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1. Abstract11

Large amounts of sub-daily temperature data are shared globally through the Global12

Telecommunication System (GTS) in near-real time and through international data13

exchanges. However, converting these data into a global daily temperature dataset14

with a uniform definition—especially for daily maximum (Tmax) and minimum15

(Tmin) temperatures—has proven challenging due to the independent observation16

schedules across the world. To address this issue, we developed a new method that17

decomposes sub-daily Tmax and Tmin records from the Integrated Surface Database18

(ISD) into finer intervals, subsequently reaggregating them into daily Tmax and Tmin19

based on a prospective 0000–2400 UTC dateline. This new method increased the20

global daily Tmax and Tmin data counts by 64% and 45%, respectively, compared to21

the original method, which relied on either two consecutive Tmax/Tmin records over22

12 hours or a single Tmax/Tmin record over 24 hours. The Global Land Base23

Dataset-First Estimate Daily Data (GLBD-FED) was established for the period from24

1981 to 2024, following corrections for misrecorded Tmax and Tmin and quality25

control. GLBD-FED includes daily maximum (Tmax), average (Tave), and minimum26

temperature (Tmin) from approximately 17,000 global sites, with daily data amounts27

reaching about 10,000 entries per day in the current decade. When compared to the28

Global Summary of the Day (GSOD) dataset, GLBD-FED exhibits less extreme daily29

values over the last 40 years, showing a slightly lower daily Tmax (around -0.3°C)30

and a higher daily Tmin (around +0.3°C), with a nearly identical daily Tave31
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(approximately +0.1°C). These systematic differences arise from multiple sources,32

including: (1) UTC-boundary double-counting artifacts in GSOD (which alone33

introduced an average bias of +0.28°C in Tmax and -0.85°C in Tmin across ~1834

million and ~11 million duplicated records, respectively); (2) differing sub-daily data35

source preferences (Synoptic vs. METAR reports); and (3) divergent date boundary36

treatment methods. The database and associated data can be found at37

https://doi.org/10.5281/zenodo.17895292 (Yang et al., 2025).38

2. Introduction39

Near-surface air temperature is one of the most fundamental and core observational40

elements for reflecting global climate change (IPCC, 2021). In the context of global41

warming, obtaining long-term, high-spatial-coverage, and quality-controlled global42

daily instrumental surface temperature data (primarily including daily maximum,43

minimum, and mean temperatures) plays an irreplaceable role in climate change44

detection, attribution analysis, and the evaluation of weather and climate models45

(Alexander et al., 2006). Such high-temporal-resolution observational data not only46

reflects the mean state characteristics of the climate system but also serves as the47

cornerstone for characterizing high-frequency weather fluctuations and climate48

variability.49

In operational practices and scientific research, daily temperature data (especially50

daily maximum and minimum temperatures) are an absolute prerequisite for51

monitoring and assessing extreme weather and climate events. For instance, a series52

of core extreme climate indices defined by the WMO Expert Team on Climate53

Change Detection and Indices (ETCCDI)—such as the Warm Spell Duration Indicator54

(WSDI), Frost Days (FD0), and Extreme Maximum Temperature (TXx)—must be55

calculated based on continuous, high-quality daily temperature data (Alexander et al.,56

2006; Donat et al., 2013; Dunn et al., 2020; Zhang et al., 2011). These derivative57

indices not only provide indispensable observational evidence for successive58

assessment reports by the Intergovernmental Panel on Climate Change (IPCC) but are59

also widely applied in the real-time monitoring of severe weather and early warning60

systems (IPCC, 2021).61

https://doi.org/10.5281/zenodo.17895292
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While numerous global observational datasets exist to support climate research, there62

is a pronounced scarcity of daily global temperature datasets based purely on in situ63

station data. Historically, the development of global observational products has been64

exceptionally robust for precipitation, flourishing through both dense in situ65

gauge-based gridded analyses (e.g., GPCC; Becker et al., 2013) and multi-source66

merged products incorporating satellite estimates (e.g., MSWEP; Beck et al., 2019).67

In contrast, the available landscape for global daily temperature is much narrower.68

Existing prominent temperature datasets, such as GHCN-Daily (Menne et al., 2012),69

Berkeley Earth (BEST; Rohde et al., 2013), and HadGHCND (Caesar et al., 2006),70

are primarily designed either as retrospectively homogenized benchmark networks or71

as spatially interpolated gridded products optimized for long-term climate trend72

analysis. This scarcity leaves a critical gap for a purely station-based, high-fidelity73

daily temperature dataset that can leverage the improved global accessibility of74

sub-daily observations.75

High-quality daily temperature datasets generally fall into two distinct operational76

tiers: homogenized benchmark datasets (such as GHCNd) designed for long-term77

climate change detection, and near-real-time, first-hand datasets designed for rapid78

synoptic monitoring and immediate extreme weather assessment. While benchmark79

datasets are essential for climatology, they often involve significant latency.80

Conversely, legacy near-real-time datasets (such as GSOD) often suffer from severe81

temporal aggregation artifacts—such as misallocating sub-daily extremes to incorrect82

calendar days due to strict UTC boundary constraints (the specific mechanisms and83

quantitative impacts of these challenges are discussed in detail in Section 5.3). These84

algorithmic characteristics introduce artificial noise that affects rapid extreme weather85

analysis. Furthermore, a critical gap remains: strict temporal and methodological86

uniformity. National and regional benchmark datasets frequently employ diverse87

definitions of a 'daily' period and utilize disparate temporal aggregation algorithms.88

This lack of standardization introduces well-documented Time of Observation Biases89

(TOB; Karl et al., 1986). When researchers attempt to combine these localized90

high-quality datasets for global monitoring, these methodological differences91

inevitably create artificial discontinuities ('seams') across national borders.92

The core scientific significance of GLBD-FED lies in its ability to eliminate these93
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methodological borders. By applying a single, unified algorithmic framework directly94

to first-hand sub-daily synoptic reports across all global regions simultaneously,95

GLBD-FED enforces a universal physical 24-hour window (0000 to 2400 UTC). This96

strict temporal alignment is irreplaceable for advanced meteorological applications,97

particularly in the verification of global Numerical Weather Prediction (NWP) model98

outputs. Modern NWP models output daily forecast summaries based on standardized99

UTC cycles; validating these outputs against heterogeneous regional datasets100

introduces severe temporal mismatch errors (Haiden et al., 2018). By aligning with101

the World Meteorological Organization's standard for synoptic uniformity (WMO,102

