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Abstract10

Homogenization of climate time series is essential for reliable climate change11

assessment, yet distinguishing structural breakpoints from transient anomalies12

remains challenging when outliers and missing observations coexist with artificial13

shifts. Existing homogenization methods mainly focus on breakpoint detec-14

tion, whereas the combined effects of structural breaks, outliers, and missing15

observations have received comparatively little attention. This study proposes a16

Bayesian Cumulative Sum (BYS-CUSUM) framework that integrates breakpoint17

verification, outlier identification, missing-value reconstruction, and homogeniza-18

tion within a unified probabilistic workflow. Candidate breakpoints are first19

identified using the CUSUM algorithm applied to regression residuals derived20

from neighboring reference stations. Bayesian inference is then used to estimate21

breakpoint locations and shift magnitudes while quantifying their uncertainty.22

Outliers are identified from the same residuals, and both detected outliers and23

missing observations are reconstructed using the regression model before break-24

point adjustments are applied. The proposed framework was evaluated against25

RHtestsV4 and Climatol using four synthetic benchmark scenarios with pro-26

gressively increasing breakpoint complexity, outlier contamination, and missing27

observations. While all methods performed similarly under ideal conditions, the28

benchmark methods became increasingly vulnerable as contamination increased.29

Climatol frequently missed subtle breakpoints, whereas RHtestsV4 produced30

false or displaced detections. In contrast, BYS-CUSUM consistently achieved31
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more accurate breakpoint localization and superior reconstruction of contami-32

nated observations, reducing the Root Mean Square Error (RMSE) and Mean33

Absolute Error (MAE) by up to 83% and 82%, respectively. These results demon-34

strate that BYS-CUSUM provides a robust and effective framework for climate35

time series homogenization under realistic observational conditions.36

Keywords: Climate time series homogenization, Bayesian inference, Breakpoint37

detection, CUSUM algorithm, Outlier reconstruction, Missing-value estimation38

1 Introduction39

Climate change is one of the most significant environmental challenges of the twenty-40

first century, with profound impacts on ecosystems, water resources, agriculture, public41

health, and socio-economic systems worldwide. Reliable assessments of long-term cli-42

mate variability and change fundamentally depend on the availability of high-quality,43

temporally consistent meteorological observations, particularly long-term records of44

surface air temperature and precipitation. These observations constitute the founda-45

tion for climate trend analysis, model evaluation, extreme-event assessment, and the46

development of evidence-based adaptation and mitigation strategies. Consequently,47

ensuring the temporal homogeneity of climate time series has become an indispensable48

prerequisite for producing reliable climate information and supporting both scientific49

research and operational climate services ([1–5]).50

Despite rigorous observational protocols, long-term meteorological records are51

rarely free from artificial inhomogeneities. Non-climatic factors, including station52

relocation, instrument replacement, sensor recalibration, changes in observing prac-53

tices, urbanization surrounding monitoring sites, and modifications to data processing54

procedures, frequently introduce abrupt artificial shifts into climate records. Such dis-55

continuities violate the assumption of temporal consistency by producing systematic56

changes that are unrelated to genuine climate variability. If these artificial disturbances57

remain uncorrected, they may substantially bias estimates of long-term climate trends,58

distort the frequency and intensity of climate extremes, and ultimately compromise59

the reliability of regional and global climate assessments ([1, 6, 7]).60

To minimize these effects, climate data homogenization aims to detect, charac-61

terize, and correct artificial discontinuities before climate analyses are performed.62

During the past three decades, homogenization has evolved into a standard prepro-63

cessing procedure in climatological research, and international initiatives coordinated64

by the World Meteorological Organization (WMO) have consistently emphasized its65

importance for developing reliable climate datasets. Comparative benchmark studies66

have repeatedly demonstrated that homogenized observations provide considerably67

more accurate representations of long-term climate variability than raw measurements,68

highlighting the critical role of homogenization in modern climate research ([3, 7–12]).69

Artificial disturbances in climate records rarely occur in a single, isolated form.70

Instead, observational series are commonly affected by a combination of persistent71
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structural shifts, transient anomalous observations, and missing values, each origi-72

nating from different sources and requiring distinct statistical treatment. Structural73

breakpoints generally reflect permanent changes in observing conditions, whereas74

outliers arise from temporary sensor malfunctions, transmission errors, recording75

mistakes, or short-lived environmental disturbances. Missing observations further76

complicate the analysis by reducing the amount of available information for statis-77

tical inference. Although these disturbances differ in both origin and duration, they78

frequently coexist within the same climate record, making reliable homogenization79

substantially more challenging than the detection of structural changes alone.80

Distinguishing among these different forms of artificial disturbance remains one81

of the principal challenges in climate time series homogenization. Persistent struc-82

tural changes and transient anomalous observations may produce similar statistical83

signatures, particularly when mean shifts are relatively small or when anomalous84

observations occur in close temporal proximity to structural changes. Conversely,85

high background variability and incomplete observations may obscure genuine discon-86

tinuities, increasing the likelihood of missed detections. Because these disturbances87

influence one another, reliable homogenization requires statistical procedures capa-88

ble of separating persistent changes from transient anomalies while simultaneously89

accounting for observational uncertainty and incomplete records.90

To address these challenges, numerous statistical methods have been proposed for91

climate homogenization. Classical hypothesis-testing procedures, including the Stan-92

dard Normal Homogeneity Test (SNHT), the Buishand Range Test, Pettitt’s test,93

and likelihood-ratio-based approaches, remain widely used because of their concep-94

tual simplicity and computational efficiency. However, these methods generally assume95

relatively ideal observational conditions and often experience reduced detection accu-96

racy when multiple artificial disturbances coexist within the same observational record97

