconstruction to the true field. 
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In BEST-HR, the known field is drawn from historical runs of the CESM2 climate model, with the long-term forced trend removed. 

The data are segmented into multi-decade blocks and randomly reordered in time. This preserves realistic patterns of historical 

variability while decoupling the test from any actual climate change signals. For each ensemble member, simulated data are 670 

sampled at the resampled station locations and processed through the same reconstruction pipeline, without adding measurement 

noise (as that component is already reflected in phase one). The differences between the reconstructed and original model fields 

provides an estimate of spatial sampling error for each realization. 

The two phases–(1) analysis noise and station selection, and (2) coverage error–are added together to create a single uncertainty 

realization. This process is repeated for all 10 resampled networks, producing a small but comprehensive land uncertainty 675 

ensemble. 

These 10 members comprise the primary ensemble generated each month. This can then be extended into a superensemble by 

merging the most recent month of ensembles with ensemble members from prior months. 

Uncertainties for land-based metrics are then computed as the ensemble standard deviation relative to the full BEST-HR, scaled to 

the 95 % confidence range under the assumption of normally distributed errors. We do not apply a Bessel's correction since both 680 

our bootstrap method, and the inclusion of an extra degree of freedom in the calculation of the standard deviation, would make it 

inappropriate. 

5.2 Ocean uncertainty ensemble 

For the ocean domain, the analysis builds on the HadSST4 ensemble, which provides 200 realizations that sample bias correction 

uncertainty. However, HadSST's ensemble does not account for correlated and uncorrelated measurement noise, nor does it include 685 

coverage uncertainty arising from sparse marine observations. 

To construct a fully representative ocean ensemble consistent with the land analysis, a subset of the HadSST bias ensemble is 

selected at random (matching the size of the land superensemble). For each selected realization, additional perturbations are 

applied: 

• Uncorrelated measurement errors are sampled from HadSST’s reported variance fields; 690 

• Correlated measurement errors are simulated via Cholesky decomposition of the monthly error covariance matrix; in 

addition, ensemble members for correlated measurement error are generated to preserve a month-to-month temporal 

autocorrelation parameter of 0.9165 as described in Sect. 4.2; 

• Coverage uncertainty is assessed via a known-field reconstruction test, using a CESM2-based SST field and comparing 

the reconstruction to the target, as in the land case. 695 

Because HadSST provides full uncertainty metadata–including bias corrections, measurement error variances, and monthly 

covariance fields–it is possible to generate full perturbations of the original uninterpolated HadSST fields consistent with the 

statistical structure of the original data. 

The resulting ocean data perturbations are then passed through the BEST-HR ocean reconstruction procedure, including regression 

Kriging with predictive fields. This produces a set of spatially complete SST ensemble fields, each perturbed by realistic 700 

uncertainty components. These perturbed fields are then merged with estimated coverage errors to create a fully realized ensemble 

of alternative SST fields. Similar to the LSAT uncertainty, SST uncertainties are computed as the ensemble standard deviation 
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relative to BEST-HR, with no Bessel’s correction applied, scaled to the 95 % confidence range under the assumption of normally 

distributed errors. 

5.3 Merged land–ocean ensemble 705 

Having constructed separate land and ocean ensembles, corresponding realizations are merged to form a consistent global surface 

temperature ensemble. The merging procedure follows the blending framework described in Sect. 4.3, with land–ocean weights 

determined by coastal proximity and sea ice masking. 

Each member of the merged ensemble reflects a full-field reconstruction perturbed by: 

• Weather station observational noise and metadata uncertainty (from bootstrap resampling and homogenization), 710 

• Coverage limitations (from known-field reconstruction tests), and 

• SST bias and measurement error structures from HadSST metadata. 

This ensemble enables straightforward estimation of uncertainties in any derived quantity. For example, the uncertainty on global 

mean temperature anomalies, trend estimates, or regional averages can be obtained by computing the desired metric across the 

ensemble and taking the standard deviation, scaled to represent the 95 % confidence interval. 715 

6 Results and Evaluation 

This section presents the results of the BEST-HR reconstruction, including global and regional temperature trends, internal 

consistency checks, comparison with existing datasets, and characterization of reconstruction uncertainty. All results are based on 

the full-resolution 0.25° × 0.25° fields unless otherwise noted. 