2017), GLBD-FED provides a seamless, time-aligned 'first estimate' ground truth.103

Therefore, the primary focus of GLBD-FED is to serve as a high-fidelity, global,104

near-real-time, first-hand daily dataset that supports reliable, large-scale extreme105

event monitoring and serves as temporally consistent raw material for future106

benchmark homogenization.107

Accordingly, this study aims to produce GLBD-FED, a global first-hand daily108

temperature dataset (1981–2024) that preferentially aligns maximum, minimum, and109

average temperatures to a unified 0000–2400 UTC 24-hour window. To achieve this,110

we developed new temporal reconstruction algorithms designed to optimally utilize111

irregularly timed sub-daily measurements from the ISD. By harmonizing these112

records under a strict temporal framework, our methodology effectively mitigates113

Time of Observation Biases (TOB) and artificial geopolitical border effects. The data114

sources and methodology—including automated error correction and sliding-window115

fallback mechanisms—are detailed in Sections 3 and 4. This is followed in Section 5116

by a comparative evaluation against a legacy dataset (GSOD), which quantitatively117

highlights the resolution of systematic temporal attribution biases. Finally,118

conclusions are presented in Section 6.119

3. Data Sources120

3.1 Near-real-time sub-daily meteorological measurements121

Hourly surface temperature observations spanning 1981–2024 were compiled through122

the Integrated Surface Database (ISD), a global database that consists of hourly and123

synoptic surface observations compiled from numerous sources into a single common124

ASCII format and common data model (Smith et al., 2011). It is important to note that125
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NOAA formally terminated updates to the ISD in 2025, transitioning to the new126

Global Historical Climatology Network hourly (GHCNh) framework. However, our127

evaluation indicates that GHCNh currently lacks several critical meteorological128

elements present in the legacy ISD—specifically the 12-hour and 24-hour temperature129

extremes. Given that these explicitly reported extremes are essential for our algorithm,130

the historical ISD remains the only viable source for reconstructing the high-fidelity131

1981–2024 baseline presented in this dataset.132

The ISD-derived temperature parameters encompass five specific temporal133

components: discrete sub-daily instantaneous temperatures (which are utilized to134

derive the daily mean temperature, denoted as Tave), 24-hour explicitly reported135

maxima and minima (Tmax-24h and Tmin-24h), and 12-hour explicitly reported136

maxima and minima (Tmax-12h and Tmin-12h).137

Fig 1 visualizes the global distribution of sub-daily temperature data volumes across138

the 24-hour UTC cycle spanning the period from 1981 to 2024. The analysis reveals139

striking temporal discrepancies among different temperature parameters. For the140

discrete hourly temperature observations (utilized to derive Tave), the data volume is141

continuously distributed across all hours, characterized by a highly robust multi-peak142

pattern. The primary peaks align perfectly with the standard 6-hourly synoptic times143

(0000, 0600, 1200, and 1800 UTC), complemented by secondary peaks at the144

intermediate 3-hourly intervals (0300, 0900, 1500, and 2100 UTC). This dense and145

temporally consistent distribution provides a solid foundation for calculating highly146

representative daily mean temperatures. Analysis of the discrete sub-daily reporting147

frequency reveals that the global network primarily operates on a combination of148

3-hourly and 6-hourly cadences, manifesting as two dominant 6-hourly regimes offset149

by 3 hours: 0000/0600/1200/1800 UTC and 0300/0900/1500/2100 UTC.150

In stark contrast, the explicitly reported extreme temperatures (Tmax and Tmin)151

exhibit extreme temporal concentration. The 24-hour extremes (Tmax-24h and152

Tmin-24h) are overwhelmingly anchored at just two specific reporting times: 0600153

and 1800 UTC. Similarly, the 12-hour extremes present a highly asymmetric,154

diurnal-driven reporting pattern. Specifically, Tmin-12h reaches its absolute155

volumetric peak at 0600 UTC, capturing the nighttime cooling, whereas Tmax-12h156
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overwhelmingly peaks at 1800 UTC, corresponding to daytime warming. It should be157

noted that the overwhelming concentration of explicit 24-hour extreme reports at158

specific hours (e.g., 0600 and 1800 UTC) is primarily an artifact of international data159

exchange standards, rather than a reflection of the longitudinal/geographic distribution160

of stations. WMO synoptic reporting protocols require member states to aggregate161

and submit extreme records at standardized global synoptic hours (WMO, 2015).162

Consequently, the ISD archive structurally 'anchors' the vast majority of explicit163

global extreme reports to these specific UTC timestamps.164

These distinct structural characteristics explicitly demonstrate that while hourly165

observations offer continuous sub-daily coverage, explicit extreme reports are highly166

sparse outside of a few specific synoptic hours. This temporal fragmentation167

structurally mandates and quantitatively justifies the necessity of our secondary168

fallback strategy, which utilizes the high-frequency hourly observations to robustly169

reconstruct daily extremes when explicit records are absent.170

The multi-panel maps in Fig 2 to Fig 6 illustrate the spatiotemporal evolution of171

sub-daily temperature data volumes from 1981 to 2024. The analysis reveals a172

striking contrast in data availability: while discrete hourly temperatures exhibit173

continuous and stable growth in spatial coverage and reporting frequency over the174

four decades, explicitly reported extremes (12-hour and 24-hour Tmax/Tmin) suffer175

from severe geographic fragmentation and decadal volatility, notably experiencing a176

pronounced global decline between 1990 and 2010. These stark spatiotemporal177

discrepancies visually highlight the limitations of relying exclusively on explicitly178

reported extremes and quantitatively justify the necessity of utilizing high-density179

hourly data as a secondary fallback strategy.180

In summary, sub-daily observations exhibit irregular observation intervals compared181

to Tave. Moreover, Tmax and Tmin do not always appear in pairs as expected,182

indicating that date shifts and inhomogeneities may not only exist between regions but183

also between the raw Tmax and Tmin records themselves.184
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Figure 1 The distribution of sub-daily temperature data amounts at each o'clock during 1981–2024.185
(Note: In panels b and c, the red and blue bars are purposefully offset slightly for visual clarity to186

prevent overlap, though they represent records reported at the exact same synoptic hours.)187

Figure 2 Spatial distributions of Hourly average data volume per day for hourly Tave from ISD. Panel188
a,b,c,d stand for the results 1981-1990, 1991-2000, 2001-2010, 2011-2024.Spatial distributions of189

hourly average data volume per day for hourly Tave from ISD. Panels a, b, c, d represent 1981–1990,190
1991–2000, 2001–2010, 2011–2024.191
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Figure 3 Similar to Figure 1, but for Tmax-12h192