([13–15]).98

More recently, operational homogenization software has substantially improved the99

robustness of climate data quality control. RHtests employs penalized maximal t- and100

F -tests together with likelihood-based procedures to detect multiple change points101

while accounting for temporal autocorrelation ([16]). In contrast, Climatol implements102

an iterative SNHT-based approach that exploits information from neighboring ref-103

erence stations to identify and adjust multiple artificial discontinuities ([17]). Both104

methods have demonstrated strong performance across a wide range of climatologi-105

cal applications and are now widely adopted for the operational homogenization of106

climate observations.107

Nevertheless, current methodologies are primarily designed to detect and adjust108

structural discontinuities, while the interactions among breakpoints, transient outliers,109

and missing observations receive comparatively less attention. In practice, these dis-110

turbances seldom occur independently. Outliers located near structural changes may111

complicate breakpoint identification, while inaccurate breakpoint estimation may sub-112

sequently influence outlier reconstruction and missing-value estimation. Consequently,113

errors introduced during one stage of the homogenization procedure may propagate to114
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subsequent stages, ultimately affecting the quality of the homogenized series. Devel-115

oping statistical methodologies capable of jointly accounting for these interacting116

disturbances therefore remains an important challenge in climate homogenization.117

Among sequential monitoring techniques, the Cumulative Sum (CUSUM) algo-118

rithm has received considerable attention because of its computational efficiency and119

high sensitivity to persistent mean shifts. Originally developed for industrial statisti-120

cal process control, CUSUM has evolved into one of the most widely used sequential121

change-point detection techniques and has been extensively studied in the statistical122

process control and change detection literature ([18–20]). Its ability to rapidly iden-123

tify candidate change points makes it particularly attractive for large observational124

datasets.125

Bayesian inference provides a natural probabilistic framework for addressing these126

challenges by explicitly accounting for uncertainty throughout the homogenization127

process. Unlike classical hypothesis-testing approaches, Bayesian methods combine128

prior knowledge with observed data to estimate posterior probability distributions129

of unknown parameters, thereby enabling simultaneous inference on breakpoint loca-130

tion, shift magnitude, and associated uncertainty. Rather than producing a binary131

decision regarding the presence or absence of a breakpoint, Bayesian models quan-132

tify the probability of alternative explanations for the observed data, offering greater133

flexibility when structural changes coexist with anomalous observations or incom-134

plete records. These characteristics make Bayesian inference particularly well suited135

to climate homogenization, where multiple sources of uncertainty frequently arise136

simultaneously ([21–23]).137

Recent advances in probabilistic programming have substantially improved the138

practical implementation of Bayesian hierarchical models. In particular, Stan has139

become one of the most widely adopted platforms for Bayesian computation because it140

employs Hamiltonian Monte Carlo (HMC), an efficient gradient-based Markov Chain141

Monte Carlo algorithm capable of sampling from complex posterior distributions142

with high computational efficiency and robust convergence properties ([24–26]). These143

developments have made Bayesian approaches increasingly feasible for large-scale144

climate applications requiring both statistical rigor and computational efficiency.145

Despite substantial advances in climate homogenization, important methodological146

challenges remain when multiple artificial disturbances coexist within the same cli-147

mate record. Most existing methods employ sequential processing strategies in which148

breakpoint detection, outlier treatment, and missing-value estimation are performed149

in separate stages. Although these approaches have demonstrated satisfactory perfor-150

mance in many practical applications, their accuracy may deteriorate when different151

disturbances interact, motivating the development of more robust homogenization152

strategies.153

Furthermore, breakpoint detection itself becomes considerably more difficult when154

structural shifts are small, occur near the beginning or end of a time series, or are155

masked by transient outliers and missing observations. Under such conditions, deter-156

ministic decision rules may fail to adequately distinguish persistent structural changes157

from short-lived anomalies or to quantify the uncertainty associated with breakpoint158
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location and magnitude. These challenges motivate the use of a probabilistic frame-159

work that explicitly characterizes uncertainty while providing robust estimation of160

structural breakpoints together with consistent treatment of outliers and missing161

observations.162

To address these challenges, this study proposes a novel Bayesian Cumulative163

Sum (BYS-CUSUM) framework for climate time series homogenization. The proposed164

methodology integrates the computational efficiency of CUSUM with Bayesian pos-165

terior inference implemented through HMC within a unified probabilistic framework.166

Candidate breakpoints are first identified using CUSUM applied to regression resid-167

uals derived from neighboring reference stations. Bayesian inference is subsequently168

employed to estimate the posterior distributions of breakpoint location and shift mag-169

nitude while explicitly accounting for parameter uncertainty. Following probabilistic170

breakpoint verification, transient outliers and missing observations are reconstructed,171

and the estimated shifts are used to produce the final homogenized climate series. The172

principal contributions of this study are summarized as follows:173

1. A unified workflow integrating Bayesian breakpoint verification, residual-based174

outlier identification, regression-based reconstruction of missing observations, and175

final climate data homogenization.176

2. Computationally efficient breakpoint estimation through CUSUM-based candi-177

date screening followed by local Bayesian refinement, avoiding Bayesian inference178

over the entire time series.179

3. Robust Bayesian breakpoint verification through a Student-t likelihood, reducing180

the influence of transient outliers on posterior estimation of breakpoint locations181

and shift magnitudes.182

4. Probabilistic estimation of breakpoint locations and shift magnitudes, providing183

explicit uncertainty quantification for structural changes in climate time series.184