6.1 Global Time Series 720 

At large scales, Fig. 5 shows that BEST-HR is little changed from the prior low-resolution version of Berkeley Earth’s analysis 

(BEST-LR). Land, ocean, and global trends are each very similar between BEST-HR and BEST-LR, with such differences as do 

exist generally within the previously reported 95 % uncertainty range. 

The most notable global average difference is a slightly warmer 19th century compared to BEST-HR. The largest source of this 

difference is due to changes in the estimate of temperatures over the Arctic as a consequence of the predictive fields used in the 725 

interpolation. Because temperature averages over sea ice are not included in either the land or ocean averages, this difference is 

not immediately apparent in either the land or ocean averages in Fig. 5. 

The other important difference revealed in Fig. 5 is changes in the uncertainty estimation. Prior to ~1920, BEST-HR often has a 

greater land and global uncertainty estimate than BEST-LR. This is not because the new interpolation method of BEST-HR is less 

accurate, but rather because the new approach to uncertainty quantification does a better job of assessing the possible errors. In 730 

other words, we conclude that BEST-LR was likely somewhat underestimating its uncertainty in the early part of the record. The 

increased uncertainty estimate arises primarily from two factors, the incorporation of homogenization and breakpoint uncertainties 

(fully omitted in BEST-LR) and the development of a new coverage uncertainty measurement approach that provides a more robust 

characterization of the impact of sparse coverage. We also note that the ocean uncertainty around World War II has been reduced 

as a result of a reduction in the bias uncertainty assessment in HadSST4.2 compared to the earlier HadSST4.1. 735 
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Figure 5: Comparing Global, Land, and Ocean averages from BEST-HR and BEST-LR and their associated uncertainties. 

The previously shown Fig. 1 compares global average anomaly time series of BEST-HR with those of other datasets. The data 

products are in general agreement and generally fall within the 95 % confidence interval of BEST-HR. One exception is that 

DCENT-I, DCENT_MLE and COBE-STEMP3 are warmer during the 1910s, which could reflect their improved SST bias 740 

corrections relative to HadSST4. Similarly, DCENT-I and DCENT_MLE are colder during the 19th century, reflecting improved 

SST bias corrections during this period. 

Figure 6 compares 95 % uncertainty ranges in the annual global average time series. In general, BEST-HR is in alignment with the 

other datasets on the magnitude of uncertainty. One exception is COBE-STEMP3, which has much less estimated uncertainty than 

other datasets. This could reflect COBE-STEMP3’s use of high 0.25° resolution SST observations, more spatial pattern usage, and 745 

use of multiple lines of evidence for SST bias adjustments (i.e., metadata, marine air temperatures, and coastal land air 

temperatures). Alternatively, this could reflect missing uncertainty components in COBE-STEMP3 (e.g., LSAT homogenization 

uncertainty, impact of sea ice). During WW2, the two HadSST4.2-based datasets, BEST-HR and HadCRU_MLE, estimate much 

less uncertainty than the three HadSST4.1-based datasets, BEST-LR, HadCRUT5 Analysis, and Kadow et al. This is because the 

update from HadSST4.1 to HadSST4.2 reduced the range of engine room intake measurement biases from 0.0-0.5°C to 0.2-0.3°C 750 

(Sandford & Rayner, 2026). 
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Figure 6: 95 % uncertainty ranges in global annual mean surface temperature anomalies, except for GloSATref, where surface air 

temperatures are used for sea regions. Other datasets include China-MST3-Imax, HadCRU_MLE, DCENT_MLE, and Kadow et 

al. Most uncertainty ranges (except for COBE-STEMP3 and China-MST3-Imax) were recalculated relative to the 1981–2010 755 

reference period. 

Since BEST-HR is an ensemble dataset, it provides temporal uncertainty information, which can be useful for many applications, 

including when combining with radiative forcing and ocean heat content data to produce improved temperature estimates or 

estimate climate emulators (e.g., Thorne et al., 2026) or for econometrics (e.g., Bruns et al., 2020; Bilal & Känzig, 2026). We 

calculated correlation coefficients in uncertainties in the annual global average temperature between consecutive years for each 760 

ensemble dataset (not shown). The average of this coefficient from 1850 to 2021 was 0.59 for BEST-HR, consistent with substantial 

temporal correlations in uncertainty. This value was more than that of GloSATref (0.29), HadCRUT5 Analysis (0.43), and 

DCENT-I (0.51); but less than that of GISTEMP (0.68), HadCRU_MLE (0.71), DCENT_MLE (0.75), GlobalTemp (0.83), and 