Figure 4 Similar to Figure 2, but for Tmax-24h193
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Figure 5 Similar to Figure 1-S1, but for Tmin-12h194

Figure 6 Similar to Figure 1-S1, but for Tmin-24h195

3.2 GSOD in-situ daily data196

The legacy GSOD dataset evaluated herein was accessed on 2025-03-01, reflecting197

the version that relied exclusively on the ISD as its input. The Global Surface198

Summary of the Day (GSOD; accessible at199
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https://www.ncei.noaa.gov/access/metadata/landing-page/bin/iso?id=gov.noaa.ncdc:C200

00516), maintained by the U.S. National Centers for Environmental Information201

(NCEI), generates daily meteorological summaries from over 9,000 global weather202

stations. Derived through systematic processing of the ISD, this product provides203

continuous records spanning 1929 to present, with post-1973 data exhibiting optimal204

completeness. Readers should be aware that with the retirement of the ISD, the legacy205

GSOD is slated for replacement by a new product, the Surface Summary of the Day206

(SSOD). Because the SSOD has not yet been officially released, a direct comparison207

with the true successor to GSOD is not currently possible. Furthermore, because208

GHCNh does not currently support our methodological requirements, real-time209

operationalization of GLBD-FED is temporarily paused.210

4. Methods211

Fig 7 illustrates the main procedures involved in the production of the Global Base212

Dataset-First Estimate Daily Data (GLBD-FED). The Integrated Surface Database213

(ISD) served as the data source, from which daily Tmax, Tave, and Tmin were214

derived using new methods after correcting for misrecorded data.215

All daily data underwent rigorous quality control and were assigned specific quality216

and date boundary codes (detailed procedures are provided in Appendix, Section 11).217

Figure 7 Main procedures of GLBD-FED production218

4.1. Correction for Mis-recorded sub-daily Tmax/Tmin in data source219
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The quality of the data source is one of the most critical factors influencing the final220

data product. Notably, there were numerous misrecorded values for Tmax and Tmin221

over 12-hour and 24-hour periods in the global hourly data, particularly in South222

America.223

Fig 8 presents a case study from San Antonio Oeste, Argentina (877840-99999),224

covering January 5 to January 12, 2023. The red and blue lines represent the derived225

upper limits of temperature from Tmax-12h and Tmax-24h, respectively, while the226

black circles indicate hourly Tave. Panel (a) displays results from the raw data,227

revealing that San Antonio Oeste tends to record Tmax-24h at 1200 UTC and228

Tmax-12h at 0000 and 1200 UTC. The blue lines (derived from Tmax-24h) are229

consistently lower than the hourly Tave, suggesting that these Tmax-24h values are230

likely erroneous due to incorrect recording.231

The case study at San Antonio Oeste is highly representative of a systematic structural232

artifact within the legacy archive. A comprehensive global assessment of this specific233

mis-recording error from 1981 to 2024 reveals that it affected numerous stations234

worldwide, with concentrated occurrences in Western Europe, Russia, China, Canada,235

and South Africa. The primary driver of this anomaly is the misclassification of236

high-frequency sub-daily reports (e.g., 1-hour summaries) as 24-hour extremes. The237

spatial distribution and frequency of the stations affected are detailed in the Appendix238

(Figure S1). To ensure high-throughput scalability across the global network, these239

corrections were coded as automated conditional rules integrated directly into our240

processing pipeline. The specific programmatic procedures are as follows:241

- Tmax-24h records at hh:00 were compared with the highest hourly Tave from the242

previous 12 hours (Tave-12hhigh) and 24 hours (Tave-24hhigh). If Tmax-24h <243

Tave-24hhigh − 0.5°C and Tmax-24h ≥ Tave-12hhigh, it indicates that the Tmax-12h244

at hh:00 was incorrectly recorded as Tmax-24h and should be corrected.245

- Tmax-12h records at hh:00 were similarly compared. If Tmax-12h > Tave-12hhigh +246

0.5°C and Tmax-12h ≤ Tave-24hhigh, it suggests that the Tmax-24h at hh:00 was247

inaccurately recorded as Tmax-12h and should also be corrected.248

- The corrections for Tmin-24h and Tmin-12h followed a similar approach, but249

comparisons were made with the lowest hourly Tave from the previous 12 hours and250

24 hours.251
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Fig 8 panel (b) displays the corrected results. The misrecorded Tmax-24h values were252

restored to Tmax-12h, and the derived hourly upper limit temperatures now align253

closely with the hourly Tave.254

Figure 8 The discrete hourly observations and the derived upper limit of temperature deduced from255
Tmax-12h/24h during 5th Jan to 12th Jan 2023 at San Antonio Oeste, Argentina. Panels (a) and (b)256
represent the results from the raw and restored data, respectively. The misrecorded Tmax-24h (blue257

lines in panel a) are restored as Tmax-12h (red lines in panel b).258

4.2. New algorithms for in-situ daily temperature calculation259

Aiming to obtain a set of global daily temperature data standing for the air260

temperature status under a prospective dateline, new algorithms were developed.261

4.2.1. Time window management for daily data calculation262

The standard 24-hour window for calculating daily variables (Tmax, Tave, and Tmin)263

is strictly defined as 0000 to 2400 UTC. However, to maximize global data retention,264

we implemented a sliding-window fallback mechanism. If sub-daily observations are265

insufficient to calculate a valid daily value within the standard UTC day, the 24-hour266

calculation window is systematically shifted by 1-hour increments (up to ±12 hours)267

until a complete 24-hour data block is found. To ensure complete transparency and268

traceability, the specific start and end times utilized for each adjusted daily calculation269

are explicitly recorded in the dataset metadata.270

4.2.2. Equidistant sampling for daily Tave calculation271

The most analyzed variable in climate studies is mean annual or monthly temperature,272

historically often defined using either fixed-hour observations or the simple average273

of daily maximum and minimum temperatures (Trewin, 2010). However, as discussed274
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regarding spatiotemporal data volume (Section 3.1), explicit Tmax and Tmin reports275

do not always appear in pairs, exhibit lower geographic continuity than hourly276

observations, and are highly susceptible to Time of Observation Biases (TOB). This277

implies that deriving the daily Tave directly from the arithmetic mean of discrete,278

evenly distributed hourly records within the strict 0000–2400 UTC window is279

significantly more robust and globally uniform relative to deriving it from legacy280

extreme summaries. The daily average temperature is calculated as the following281

formula:282

���������
1 = ����ℎℎ+����ℎℎ+6ℎ����+����ℎℎ+12ℎ����+����ℎℎ+18ℎ���� 4 ( 1 )283

ℎℎ = 0000,0100, …0500 ���

In this context, Tave represents the average temperature, with the subscript 'daily'284

indicating the daily aggregation and 'hh' denoting the specific starting hour. The value285

of hh is strictly one of the hours from 0000 to 0500 UTC (i.e., hh ∈ {0000, 0100, ...,286