The remainder of this paper is organized as follows. Section 2 presents the proposed185

BYS-CUSUM framework, including CUSUM-based candidate breakpoint detection,186

Bayesian breakpoint verification, residual-based outlier identification, regression-based187

reconstruction of missing observations, and the final homogenization procedure.188

Section 3 describes the experimental design and the simulation framework used to gen-189

erate synthetic climate time series for evaluating the proposed methodology. Section 4190

presents the benchmark experiments and comparative performance evaluation against191

RHtestsV4 and Climatol. Section 5 discusses the experimental results, analyzes the192

strengths and limitations of the proposed framework, and highlights its performance193

under different contamination scenarios. Finally, Section 6 summarizes the main194

findings and outlines directions for future research.195

2 Proposed BYS-CUSUM Framework196

To address the methodological challenges outlined in the Introduction, we devel-197

oped the BYS-CUSUM framework, which combines efficient candidate screening with198

probabilistic breakpoint verification. The framework integrates structural breakpoint199
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estimation, residual-based outlier detection, regression-based reconstruction of outliers200

and missing observations, and final breakpoint adjustment within a unified workflow201

(Fig. 1).202

The procedure begins by constructing a regression model between the target station203

and its neighboring reference stations, from which regression residuals are obtained.204

These residuals constitute the common information source for two complementary205

branches of the framework. In the first branch, candidate breakpoints are efficiently206

identified using the CUSUM algorithm and subsequently refined through Bayesian207

inference to estimate breakpoint locations, shift magnitudes, and their associated208

uncertainty. In parallel, the same regression residuals are analyzed to identify tran-209

sient outliers. The detected outliers, together with genuine missing observations, are210

then reconstructed using the regression relationship. Finally, the estimated break-211

point adjustments are applied to the reconstructed series to produce the homogenized212

climate record.213

2.1 Stage I: Automatic Candidate Screening via Residual214

CUSUM215

The first Stage of the BYS-CUSUM framework focuses on the automated identification216

of potential breakpoint candidates. This stage is designed to maximize sensitivity,217

thereby minimizing the risk of overlooking subtle shifts before the rigorous Bayesian218

evaluation performed in Stage II.219

2.1.1 Composite Reference and Residual Generation220

To isolate the non-climatic signal, a composite reference series (Xcomp) is constructed221

by averaging standardized data from neighboring stations. Standardization removes222

differences in absolute temperature levels among neighboring stations, allowing the223

composite reference to represent the common regional climate signal rather than224

station-specific variability. The target series (yt) is then regressed against this reference225

and seasonal harmonics:226

yt = α+ βrefXcomp,t + βs1 sin

(

2πt

12

)

+ βs2 cos

(

2πt

12

)

+ et (1)

The residuals (et) represent the target station’s local deviations. To maintain the227

continuity of the cumulative summation in the presence of missing observations, any228

missing values (NAs) in et are temporarily imputed with 0, yielding a modified residual229

series denoted as e′t.230

2.1.2 CUSUM Transformation and Kernel Smoothing231

The CUSUM transformation provides an efficient mechanism for accumulating persis-232

tent deviations in the regression residuals, thereby enhancing the visibility of structural233

changes relative to short-term random variability. The CUSUM series (Si) is calculated234
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as the running sum of the modified residuals:235

Si =

i
∑

j=1

e′j (2)

To suppress high-frequency meteorological noise and seasonal artifacts, a kernel236

smoother employing a Gaussian kernel with a 12-month bandwidth is applied directly237

to the Si series, yielding the smoothed cumulative sum series (Ŝi).238

2.1.3 Detection of Turning Points and Local Dominance239

Breakpoint candidates are identified by analyzing the geometric properties of the240

smoothed CUSUM curve (Ŝi). The process involves three sequential filtering steps:241

• Turning Point Identification: We identify points where the sign of the first242

derivative of Ŝi changes, representing local maxima (peaks) or minima (valleys).243

• Local Dominance Filter: To prevent over-detection due to small fluctuations, a244

local search window with a radius of 48 months (yielding a total window length of245

96 months, equivalent to an 8-year span) is deployed. A turning point at time tp246

is only retained if it represents the absolute extremum (maximum or minimum)247

within its local neighborhood (tp ± 48 months). This ensures that only globally248

significant shifts within an 8-year period are considered.249

• Boundary Constraint: To avoid unstable estimations near the start and end of the250

record, candidates within the first or last 24 months of the series are excluded.251

The resulting candidates are passed to Stage II as initial breakpoint candidates252

for Bayesian refinement. Posterior estimates of breakpoint magnitude and uncertainty253

are subsequently used to compute the Signal-to-Noise Ratio (SNR), which determines254

whether each candidate is retained as a confirmed breakpoint.255

2.2 Stage II: Bayesian Refinement and Magnitude Estimation256

In the second phase, each candidate identified in Satge I is rigorously evaluated using257

a Bayesian State-Space model. This phase transitions from a global screening to a258

local, robust verification to precisely estimate the timing and magnitude of shifts.259