Kadow et al. (0.83). In general, we expect a significant degree of persistence in uncertainty arising from persistent systematic 

changes in the data collection networks, such as weather station location moves and instrumentation changes on both land and sea. 765 

Figure 7 shows warming (from 1850–1900 to 2012–2021) by latitude for available temperature datasets. For equatorial- and mid-

latitudes, all of the datasets are roughly in agreement on the rate of warming. Interestingly, in the Arctic, BEST-HR estimates much 

less warming than most other datasets despite its accounting for sea ice loss and climatological differences between sea ice and 

open sea regions. Perhaps this reduced Arctic warming is due to BEST-HR’s use of ERA-based spatial patterns, although other 

datasets used reanalysis-derived spatial patterns or neural networks (i.e., NOAA GlobalTempv6.1, COBE-STEMP3, China-MST3, 770 

CMA-GMST). BEST-HR is consistent with the suggestion of Qian et al. (2026) that many instrumental temperature datasets 

overestimate Arctic Ocean warming due to high observed anomalies in the Barents Sea. The only dataset with less Antarctic 

warming is COBE-STEMP3, which is expected since COBE-STEMP3 treats sea ice regions as open sea. In the Antarctic, BEST-

HR’s estimate of warming is not well constrained due to limited data availability in this region. 
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 775 

Figure 7: Average warming by latitude from 1850–1900 to 2012–2021. The shaded region reflects the 95 % ensemble uncertainties 

of BEST-HR and does not include coverage uncertainties. Other datasets include China-MST3-Imax, CMA-GMST, 

HadCRU_MLE, DCENT_MLE, and Kadow et al. Anomalies and uncertainties are relative to the 1981–2010 reference period. 

Figure 8 compares global average land surface air temperature anomaly time series of BEST-HR with those of other datasets: 

GloSATLAT (Taylor et al., 2025), which is an improved version of CRUTEM5; DCLSAT, the land surface component of DCENT 780 

(Chan et al., 2024); and NOAAGlobalTempv6.1, which uses an infilled version of GHCNv4. The data products are in general 

agreement, except for the past decade where NOAAGlobalTempv6.1 is warmer. 
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Figure 8: Time series of global annual land surface temperature anomalies. The shaded region reflects the 95 % uncertainties of 

BEST-HR. DCLSAT and GloSATLAT are the land temperature components of DCENT and GLoSAT, respectively. Anomalies 785 

and uncertainties are relative to the 1981–2010 reference period. 

BEST-HR also provides land-only monthly averages of daily minimum, daily maximum, and daily average temperatures going as 

far back as the early 18th century for TAVG (Fig. 9), which provides a unique view into the past not available from other global 

instrumental temperature datasets, although the recent GloSAT project extended temperature estimates back until 1781. 

Surprisingly, our historic trends suggest that recent daily maximum temperatures have been warming slightly faster than daily 790 

minimum temperatures, which is contrary to the expected effects from warming due to greenhouse gas emissions (IPCC, 2021). 

 

Figure 9: Time series of Berkeley Earth HR global annual average land surface temperature anomalies for maximum daily 

temperatures (TMAX), minimum daily temperatures (TMIN), and average daily temperatures (TAVG). Shaded regions reflect the 

95 % uncertainties. Anomalies and uncertainties are relative to the 1981–2010 reference period. 795 

6.2 Global Gridded Results 

Figure 10 shows estimated warming between four different time periods, the early industrial period (1850–1900) frequently used 

by the Intergovernmental Panel on Climate Change, the late pre-satellite period (1948–1977), the early satellite period (1981–

2010) used as a reference period by Thorne et al. (2026), and the most recent decade with data for all datasets (2012–2021). The 

higher resolution and spatial patterns allow BEST-HR to have more realistic warming patterns. In general, BEST-HR shows similar 800 

spatial patterns of warming to other instrumental temperature datasets (see Supplemental Material, Figs. S2–S5), such as land 

regions generally warming more than sea regions, and warming greatest in Arctic regions of sea ice loss. One exception is that 

BEST-HR estimates that the Arctic Ocean cooled from the early industrial period to the late pre-satellite period. A second exception 

is that, outside of the Barents Sea area, and with the exception of COBE-STEMP3 (which treats sea ice regions as open sea), 

BEST-HR estimates much less Arctic Ocean warming from the early satellite period to the recent decade. The Barents Sea is highly 805 
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observed and is an area of high warming due to sea ice melt; so it is possible that other instrumental temperature datasets are 

incorrectly interpolating high sea ice melt anomalies in the Barents Sea to the rest of the Arctic Ocean. 