0500}). In cases where higher-frequency sub-daily data provide multiple valid287

combinations, we apply a sequential priority rule: the algorithm selects the first288

available 6-hourly sequence by sequentially scanning the starting hours from 0000289

UTC. To mitigate temporal sampling biases introduced by missing or irregular hourly290

observations, the daily average temperature (Tave) is only computed when there are at291

least 4 valid hourly observations relatively evenly distributed across the 24-hour292

period. Days failing to meet this data completeness threshold are recorded as missing.293

4.2.3. Reaggregation for daily Tmax and Tmin calculation294

Sub-daily Tmax and Tmin records were temporally decomposed into finer intervals,295

following the precipitation data processing protocols established by Yang et al. (2020).296

This approach facilitated probabilistic recombination into daily Tmax and Tmin297

values under a prospective dateline. Fig 9 illustrates a case of daily Tmin calculation298

using the reaggregation algorithm at False Pass, US (700638-99999) on October 11,299

2024.300

During the period from October 11 to October 12, False Pass recorded Tmin-12h at301

1200 UTC and Tmin-24h at 0900 UTC. Initially, an implicitly deduced Tmin-15h at302

0000 UTC on October 12 (−1.7°C, indicated by the dashed green arrow) was derived303

from the overlapping Tmin-24h at 0900 UTC (4.4°C, solid deep blue arrow) and304
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Tmin-12h at 1200 UTC on October 12 (−1.7°C, solid light blue arrow). It is important305

to note that this temporal decomposition algorithm strictly requires perfect boundary306

alignment between the input records; if the boundaries do not perfectly align, the307

deduction becomes mathematically invalid and cannot be performed. This value was308

then combined with the Tmin-12h at 1200 UTC on October 11 (−1.1°C) to produce309

the daily Tmin value for October 11 (−1.7°C), which was the minimum recorded310

during that day.311

Figure 9 Application of the reaggregation algorithm for the daily Tmin value at False Pass, US312
(700638-99999) on October 11, 2024. The solid light and deep blue arrows represent the explicitly313
measured Tmin-12h and Tmin-24h records, respectively. The dashed green arrow represents the314

Tmin-15h implicitly deduced from these measured records.315

In comparison to the original method (which used either two consecutive Tmax/Tmin316

records over 12 hours or one Tmax/Tmin record over 24 hours), the reaggregation317

algorithm demonstrates a significant improvement. Fig 10 illustrates the average data318

volume of global daily Tmax and Tmin obtained by the two methods in 2023. The319

volume of daily Tmax data increased by 64%, rising from approximately 3,400 to320

5,600 entries per day, while the volume of daily Tmin data grew by 45%, increasing321

from 4,100 to 5,900 entries per day.322

Figure 10 Average data volume of global daily Tmax and Tmin in 2023. The gray and blue bars323
represent the data calculated by origin and reaggregated methods, respectively.324
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Fig 11 illustrates the spatial distribution of the additional data recovered by our325

temporal reconstruction algorithm. At the national level, several countries exhibit326

particularly large increases. For instance, Canada, Brazil, Finland, Denmark, Poland,327

Romania, Australia, New Zealand, Thailand, Indonesia, and the Philippines show328

notable increases in retrieved daily Tmax records. Similarly, regions including Canada,329

Brazil, Finland, Denmark, Poland, Romania, and Kazakhstan display significant330

growth in daily Tmin. Overall, the recovery of Tmax exhibits a wider geographic331

spread. This broader spatial rise is largely attributable to our algorithm successfully332

resolving severe baseline scarcities caused by national reporting times clashing with333

rigid UTC boundaries across networks in Australia and New Zealand. Notably, the334

distribution reveals pronounced geopolitical border effects. These sharp spatial335

contrasts at national boundaries directly reflect the differing sub-daily reporting336

protocols and data exchange policies enforced by individual National Meteorological337

and Hydrological Services (NMHSs). Because the temporal reconstruction algorithm338

capitalizes on specific sub-daily reporting cadences, its enhancement effect naturally339

maps onto these nation-specific administrative practices.340



16

Figure 11 The spatial distribution of the increasing Tmax (panel a) and Tmin (panel b) data improved341
by the reaggregation algorithm in 2023. The color represents the increasing data volume342

If the standard reaggregation algorithm fails or cannot be applied due to non-standard343

reporting times, a fallback strategy is implemented. First, the Tmax/Tmin-24h records344

that cover the greatest number of hours within the target day are used as the daily345

values, provided they overlap for at least 12 hours. Otherwise, the absolute maximum346

and minimum values derived from the discrete hourly temperature observations are347

employed as supplementary estimates for Tmax and Tmin, respectively, given that at348

least 21 valid hourly observations are available for that day. It is important to349

acknowledge that deriving daily extremes from discrete hourly temperature samples is350

subject to inherent sampling biases. Because true temperature extremes rarely occur351

exactly at the 'top' of the hour, estimates derived from quasi-instantaneous hourly352

observations tend to be slightly lower for Tmax and higher for Tmin than the true353

absolute values. Nevertheless, in the absence of explicit extreme reports, utilizing354

high-frequency hourly observations remains the only practical approach to maintain355

global temporal continuity.356

4.3. Data quality controls357

Given the massive volume of the global dataset and our objective to provide a rapid,358

scalable 'first estimate' baseline, the entire quality control procedure is fully359

automated. Quality controls were implemented for both the input hourly data and the360
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produced daily data. Global hourly temperature data quality tests include a spike361

value test, a stuck value test (which identifies prolonged sequences of the same value362

in the data series), and an inner consistency test (assessing the relationships between363