2.2.1 Local Window Extraction and Standardization260

For each candidate c, a local analysis window is defined with a radius of 50 months261

(c± 50). To ensure numerical stability and prior consistency within the BYS-CUSUM262

framework, the target series (ywin) and the reference matrix (Xrefs) within this win-263

dow are standardized (Z-score normalization). A minimum requirement of 60 valid264

(non-missing) observations is enforced to ensure sufficient information for posterior265

convergence.266
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2.2.2 Bayesian Hierarchical State-Space Model267

The core of the refinement process is a Bayesian regression model implemented in268

Stan. Rather than assuming a Gaussian likelihood, the observation model is specified269

using a Student-t distribution. Owing to its heavier tails, the Student-t likelihood270

down-weights extreme residuals, thereby reducing the influence of transient outliers271

on posterior inference for breakpoint location and shift magnitude without requiring272

explicit outlier removal. The model is formulated as:273

yt ∼ student t(ν, µt, σy) (3)

where ν denotes the degrees-of-freedom parameter controlling the tail heaviness of274

the Student-t distribution, µt represents the latent mean, and σy denotes the residual275

scale parameter.276

The latent mean µt is decomposed into climatic and non-climatic components:277

µt = α+ βrefXref,t + Seasonalt +Trendt + Stept (4)

• Soft-Step Transition: To accommodate uncertainty in breakpoint timing while278

maintaining a smooth approximation to an abrupt transition, the breakpoint is279

modeled using a logistic transition function: Stept = γ ·logit−1(κ(t−t0)), where t0280

is the estimated breakpoint time, γ is the magnitude, and κ (constrained between281

2 and 30) controls the transition’s sharpness.282

• Stochastic Trend: A random walk component (Trendt =
∑

ϵrw) is integrated283

to capture low-frequency climate variability and thereby reducing the risk that284

gradual climatic variability is erroneously attributed to an abrupt structural285

breakpoint.286

• MCMC Configuration: We employ the No-U-Turn Sampler (NUTS) with 4 par-287

allel chains, each consisting of 1,000 warmup iterations and 2,000 sampling288

iterations. To handle the complex posterior geometry, the adapt delta parameter289

is set to 0.99.290

2.2.3 Prior Specifications291

Since the model is estimated using standardized data (Z-score scale), weakly infor-292

mative priors are assigned to the model parameters to facilitate stable sampling and293

reduce the risk of overfitting:294

α ∼ N (0, 0.52) (5)

βref ∼ N (0.5, 0.52) (6)

σy ∼ N+(0, 12) (7)

σrw ∼ N+(0, 0.052) (8)

βseason ∼ N (0, 12) (9)

ν ∼ Gamma(2, 0.1) (10)
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The Gamma prior on the degrees-of-freedom parameter allows the likelihood to295

adapt between heavy-tailed and approximately Gaussian behavior according to the296

information contained in the data.297

κ ∼ N (5, 22) truncated to [2, 30] (11)

To impose regularizing shrinkage on the step-change magnitude and reduce the risk298

of detecting spurious jumps, a zero-centered prior is assigned to the breakpoint299

magnitude parameter:300

γ ∼ N (0, 22) (12)

For the breakpoint timing parameter t0, a continuous uniform prior is specified over the301

local analysis window, excluding the boundary edges to improve numerical stability:302

t0 ∼ U(12, N − 12) (13)

where N is the number of observations in the local analysis window.303

2.2.4 Candidate Validation and and Magnitude304

Back-Transformation305

Posterior inference provides the final estimates of the breakpoint location t0 and and306

breakpoint magnitude γ. A candidate is officially confirmed only if its SNR meets the307

following criterion:308

SNR =
|µγ |

σγ

≥ 1.0 (14)

where µγ and σγ are the posterior mean and standard deviation of the jump magni-309

tude, respectively. Confirmed magnitudes are then back-transformed to the original310

scale (e.g., ◦C) using the local standard deviation.311

2.2.5 Deduplication via Hierarchical Clustering312

To address the ”double-detection” of a single event (which may occur due to over-313

lapping windows in Stage I), a final deduplication step is performed. We apply314

Agglomerative Hierarchical Clustering (HAC) to the confirmed breakpoints. Con-315

firmed breakpoints separated by less than 24 months are assigned to the same cluster.316

For each cluster, the representative breakpoint location is defined as the temporal317

mean of the clustered candidates, while the corresponding breakpoint magnitude is318

obtained by averaging their posterior estimates.319

2.3 Stage III: Climate Series Reconstruction and320

Homogenization321

The final stage of the proposed BYS-CUSUM framework is dedicated to reconstruct-322

ing and homogenizing the climate time series. This stage integrates the information323

obtained from the previous stages to generate the final corrected series. First, transient324

outliers are identified from the regression residuals and treated as missing observations.325
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Both detected outliers and originally missing values are subsequently reconstructed326

using the global regression model developed in Stage I. Finally, the posterior estimates327

of breakpoint magnitudes obtained in Stage II are sequentially applied to correct the328

identified structural discontinuities, yielding the final homogenized climate time series.329