 

Figure 10: Average warming in °C between four time periods: 1850–1900, 1948–1977, 1981–2010, and 2012–2021. 

Figure 11 compares estimated warming from BEST-HR with the two reanalysis datasets. The three datasets are in agreement from 810 

the early satellite era to the recent decade. However, JRA-3Q and ERA5 strongly disagree with instrumental temperature datasets 

on the amount and spatial distribution of warming since the pre-satellite era. This could reflect anomalous drifting of the reanalysis 

datasets in the absence of satellite data. 
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Figure 11: Average warming in °C between three time periods: 1948–1977, 1981–2010, and 2012–2021. 815 

Figure 12 shows the BEST-HR climatology for two months: January and July. This climatology is in agreement with the 

climatologies of other datasets (see Supplemental Material, Figs. S6–S9). Figure 13 shows BEST-HR’s spatial distribution of 

anomaly uncertainties for two select months: January 2000 and July 2000. BEST-HR shows much more detail, and spatial and 

seasonal heterogeneity in spatial uncertainty compared to other datasets (see Supplemental Material, Figs. S10–S11). In general, 

there is not much agreement across datasets in the spatial or seasonal distribution of uncertainty. 820 

 

Figure 12: 1981–2010 climatologies of BEST-HR in °C for (a) January and (b) July. 

 

Figure 13: 95 % uncertainty ranges in °C for BEST-HR temperature anomalies relative to 1981–2010 for (a) January 2000 and 

(b) July 2000. 825 

6.3 Regional Trends 

Figure 14 shows temperature anomalies for BEST-HR and other temperature datasets for seven continents and five oceans. BEST-

HR is generally in agreement with the trends of other datasets, with the main exceptions being the Arctic Ocean and North America, 

and Asia to a lesser extent, where BEST-HR estimates less warming than other datasets since the 19th century. DCENT-I, 

DCENT_MLE, and COBE-STEMP3 show warmer Atlantic conditions during the 1910s, likely due to their improved SST bias 830 

corrections; similarly, DCENT-I and DCENT_MLE show colder conditions in the 19th century for the Indian Ocean. COBE-

STEMP3 disagrees with other datasets for the Arctic and Southern Oceans as it treats sea ice regions as open sea. 
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Figure 14: Time series of annual mean surface temperature anomalies for seven continents and five oceans, except for GloSATref, 

where surface air temperatures are used for sea regions. The shaded region reflects 95 % ensemble uncertainties of BEST-HR. 835 

Other datasets include China-MST3-Imax, CMA-GMST, HadCRU_MLE, DCENT_MLE, and Kadow et al. Anomalies and 

uncertainties are relative to the 1981–2010 reference period. 

6.4 Examples of Reconstruction Improvements 

BEST-HR’s use of spatial patterns greatly improves infilling of temperatures in unobserved regions. Figure 15 shows temperature 

anomalies for two El Niño months when observations were sparse: January 1877 and December 1940. Compared to BEST-LR, 840 

BEST-HR reconstructs more realistic El Niño spatial patterns with bands of warm water in the eastern equatorial Pacific. The non-

infilled HadCRUT5 anomalies are also shown to indicate the spatial distribution of observations during these months. 

 

Figure 15: Temperature anomalies relative to 1981–2010 for select months: (a) El Niño of January 1877 and (b) El Niño of 

December 1940. 845 

Even for years with dense observational coverage, the higher resolution and inclusion of more realistic spatial patterns allows 

BEST-HR to provide more realistic reconstructions of past temperatures. Figure 16 compares BEST-HR to Berkeley Earth LR, 

HadCRUT, and the three other high resolution datasets (COBE-STEMP3, ERA5, JRA-3Q). BEST-HR is much more able to 

capture detailed features such as mountain ranges (panels (a) and (b)) and ocean eddies (panels (c), (d), (e), and (f)). Although, 

since BEST-HR uses 5° SST data, it’s not able to reproduce specific eddies in panels (d) and (f) captured by ERA5 and JRA-3Q. 850 