Tmax, Tave, and Tmin). The daily data underwent these same tests, along with364

additional temporal and spatial consistency tests. Specifically, the temporal365

consistency test identifies values that deviate excessively from the station's long-term366

historical distribution, while the spatial consistency test compares a station's record367

with simultaneous observations from neighboring stations within a 100-km radius to368

detect localized anomalies. This specific suite of quality control tests was selected369

because it represents the established international standard, strictly adhering to WMO370

guidelines (WMO, 2011; 2018) and the comprehensive automated quality assurance371

protocols developed for major global datasets such as GHCN-Daily (Durre et al.,372

2010; Menne et al., 2012) and the ISD (Lott, 2004). Details of these tests for daily373

data are provided in the Appendix.374

Throughout the processing pipeline, data quality results are evaluated via375

programmed conditional checks at each step and automatically flagged into three376

distinct categories: credible, suspicious, and erroneous. The quality test results at each377

stage are compiled into a final assessment of data quality levels for each individual378

data point (i.e., specifically for each individual daily record). A final quality level for a379

given observation is flagged as credible if there is no more than one suspicious test380

result and no erroneous test results across all applied tests. Conversely, a value is381

flagged as erroneous if more than one erroneous test result is found; otherwise, the382

final quality level is classified as suspicious.383

5. Results and Discussion384

In this section, we first present the temporal changes and spatial coverage of the385

global in-situ daily temperature data volume of GLBD-FED. This is followed by386

comparisons of data values between GLBD-FED and GSOD, along with further387

discussions.388

5.1. Dataset Positioning and Current Status389

It is important to emphasize that GLBD-FED is fundamentally designed as a390
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near-real-time, first-hand operational product rather than a retrospectively391

homogenized benchmark dataset. Its primary utility lies in rapid, temporally accurate392

evaluations of regional synoptic weather events and validating numerical weather393

prediction models. Caution should be exercised if applying it directly to long-term394

decadal climate trend detection without further statistical homogenization.395

Furthermore, while the GLBD-FED processing framework was built for continuous396

near-real-time updates, its current operationalization is constrained by upstream data397

source transitions. Following the recent retirement of the ISD archive, we evaluated398

its successor, NOAA's GHCN-Hourly (GHCNh). Our assessment revealed that the399

meteorological elements contained in GHCNh have been significantly reduced,400

lacking the specific sub-daily extreme reports necessary to robustly support our daily401

Tmax and Tmin reconstruction methodology. Therefore, while real-time streaming is402

currently paused, the completed 1981–2024 GLBD-FED archive stands as a highly403

valuable, temporally aligned 44-year historical first-hand baseline for the global404

meteorological community.405

5.2. In-situ Data Volume and Spatial Coverage406

Fig 12 presents the spatial distribution (panels a1, a2, and a3) and temporal changes407

(panels b1, b2, and b3) of global daily Tmax, Tave, and Tmin data from 1981 to 2024.408

The colorful dots in panel a indicate the duration of daily data at each site, while the409

gray and black curves represent the daily data volume and the 15-point smoothing410

results, respectively.411

Tmax, Tave, and Tmin exhibit very similar spatial distributions and temporal changes412

over the last four decades. Panels a1, a2, and a3 show approximately 17,000 sites with413

at least one year of daily Tmax data. Sites in China, Japan, and central Europe have414

extensive time series of daily Tmax (≥30 years, indicated by red dots). Western415

Europe and the US demonstrate a high spatial density of daily Tmax data.416

Notably, the apparent abundance of short time series in the U.S. (indicated by green417

and blue dots, <20 years of records) is largely an artifact of the legacy ISD station418

identification system. Under this older system, minor station relocations or419
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administrative updates frequently resulted in the assignment of new station IDs,420

artificially fragmenting what are physically continuous observations. As recent421

advancements have shown, processing these records through the unified identifier422

framework of the newer GHCNh dataset (e.g., merging closely located fragments423

under a single USW-prefix station ID) effectively resolves these artificial breaks and424

restores the long-term continuity of the time series. Conversely, countries like China425

tend to retain a consistent ID across relocations to preserve long-term continuity,426

which necessitates more rigorous homogenization attention in subsequent applications.427

Brazil also displays a high spatial density of data, with most stations beginning428

temperature observations in the last decade. Substantial sites with at least 20 years of429

daily temperature data can be found in southern Canada, coastal Australia, Russia, and430

southern Asia. Although the Antarctic and Arctic regions are among the most431

challenging for meteorological observation globally, dozens of sites have commenced432

measurements in the current century.433

The global daily data volume for Tmax, Tave, and Tmin has increased significantly434

over the last four decades. As shown in panels b1, b2, and b3, the global daily data435

volume rose from approximately 3,000 entries per day in the 1980s to around 10,000436

entries per day in recent years.437

It should be noted that the occasional sharp drops observed in the time series are real438

features of the raw data stream, corresponding to specific periods of severe disruption439

in global data transmission caused by operational instabilities (e.g.,440

telecommunication outages) within the WMO Global Telecommunication System441

(GTS) and national exchange networks.442

Furthermore, the quasi-periodic fluctuations (dips) observed in the early Tmin record443

(Fig. 7, panel b3) are artifacts of historical data scarcity in the underlying ISD archive.444

Our reaggregation algorithm is designed to primarily utilize explicitly reported445

extremes (Tmin-12h/24h), relying on high-frequency hourly observations as a446

secondary fallback. During these earlier years, the raw archive occasionally lacked447

both explicit extreme reports and sufficient sub-daily observations. When neither data448

source meets the necessary computational thresholds, valid daily Tmin values cannot449

be reconstructed, leading to temporary drops in the aggregated data volume.450
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Figure 12 The spatial distribution (panels a1, a2, a3) and temporal changes (panels b1, b2, b3) of global451
daily temperature data during 1981–2024. Panels a1/b1 represent Tmax, a2/b2 represent Tave, a3/b3452
represent Tmin. The colorful dots in panel a represent the length of daily data at sites (sequential453

'rocket' color scale); the gray and black curves stand for the daily data volume and 15-point smoothing454
result.455

5.3. Comparison of daily temperature with GSOD456

Fig 13 presents the multi-decadal time series (1981–2024) of global daily temperature457

differences between GSOD and GLBD-FED. Calculated as the arithmetic mean458

across the strictly limited spatiotemporal intersection of the two datasets (i.e., only459

matched records present in both GSOD and GLBD-FED were included), the results460

demonstrate that GSOD exhibits a warmer daily Tmax (around +0.3°C), a colder461

Tmin (around -0.3°C), and nearly the same daily Tave (around +0.1°C) relative to462