2.3.1 Outlier Detection and Missing-Value Reconstruction330

Following Bayesian validation of breakpoint candidates, the regression residuals are re-331

examined to identify transient anomalous observations. Outliers are detected using a332

residual-based thresholding criterion. Specifically, observations whose absolute residual333

exceeds three times the residual standard deviation are classified as outliers:334

|et| > 3σe (15)

where et denotes the regression residual and σe is its standard deviation. Detected335

outliers are temporarily treated as missing observations by replacing their values with336

NA. Subsequently, both originally missing observations and detected outliers are recon-337

structed using the global regression model developed in Satge I. The regression model338

predicts the expected climatic value from the composite reference series and seasonal339

harmonic components:340

ŷt = α̂+ β̂refXcomp,t + β̂s1 sin

(

2πt

12

)

+ β̂s2 cos

(

2πt

12

)

(16)

Predicted values replace all missing observations and detected outliers. If isolated341

missing values remain because of unavailable predictor information, a one-dimensional342

linear interpolation is applied to ensure a complete time series before the homogeniza-343

tion stage.344

2.3.2 Homogenization of the Climate Series345

Consistent with standard climatological homogenization practice, the most recent346

homogeneous segment is adopted as the reference period. Therefore, all observations347

preceding each confirmed breakpoint are adjusted using the corresponding posterior348

estimate of the breakpoint magnitude to produce the final homogenized climate series.349

Confirmed breakpoints are first sorted in reverse chronological order to prevent350

successive corrections from affecting previously adjusted segments. For each con-351

firmed breakpoint occurring at time tb with estimated magnitude γb, all observations352

preceding the breakpoint are adjusted according to353

y
(h)
t = y

(r)
t + γb, t ≤ tb (17)

where y
(r)
t denotes the reconstructed series after outlier and missing-value correc-354

tion, and y
(h)
t represents the final homogenized series.355

Applying breakpoint corrections sequentially from the most recent breakpoint356

toward the beginning of the record ensures that multiple structural shifts are accu-357

mulated consistently without altering previously corrected segments. The resulting358

series simultaneously incorporates reconstructed outliers, estimated missing observa-359

tions, and cumulative breakpoint adjustments, yielding the final homogenized climate360

record.361
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3 Synthetic Climate Data Generation362

To provide a rigorous and realistic evaluation of the proposed BYS-CUSUM frame-363

work, a synthetic climate dataset was generated using statistical characteristics364

extracted from an actual meteorological network. Rather than relying on idealized365

white-noise simulations, the proposed simulation framework preserves the temporal366

persistence, seasonal variability, long-term warming trend, and spatial dependence367

observed in real climate records. The empirical parameters were extracted from three368

meteorological stations located in Northeast Iran, namely Mashhad (target station),369

Sabzevar (reference station 1), and Torbat-e Heydarieh (reference station 2), using370

monthly mean temperature observations spanning the period 1959–2025. This design371

enables a representative assessment of homogenization performance under conditions372

that closely resemble operational climatological datasets.373

3.1 Empirical Parameter Extraction via STL Decomposition374

Let yi,t represent the observed monthly mean temperature of station i ∈ {1, 2, 3}375

at time t. To isolate the underlying statistical parameters, each empirical series is376

decomposed using Seasonal-Trend decomposition based on Loess (STL):377

yi,t = T ′

i,t + S′

i,t +R′

i,t (18)

where T ′

i,t represents the low-frequency trend, S′

i,t is the seasonal component, and378

R′

i,t is the stationary remainder. Prior to STL decomposition, missing observations379

were interpolated using Kalman smoothing after seasonal adjustment to ensure com-380

plete time series. STL decomposition was employed solely to estimate the statistical381

characteristics required for the simulation framework and was not involved in the382

proposed homogenization methodology. From these empirical components, four key383

climate parameters are estimated:384

• Long-Term Trend (b): A coherent long-term trend is computed by averaging the385

trend components across all stations, T̄t =
1
3

∑3
i=1 T

′

i,t. A linear regression is then386

fitted over the time index:387

T̄t = a+ b · t+ etrend (19)

where the slope b denotes the baseline monthly global warming rate.388

• Seasonal Amplitude (Ai) and Baseline (Li): For each station, the empirical base-389

line mean temperature level is computed as Li = E[yi,t]. The historical seasonality390

amplitude is defined as Ai = maxt(S
′

i,t).391

• Regional Climate Signal (ϕreg, σreg): To capture large-scale, low-frequency atmo-392

spheric oscillations shared across the region, a regional remainder series is393

constructed as the spatial average of the residuals: R̄t = 1
3

∑3
i=1 R

′

i,t. An394

Autoregressive model of order 1, AR(1), is fitted to this series:395

R̄t = ϕregR̄t−1 + ϵreg,t, ϵreg,t ∼ N (0, σ2
reg) (20)
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where ϕreg is the autoregressive coefficient and σreg is the residual standard396

deviation.397

• Spatially Correlated Local Residuals (Σnoise): The localized microclimatic vari-398

ations are captured through the spatial covariance matrix (Σnoise ∈ R
3×3)399

computed directly from the detrended and deseasonalized empirical remainder400

matrix R′.401

3.2 Generative Mathematical Framework402

Using the parameters extracted above, we simulate H = 3 synthetic stations over403

a horizon of N = 804 months (equivalent to 67 years). The synthetic temperature404

series Yi,t for station i at month t is formulated as the superposition of five physically-405

meaningful components:406

Yi,t = Li + Tt +Ωt + Si,t + ηi,t (21)

where:407

• Linear Trend Component (Tt): Represents the global climate change forcing,408

defined as:409

Tt = b · t (22)