While COBE-STEMP3 uses higher resolution input data, so can sometimes better reconstruct these eddies, BEST-HR has much 

better resolution and reconstructions for land regions than COBE-STEMP3. 
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Figure 16: Temperature anomalies relative to 1981–2010 for select months and locations: (a) India September 2024, (b) California 

December 2020, (c) Indian Dipole November 2023, (d) Gulf Stream April 2014, (e) Kuroshio February 1995, (f) Southern Ocean 855 

Eddies April 2022, (g) Polar Vortex January 2014. Air temperatures instead of sea surface temperatures were used for ERA5 and 

JRA-3Q. For COBE-STEMP3, 0.25° resolution COBE-SST3 is shown for 1° grid cells where COBE-LSAT3 is not available. 
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7 Conclusions 

The Berkeley Earth Surface Temperature – High Resolution (BEST-HR) dataset represents a major step forward in observational 

climate data products. By applying a revised regression Kriging framework and increasing the native resolution to 0.25° × 0.25°, 860 

this new dataset achieves a substantial improvement in spatial detail over previous observational datasets. 

One of BEST-HR’s core strengths is its broad incorporation of observational data. The flexible station handling procedures and 

minimal continuity thresholds allow the integration of approximately 58,311 unique station records, far exceeding the coverage of 

comparable datasets, which typically include between 8,000 and 25,000 stations. This expansive coverage is particularly valuable 

in regions and periods where other products are sparse. 865 

The methodological updates in BEST-HR primarily affect the interpolation and spatial representation of temperature data. 

Importantly, the large-scale trends and associated uncertainties are largely consistent with previous Berkeley Earth analyses, 

affirming the robustness of the long-term conclusions about global climate change. Thus, while BEST-HR enhances the resolution 

and detail of temperature fields, it does not alter the broader understanding of climate evolution over the instrumental period. 

What BEST-HR offers, however, is a critical advance in local and regional-scale climate understanding. The improved spatial 870 

resolution enables more detailed analysis of sub-national trends, urban temperature changes, and regional extremes. This 

granularity is essential for urban planners, regional climate adaptation efforts, and policy development, as well as for climate 

scientists aiming to validate and calibrate high-resolution climate models. 

In many respects, the most appropriate benchmark for comparison is not another observational dataset, but the ERA5 reanalysis, 

which also operates at a comparable spatial resolution. However, key differences remain: whereas ERA5 provides physically 875 

consistent global fields using data assimilation, it does not directly assimilate historical surface weather station temperature 

measurements–largely due to limitations in temporal resolution and metadata (e.g., daily maximum and minimum temperatures 

lacking time-of-observation stamps). In contrast, BEST-HR is explicitly constrained by observed surface temperature records and 

constructed to reflect their values where available. 

This distinction is crucial. While ERA5 leverages a diverse array of observational sources–including satellites and radiosondes–it 880 

often must rely on model dynamics where direct surface constraints are unavailable. BEST-HR, by contrast, prioritizes fidelity to 

the observational record, and thus offers more accurate reconstructions of surface climatologies, seasonal cycles, and long-term 

trends in well-instrumented regions. For users seeking high-resolution observational benchmarks in such areas, BEST-HR is likely 

to offer superior accuracy. 

As with the lower-resolution BEST dataset, we plan to extend BEST-HR with daily gridded fields in the near future, providing 885 

higher temporal resolution for applications such as climate extremes, event attribution, and daily-scale climate model validation. 

In parallel, Berkeley Earth is actively developing a suite of user-facing tools designed to leverage the spatial detail of BEST-HR 

for climate model bias correction, localized trend analysis, and scenario-based future projections. 

Data availability 

Ongoing updates to full Berkeley Earth Surface Temperature – High-Resolution (BEST-HR) dataset, including gridded monthly 890 

temperature fields, climatologies, and the associated uncertainty ensemble, will generally be available at: 

https://berkeleyearth.org/data/  In addition, static copies of the key data reported in this paper have been archived at Zenodo.  The 
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gridded results files and global summary time series have been archived at https://doi.org/10.5281/zenodo.20428381 (Rohde et al., 

2026) and the merged station data used to create these results have been archived at https://doi.org/10.5281/zenodo.20427092 

(Rohde, 2026).  895 

The data are released under a Creative Commons Attribution-NonCommercial 4.0 International License (CC BY-NC 4.0).  

Code availability 

A snapshot of the source code used in this analysis is available via GitHub at 

https://github.com/BerkeleyEarthOrg/TemperatureAnalysis-Snapshot  
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