GLBD-FED throughout the entire period. This means that rapid, near-real-time463

extreme weather assessments and operational synoptic evaluations relying on legacy464

datasets like GSOD would systematically misrepresent the magnitude of extreme465

events—overestimating warm extremes and underestimating cold466

extremes—compared to methodologically uniform evaluations based on GLBD-FED.467
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Figure 13 The daily time series of average difference in global in-situ daily temperature between468
GLBD-FED and GSOD (1981-2024) (GSOD minus GLBD-FED). The gray and black lines are the469

daily and 15 points-smoothing results, respectively. Panel (a), (b), and (c) stand for the results of Tmax,470
Tave and Tmin, respectively.471

A detailed examination of the multi-decadal time series (Figure 8) reveals two notable472

temporal features: a pronounced seasonal cycle in the biases prior to 1990, and a473

long-term downward trend in the daily average temperature (Tave) bias (decreasing474

from approximately +0.25°C in the 1980s to roughly +0.10°C in the recent decade).475

Both features are intrinsically linked to historical data quality artifacts and algorithmic476

characteristics. In the early era, the seasonal cycle in the Tmax bias was largely driven477

by GSOD's processing of cold-season data from high-latitude regions. During boreal478

winters, raw observations in these environments were prone to anomalous positive479

spikes (unrealistic short-term jumps). GSOD's fallback extraction strategy480

misclassified these anomalous spikes as valid daily maximums, artificially inflating481

the winter Tmax and subsequently skewing the overall Tave upward. Simultaneously,482

the Tmin seasonality was driven by periodic variations in the volume of duplicated483

records within the GSOD archive. The long-term decreasing trend in the Tave bias484

reflects the progressive modernization of the global observing network. As automated485

weather stations and enhanced transmission protocols were widely deployed, the486

frequency of raw sensor noise dropped significantly. In contrast, GLBD-FED487

demonstrates higher stability throughout the 44-year period, as its rigorous temporal488
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consistency checks successfully filtered out these anomalous spikes even during the489

early, noisier era.490

Fig 14 illustrates the spatiotemporal heterogeneity of daily temperature discrepancies491

between GSOD and GLBD-FED from 1981 to 2024. The sites in GSOD with higher492

daily Tmax (≥0.5°C) relative to GLBD-FED are primarily located in Southern Africa,493

Brazil, Argentina, Canada, and the western United States (panel a1), accounting for494

21.4% of all sites (approximately 17,000) (panel a2).495

Figure 14 Spatial distribution of the difference in in-situ daily temperature data between GLBD-FED496
and GSOD during 1981–2024 (GSOD minus GLBD-FED). Panels a1, b1, c1 show the difference in497
Tmax, Tave and Tmin at each site. Panels a2, b2, c2 represent the site number distribution with498

diversities.499

Interestingly, GSOD shows lower Tmax values in China compared to GLBD-FED.500

This discrepancy arises from several types of reports labeled with the same ID in the501

ISD. The Metar and Synoptic reports in China are independent and measured at502

different sites. Metar temperature reports tend to be lower than Synoptic temperature503

reports since the latter are mostly recorded in urban areas. GSOD prioritized Metar504

reports as data sources, while GLBD-FED optimized Synoptic reports, leading to the505

observed negative bias in China.506

Meanwhile, sites in GSOD with a lower daily Tmin (≤−0.5°C) compared to507

GLBD-FED are predominantly concentrated in Australia, Russia, and Northeast Asia508

(panel c1), accounting for 17.4% of all evaluated sites. For eastern Australia in509

particular, this regional bias is highly likely attributable to structural discrepancies510
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between national reporting practices and global transmission standards. Specifically,511

the standard national observation time for Tmin in eastern Australia is 2200 or 2300512

UTC (depending on the season), whereas international synoptic reports sometimes513

stamp these observations at 0000 UTC. This temporal misalignment leads to Time of514

Observation Bias (TOB) causing double-counting or the shifting of minimum515

temperatures across the 0000 UTC boundary in the legacy GSOD dataset. Daily Tave516

from GSOD and GLBD-FED exhibits much greater consistency compared to Tmax517

and Tmin (panel b1), with 95.3% of sites maintaining differences within ±0.5°C518

(panel b2).519

5.4. The causes for the discrepancy in daily temperature data520

GLBD-FED and GSOD employ different algorithms to produce daily temperature521

data, resulting in discrepancies in data properties and biases between the two datasets,522

particularly for Tmax and Tmin. Table 1 outlines three main differences in the key523

processes of daily Tmax and Tmin data production between GLBD-FED and GSOD.524

First, GLBD-FED and GSOD have distinct definitions for daily Tmax and Tmin data.525

GLBD-FED considers records that could or almost represent the highest or lowest526

temperature in a 24-hour period as daily Tmax and Tmin, while GSOD selects the527

highest and lowest records within the 24 hours.528

Second, although both GLBD-FED and GSOD utilize sub-daily data shared globally529

through the Global Telecommunication System (GTS) as their data source, they apply530

this data differently. GLBD-FED prefers Synoptic reports over Meteorological531

Aerodrome (Metar) and other reports when multiple types of sub-daily reports share532

the same ID, whereas GSOD does the opposite.533

Third, GLBD-FED makes efforts to adjust the daily temperature boundary to 0000534

UTC whenever possible, while GSOD retains the highest and lowest values as they535

appear within the 24-hour period.536

Table 1 the comparison of the key processes in daily Tmax/Tmin calculation between GBLD-FED and537
GSOD538

No Key processes GLBD-FED GSOD

1 The definition of the daily
Tmax/Tmin data

The records could/almost
represent the highest/lowest

The highest/lowest
records in the 24h.
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temperature over the 24h.