• Coherent Regional Signal (Ωt): Models regional climate variability and is410

generated as an AR(1) process scale-adjusted by 50% to prevent over-dominance:411

Ωt = ϕregΩt−1 + ζt, ζt ∼ N
(

0, (0.5σreg)
2
)

(23)

• Station-Specific Seasonality (Si,t): Models annual cycles with minor, stochas-412

tic phase shifts (θi) and amplitude variations (A′

i) to mimic microclimatic413

discrepancies:414

Si,t = sin

(

2πt

12
+ θi

)

·A′

i (24)

where θi ∼ U(−0.1, 0.1) and A′

i ∼ Ai · U(0.95, 1.05).415

• Spatially and Temporally Correlated Local Noise (ηi,t): Generating realistic cli-416

mate noise requires incorporating both spatial covariance (neighbor similarity)417

and temporal inertia (persistence). First, a spatially correlated multivariate white418

noise vector is generated:419

wt ∼ MVN (0,Σnoise) (25)

Then, a univariate AR(1) filter is applied element-wise to propagate the temporal420

dependency:421

ηi,t = ϕregηi,t−1 + wi,t (26)

This simulation framework preserves the principal statistical characteristics of the422

observed meteorological network, including temporal persistence, seasonal variability,423
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and spatial dependence, thereby providing a realistic benchmark for evaluating climate424

homogenization methods. The synthetic temperature series generated using this frame-425

work constitute the baseline homogeneous dataset. Different experimental scenarios426

were subsequently produced by introducing controlled structural breakpoints, missing427

observations, and outliers with predefined magnitudes and locations, as described in428

Section 4.429

4 Experimental Evaluation and Benchmark Examples430

The comparative study is structured through four experimental scenarios, progressing431

from simple mean shifts to complex cases involving smart outliers and high missing432

data ratios (up to 25 instances per series). In all experiments, the primary objective is433

to recover the latent ”True” series from the contaminated ”Observed” data. To ensure434

a rigorous evaluation, the proposed BYS-CUSUM framework is compared against435

Climatol (v3.1.1) and RHtestsV4, configured to leverage their maximum capabilities.436

4.1 Configuration of Benchmark Methods437

For Climatol, the homogen function was executed with the standardization parameter438

set to std=3 (appropriate for temperature series) and the SNHT detection thresh-439

old set to snht1=snht2=20. The default value of the outlier tolerance parameter440

(dz.max=6) was used for Examples 1 and 4. For Examples 2 and 3, larger anomalies441

required increasing dz.max to 9 to ensure stable execution. This relaxation, however,442

reduced the algorithm’s ability to identify and remove extreme outliers.443

For RHtestsV4, the analysis was performed using the FindU.wRef and FindUD.444

wRef functions. To fulfill the requirement of a reference series, a composite reference445

series was constructed by averaging two neighboring stations (Ref = [R1 + R2]/2),446

mirroring the information availability of the BYS-CUSUM model. The detection was447

based on a penalized maximal F-test with a significance level of p = 0.05 (p.lev=0.95).448

The final homogenization was performed using the Quantile Matching (QM) adjust-449

ment (UD data[, 11]), which corrects both the mean and the distribution of the450

series.451

4.2 Example 1: Pure Mean Shifts (No Outliers, No Missing452

Data)453

Example 1 serves as a baseline experiment designed to evaluate breakpoint detection454

and series reconstruction under ideal conditions, where structural shifts constitute455

the only source of inhomogeneity. No synthetic outliers or missing observations were456

introduced, allowing the comparison to focus exclusively on the ability of each method457

to identify and correct mean shifts.458

4.2.1 Breakpoint Detection and Magnitude Analysis459

As presented in Table 1 and Fig. 2, all three homogenization frameworks successfully460

identified the three imposed discontinuities under this ideal scenario. The proposed461
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BYS-CUSUM framework and RHtestsV4 pinpointed the exact locations of the break-462

points (t = 70, 180, 300). Climatol also demonstrated high sensitivity, successfully463

capturing all three breaks at indices 71, 181, and 299, representing a minor deviation464

of only ±1 month from the true locations.465

While the Bayesian method directly provides precise magnitude estimates for466

these shifts with minimal error (absolute error < 0.05), estimating the magnitude467

for RHtestsV4 and Climatol requires separate post-processing steps (e.g., calculating468

differences in mean values before and after the flagged change-points).469

Table 1: Breakpoint detection, magnitude estimation, and outlier performance for
Example 1.

Method Detected Magnitude Outl. Notes

True 70, 180, 300 +1.5, -2.0, +1.2 0/0 –
BYS-CUSUM 70, 180, 300 +1.54, -1.95, +1.23 1/0 Precise detection
RHtest 70, 180, 300 (Calc.) 0/0 Precise detection
Climatol 71, 181, 299 (Calc.) 0/0 Precise detection (±1 month accuracy)