2

The preference about the data
source as there are several types
of sub-daily reports labeled by

the same ID

Synoptic reports Meteorological
Aerodrome Reports

3 The date boundary for global
daily data

Adjust the daily boundary of the
daily temperature value to 00:00

UTC as much as possible.
/

5.4.1. The influence of the daily data definition539

GLBD-FED and GSOD employ different methodologies for identifying daily Tmax540

and Tmin values. GLBD-FED calculates daily extremes by realigning sub-daily541

records to their physical 24-hour occurrence windows. In contrast, GSOD derives542

daily extremes using a hierarchical extraction approach—first selecting explicitly543

reported summaries, then falling back to discrete hourly observations—but attributes544

them based strictly on their UTC timestamps within the calendar day. This objective545

methodological difference is the primary driver of the systematic discrepancies546

observed between the two datasets. Consequently, in GSOD, a 24-hour extreme report547

that physically summarizes the previous day (e.g., a Tmax-24h reported at 0300 UTC)548

is erroneously treated as the daily extreme for the current day simply because of its549

timestamp. Furthermore, the theoretical sampling bias of hourly data provides an550

important context: since deriving extremes from hourly data inherently551

underestimates Tmax, the fact that GSOD still exhibits a significant global warm bias552

relative to GLBD-FED proves that GSOD's overestimation is overwhelmingly driven553

by its methodological characteristics (UTC-boundary double-counting and inclusion554

of anomalous data spikes), rather than sampling limitations.555

Fig 15 displays the variations in air temperature at the SINPO station (470460) in556

North Korea from May 20 to May 23, 2014. The hollow black dots represent hourly557

average air temperatures recorded at fixed observation times, while the red and yellow558

dots indicate the Tmin-12h and Tmin-24h values recorded at 0000 and 2100 UTC,559

respectively. The light blue curve in panel (a) and the dark blue curve in panel (b)560

denote the lower limits derived by GSOD and GLBD-FED data, respectively.561

In the GSOD dataset (panel a), the daily Tmin value for the SINPO station was562

recorded as 10.6°C for four consecutive days. This occurred because the Tmin-24h563

recorded at 0000 UTC on May 21, which was the lowest value during the period from564
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May 21 to May 22, was treated as the daily Tmin for both May 21 and May 22. As a565

result, the derived daily Tmin values for May 21 and May 23 are evidently566

underestimated and duplicated.567

Figure 15 The lower-bound estimate of air temperature derived from the daily Tmin values based on568
GSOD (light blue, panel a) and GLBD-FED (dark blue, panel b) at the SINPO station (470460), North569

Korea, May 20–23, 2014.570

Fig 16 presents a comparison of daily Tmax values at the Plettenberg Bay station in571

South Africa (689310-99999). The abscissa and ordinate represent the daily values572

from the GLBD-FED and GSOD datasets, respectively. The mean difference between573

the two sets of daily Tmax values is 1.3°C, indicating a mathematically higher overall574

daily Tmax in GSOD relative to GLBD-FED at this site. To thoroughly investigate the575

underlying cause, we categorized the data points into two groups based on the576

presence of consecutive identical values in GSOD (Fig 16). The black points577

(non-repeated values) predominantly fall along the 1:1 line, indicating zero or578

negligible difference on days without double-counting. However, approximately579

one-third of the Tmax daily values from GSOD this year were potential duplicated580

records (86 points, red dots), showing a positive mean difference of about 3.2°C581

relative to GLBD-FED. For context, an analysis of the GLBD-FED dataset for the582

same station and period reveals only 2 instances of consecutive identical values.583

Excluding the red points results in a roughly 70% reduction in the overall mean bias,584

decreasing it to 0.4°C. It is important to note that some repeated GSOD values (red585

points) lie exactly on the 1:1 line; these represent physically plausible weather586

conditions where the actual maximum temperature remained identical across587

consecutive days. Additionally, there are scattered points where GLBD-FED reports588

higher Tmax values than GSOD, typically when GLBD-FED's physical 24-hour589

window captures an extreme temperature event that is otherwise split across the UTC590
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boundary in GSOD.591

Figure 16 A comparison of daily Tmax values at the Plettenberg Bay station (689310-99999), South592
Africa, for the year 2024. The abscissa and ordinate represent the daily values from the GLBD-FED593
and GSOD datasets, respectively. The red solid dots indicate the data that are repeated with their594
previous ones (86 points), while the black hollow dots represent non-repeating values (172 points).595

Furthermore, we investigated the extent of likely duplicated daily Tmax and Tmin596

records in the GSOD dataset from 1981 to 2024 (identified as identical values derived597

using the same calculation method on two consecutive days). Our analysis identified598

approximately 18 million cases (averaging ~1,100 occurrences per day) of likely599

duplicated Tmax records and 11 million cases (~670 occurrences per day) of likely600

duplicated Tmin records. When compared against the GLBD-FED, these potential601

duplicates introduced an average bias of 0.28°C and −0.85°C, respectively. This602

indicates that the double-counting issue in legacy datasets systematically results in603

artificially warmer maximum temperatures and colder minimum temperatures.604

5.4.2. The influence of the choice of data source605

There are several types of sub-daily reports labeled with the same ID in the ISD, and606

these reports are not always measured at the same location. Both GLBD-FED and607

GSOD treat these reports independently based on their types, but they have different608

preferences. GLBD-FED prioritizes synoptic reports over Metar reports as data609

sources, whereas GSOD does the opposite. This prioritization in GLBD-FED is610

driven by the goal of maximizing global dataset uniformity. Synoptic observations are611

strictly coordinated by the WMO and adhere to standardized global reporting612



28

protocols designed specifically for meteorological purposes. In contrast, while613

METAR (aviation) reports are abundant in specific regions such as the United States,614

their global distribution is highly uneven. Therefore, for a universal global dataset,615

prioritizing WMO-standardized Synoptic reports ensures greater spatial and temporal616

homogeneity across different countries than relying on aviation-focused METAR617

data.618

Table 2 presents a case study for Ulan Bator, Mongolia, where two types of sub-daily619

reports labeled as 442920-99999 originate from different sites in the ISD. Fig 17620

provides a targeted sensitivity analysis for Ulan Bator. Panel (a) displays the standard621

GLBD-FED daily Tmin calculated using our default preference for Synoptic reports,622

while panel (b) shows the results when the algorithm is specifically forced to utilize623

only METAR reports from the same station ID. GSOD shows significantly lower624

daily Tmin values for Ulan Bator compared to GLBD-FED (Synoptic reports), with625

an average bias of −4.5°C. The results in panel (b) nearly overlap with the GSOD data,626

indicating that the direct aggregation of airport-based METAR reports is a primary627

contributor to the significantly lower daily Tmin values recorded in GSOD for this628

identical station identifier.629

Table 2 Ulan Bator, Mongolia (442920-99999) sub-daily reports630
Reports Type Longitude Latitude Altitude

Synoptic Report (FM-12) 106.867°E 47.917°N 1306m

Metar Report (FM-15) 106.767°E 47.843°N 1330m

Figure 17 Comparison of daily Tmin at Ulan Bator, Mongolia (442920-99999) between GLBD-FED631
and GSOD in 2024. Panel (a) compares the default GLBD-FED output (prioritizing Synoptic reports)632
with GSOD, while panel (b) shows a special comparison using GLBD-FED results derived exclusively633
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from METAR reports.634