4.2.2 Outlier Detection Analysis470

Since no synthetic outliers were introduced in this experiment, the expected outcome is471

that no observations should be classified as anomalous. Both Climatol and RHtestsV4472

correctly reported zero detected outliers. The proposed BYS-CUSUM framework iden-473

tified one isolated outlier at month 222 (Fig. 3), representing a single false-positive474

detection.475

Although this isolated false alarm slightly increases the reconstruction error, it476

has negligible influence on breakpoint localization. More importantly, it indicates477

that the proposed framework exhibits a slight tendency toward conservative outlier478

detection under nearly noise-free conditions. As demonstrated in the subsequent exper-479

iments, this behavior becomes advantageous when genuine outliers are present, where480

higher detection sensitivity substantially improves breakpoint estimation and overall481

reconstruction accuracy.482

4.2.3 Reconstruction Accuracy483

Figure 4 summarizes the reconstruction performance of the three methods using the484

correlation coefficient, Root Mean Square Error (RMSE), and Mean Absolute Error485

(MAE).486

All methods achieved correlations close to unity, confirming that they success-487

fully recovered the underlying homogeneous series under ideal conditions. RHtestsV4488

yielded the smallest reconstruction errors (MAE ≈ 0.05, RMSE ≈ 0.08), followed489

closely by the proposed BYS-CUSUM framework (MAE ≈ 0.06, RMSE ≈ 0.21). The490

slightly larger RMSE obtained by BYS-CUSUM is primarily attributable to the single491

false-positive outlier identified during the reconstruction stage. Climatol exhibited the492
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largest reconstruction errors (MAE ≈ 0.35, RMSE ≈ 0.46), although its breakpoint493

detection accuracy remained comparable to the other methods.494

Overall, the first benchmark establishes a baseline under ideal conditions, where495

structural breakpoints are the only source of inhomogeneity. All three methods perform496

reliably, with only minor differences in accuracy. The following experiments progres-497

sively introduce outliers, missing observations, and smaller breakpoint magnitudes to498

evaluate the robustness of each method under increasingly realistic conditions.499

4.3 Example 2: Complex Scenario (Mean Shifts, Outliers, and500

Missing Data)501

The second experiment represents a substantially more challenging and realistic502

homogenization problem by simultaneously introducing structural breakpoints, high-503

magnitude outliers, and missing observations. Specifically, the synthetic series contains504

three imposed mean shifts, five outliers with magnitudes ranging from five to eight505

standard deviations, and 25 missing observations distributed as ten isolated values and506

three consecutive five-month gaps. Unlike the baseline experiment, this scenario eval-507

uates the robustness of each method when multiple sources of inhomogeneity coexist508

and potentially interfere with one another.509

4.3.1 Breakpoint Detection and Robustness to Complex510

Contamination511

Table 2 and Fig. 5 demonstrate a clear divergence in the behavior of the three512

homogenization methods once outliers and missing observations are introduced.513

The proposed BYS-CUSUM framework successfully identified all three structural514

breaks, locating the first and third breakpoints exactly at months 70 and 300, while515

estimating the second breakpoint at month 174, corresponding to only a six-month516

deviation despite the presence of nearby missing observations. These results indicate517

that the Bayesian refinement stage remains stable even when breakpoint candidates518

are partially obscured by data gaps.519

In contrast, Climatol detected only the first two breakpoints and failed to identify520

the third breakpoint near the end of the series.521

RHtestsV4 exhibited a different failure mode. Rather than missing breakpoints, it522

became susceptible to false detections, introducing an artificial breakpoint at month523

5 while simultaneously delaying the detection of the final breakpoint until month 311.524

Table 2: Breakpoint detection, magnitude estimation, and outlier performance for
Example 2 (True positions: 70, 180, 300).

Method Detected Magnitude Outl. Notes

True 70, 180, 300 +1.5, -2.0, +1.2 5/5 –
BYS-CUSUM 70, 174, 300 +1.54, -1.90, +1.14 5/5 Precise detection and full outlier recall
RHtest 5, 70, 180, 311 (Calc.) 0/5 FP breakpoint at t = 5; no outlier routine
Climatol 71, 181 (Calc.) 1/5 missed shift at t = 300
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4.3.2 Outlier Detection and Missing Data Reconstruction525

The primary distinction between the proposed framework and the benchmark methods526

becomes evident in the treatment of anomalous observations. As shown in Fig. 6, BYS-527

CUSUM successfully detected all five injected outliers and subsequently reconstructed528

both anomalous and missing observations using the regression model described in529

Section 3.530

By contrast, RHtestsV4 does not include an explicit outlier identification proce-531

dure. As a result, the injected outliers remain in the series throughout the breakpoint532

detection process, increasing the probability of spurious structural changes. This533

behavior is consistent with the false breakpoint detected at month 5, which occurs534

immediately after the large outlier introduced at month 2.535

Climatol exhibited a different limitation. To ensure stable execution under the high-536

magnitude anomalies introduced in this example, the outlier tolerance parameter was537

increased to dz.max=9. Although this adjustment prevented execution failure, it sub-538

stantially reduced the method’s sensitivity to anomalous observations. Consequently,539

only one of the five injected outliers was identified, while the remaining anomalies per-540

sisted throughout the homogenization process. In particular, the two untreated outliers541

surrounding the final breakpoint (months 291 and 311) likely masked the structural542

change at month 300, explaining why Climatol failed to detect the third breakpoint.543

4.3.3 Reconstruction Accuracy544

Figure 7 summarizes the reconstruction accuracy achieved by the three methods.545