5.4.3. The influence of the date boundary treatment635

The systematic discrepancies identified in Fig. 8 originate from methodological636

divergences between GLBD-FED and GSOD, specifically in their temporal alignment637

frameworks. Fig 18(a) illustrates this mechanism through a case study at the Villa638

Reynolds station in Argentina (873280-99999; 31.96°S, 65.13°W), where GSOD639

exhibits a systematic Tmax warm bias of +1.6°C relative to GLBD-FED. This640

deviation occurs because GSOD attributes maximum temperatures to calendar days641

using the 1200 UTC Tmax-24h (0900 local time), in contrast to GLBD-FED's642

UTC-aligned approach, which reconstructs diurnal extremes by integrating next-day643

1200 UTC observations with contemporaneous measurements. Temporal recalibration644

experiments (Fig 18(b)) effectively mitigate this discrepancy, achieving inter-dataset645

convergence at 0.1°C with improved correlation (R²=0.99 compared to the original646

R²=0.87).647

Figure 18 The comparison of daily Tmax at Villa Reynolds Argentina (873280-99999) between648
GLBD-FED and GSOD in 2022. Panel a is the comparison between GLBD-FED and original GSOD649
data, while panel b is the comparison between GLBD-FED and date shifted (forward moving) GSOD650

data.651

6. Conclusion652

This study develops GLBD-FED, a global in situ daily temperature dataset653

encompassing maximum (Tmax), average (Tave), and minimum (Tmin) temperatures,654

constructed using quasi-real-time sub-daily observations from ISD. The main results655

of this study show that:656
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1. To produce a global daily dataset representing maximum, minimum, and average657

temperatures over a rigorously defined 24-hour period (i.e., the standard 0000–2400658

UTC day), we developed a new algorithm that decomposes sub-daily Tmax and Tmin659

records into finer intervals and then reaggregates them into daily extremes under660

physical 24-hour calculation windows. Compared to the conventional calculation661

method (which relied on either two consecutive Tmax/Tmin records over 12 hours or662

one Tmax/Tmin record over 24 hours), the new algorithm significantly increased the663

data counts of valid daily Tmax and Tmin records by 64% and 45%, respectively. A664

correction for misrecorded Tmax and Tmin records was also implemented.665

2. GLBD-FED includes Tmax, Tave, and Tmin data from approximately 17,000666

global sites covering the period from 1981 to 2024. The daily temperature volume of667

GLBD-FED increased from 3,000 records per day in the 1980s to 10,000 records per668

day in the 2020s. America and Asia show high spatial densities of daily temperature669

data, especially in recent years. In comparison to GSOD, Tmax and Tmin from670

GLBD-FED exhibit less extreme daily values, with slightly lower daily Tmax671

(approximately −0.30°C) and higher daily Tmin (approximately +0.30°C), resulting in672

nearly the same daily Tave (around +0.10°C). These differences are primarily673

attributed to multiple sources, including the diversity in daily data definitions, the674

choice of data sources, and date boundary treatment methods.675
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11.Appendix698

11.1. The spatial distribution of percentage of mis-recording Tmax and Tmin699
data700

Figure A1 illustrates the spatial distribution of the percentage of mis-recorded Tmax701

and Tmin data from 1981 to 2024 (mentioned in Section 4.1). These anomalies are702

distributed across multiple regions globally, with notable concentrations in Western703

Europe and South Africa. The primary cause of these errors is the frequent704

misclassification of high-frequency Tmax reports (e.g., 1-hour interval summaries) as705

24-hour extreme values, an artifact that is particularly prevalent across Europe.706
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Figure A1 The spatial distribution of percentage of mis-recording Tmax and Tmin data from 1981 to707
2024.708

11.2. Formulae used for Daily Data Quality Data Quality Tests709

Spike test710

This test identifies anomalous daily temperature values that exceed predefined711

absolute physical boundaries or historical climatological limits for a specific station.712

Where the subscript i stands for the measurement on the i-th day; �����������713

/����������� is the upper/lower threshold value for the record and is the smaller/higher714

value between max �� + 5℃ and 80℃ , where �� represents the subset of the715

historic measurements in the month (Jan, Feb,…Dec) which removes the smallest and716

largest 1% of values.717

qc =
��������, ����������� ≤ �� ≤ �����������

�����, �� ≥ ����������� �� �� ≤ �����������

x���������� = min[max �� + 5℃, 80℃]

x���������� = max[min �� − 5℃ , − 80℃]

Inner consistency test718

This test verifies the basic logical relationship among the three daily temperature719

variables. It ensures that the daily maximum temperature is greater than or equal to720

the daily average temperature, which in turn must be greater than or equal to the daily721

minimum temperature. Where Tmax, Tave, Tmin stand for the daily Tmax, Tave,722

Tmin data.723
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qc =
��������, ���� ≥ ���� ≥ ����,

�����, ���� ≤ ���� ≤ ����
��������, ����

Temporal consistency test724

This test detects daily records that deviate excessively from the historical statistical725

distribution of a given station, evaluated using the median and standard deviation.726

Where the μ and � are the median value and standard deviation of ��, respectively.727

qc =
��������, �� ≤ � + 2.5�

�����, �� > � + 5�
��������, � + 2.5� < �� ≤ � + 5�

μ = median ��

σ = std ��

Spatial consistency test728

This test identifies records that exhibit significant discrepancies when compared to729

concurrent observations from neighboring stations within the same region. Where the730

subscript j stands for the j-th neighbouring site (within the 100 km radius around the731

candidate site) and m is the total number of neighbouring sites.732

qc =
��������, δ� ≤ min [δ� + 2.5∇δ, 10℃]

��������, min [δ� + 2.5∇δ, 10℃] < δ� < min [δ� + 3.5∇δ, 15℃]
�����, δ� ≥ min [δ� + 3.5∇δ, 15℃]

δ� = �=1
� (�� − ��)2�

�

δ� = ������(δ�)

∇δ = std(δ�)

Repeat test733

This test identifies instances where identical temperature values are recorded734

consecutively over a specified number of days. Where Ts and Ta are the standard735

deviation and smoothing average of 3 days measurements, respectively.736

qc = �����, � = 0
��������, ����

σ = std(x�−1, x�, x�+1)

μ = mean(x�−1, x�, x�+1)

where σ and μ are the standard deviation and smoothing average of 3 days737

measurements, respectively.738
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