Unlike the baseline experiment, substantial differences emerge once outliers and546

missing observations are introduced.547

The proposed BYS-CUSUM framework achieved the smallest reconstruction errors548

(MAE ≈ 0.16, RMSE ≈ 0.42), indicating that accurate outlier identification com-549

bined with Bayesian breakpoint estimation substantially improves the recovery of the550

underlying homogeneous series. RHtestsV4 showed a considerable increase in recon-551

struction error (MAE ≈ 0.41, RMSE ≈ 1.70). The false breakpoint detected at the552

beginning of the series together with the delayed detection of the final breakpoint553

produced persistent reconstruction errors throughout the adjusted series.554

Climatol produced the largest reconstruction errors (MAE ≈ 0.89, RMSE ≈ 1.80).555

Missing the third breakpoint introduced a systematic bias over the remaining portion556

of the record, while the limited detection of anomalous observations further degraded557

the final reconstruction.558

Overall, the second benchmark demonstrates that robust performance under simul-559

taneous outliers and missing observations requires reliable discrimination between560

structural breakpoints and transient anomalies. BYS-CUSUM maintained accurate561

breakpoint detection while correctly identifying outliers and reconstructing missing562

observations. By contrast, RHtestsV4 produced false breakpoints, whereas Clima-563

tol lost sensitivity after relaxing its outlier rejection threshold to ensure numerical564

stability.565

16



4.4 Example 3: Low-Magnitude Shifts with High Noise and566

Outliers567

The third benchmark investigates a substantially more challenging situation in which568

the magnitudes of the imposed breakpoints are reduced while maintaining the same569

level of contamination introduced in Example 2. The three structural shifts remain570

located at months 70, 180, and 300, but their magnitudes are reduced to +1.0, -1.5, and571

+0.7, respectively. Such conditions closely resemble real climatological records, where572

gradual instrument degradation or subtle observational changes may produce weak573

discontinuities that are difficult to distinguish from natural variability, particularly in574

the presence of outliers and missing observations.575

Table 3: Breakpoint detection and magnitude estimation for Example 3 (Reduced
shift sizes).

Method Detected Magnitude Outl. Notes

True 70, 180, 300 +1.0, -1.5, +0.7 5/5 –
BYS-CUSUM 63, 178, 295 +1.02, -1.31, +0.50 5/5 High sensitivity
RHtest 70, 182, 298, 303 (Calc.) 0/5 FP at t = 303
Climatol None – 0/5 Failed to detect shifts and outliers

4.4.1 Breakpoint Detection under Weak Structural Signals576

Table 3 and Fig. 8 illustrate the behavior of the three methods when the SNR is577

substantially reduced.578

Despite the weaker discontinuities, the proposed BYS-CUSUM framework success-579

fully detected all three structural changes, with estimated breakpoint locations (63,580

178, and 295) remaining close to the true positions (70, 180, and 300).581

RHtestsV4 correctly identified the first two breakpoints but divided the final struc-582

tural change into two adjacent breakpoints located at months 298 and 303. This583

behavior suggests that the algorithm interpreted the local disturbance surrounding584

the final breakpoint as multiple independent shifts rather than a single structural585

transition.586

Climatol exhibited the largest deterioration in performance, failing to detect any587

of the three structural breakpoints. This indicates that the method loses sensitivity588

when breakpoint magnitudes become comparable to the background variability.589

4.4.2 Outlier Identification and Its Influence on Breakpoint590

Detection591

Figure 9 further highlights the importance of explicitly separating transient anomalies592

from permanent structural changes.593

The proposed BYS-CUSUM framework successfully identified all five injected out-594

liers, including the observation located at month 299 immediately adjacent to the final595

breakpoint.596
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Climatol failed to identify any of the injected outliers. As discussed in Section 4.1,597

the outlier threshold had to be relaxed to ensure numerical stability, substantially598

reducing the algorithm’s ability to remove anomalous observations. Consequently,599

the contaminated observations remained in the series throughout the homogenization600

procedure, further masking the already weak structural changes.601

RHtestsV4 does not explicitly identify outliers. Interestingly, the additional break-602

point detected at month 303 occurs immediately after the injected outlier at month603

299, suggesting that the algorithm may interpret localized transient anomalies near604

genuine breakpoints as separate structural changes rather than isolated observations.605

4.4.3 Reconstruction Accuracy606

Figure 10 summarizes the reconstruction accuracy obtained by the three methods.607

The proposed BYS-CUSUM framework consistently achieved the highest corre-608

lation with the true homogeneous series together with the lowest MAE and RMSE,609

indicating the most accurate reconstruction under weak breakpoint conditions.610

RHtestsV4 exhibited larger reconstruction errors, primarily because the additional611

breakpoint detected near the end of the series introduced unnecessary adjustments612

into the reconstructed record.613

Climatol produced the poorest reconstruction performance. Its inability to detect614

the weak structural changes, together with the presence of untreated outliers dis-615

cussed in the previous subsection, resulted in persistent reconstruction errors and616

substantially larger MAE and RMSE values than the proposed framework.617

Overall, the third benchmark demonstrates that reducing breakpoint magni-618

tude fundamentally changes the homogenization problem from one of breakpoint619

localization to one of signal discrimination. Under these conditions, the proposed BYS-620

CUSUM framework maintains sufficient sensitivity to recover weak structural changes621

while simultaneously distinguishing them from transient outliers. In contrast, RHt-622

estsV4 tends to over-segment weak signals into multiple breakpoints, whereas Climatol623

becomes overly conservative and fails to detect either the structural changes or the624

associated anomalous observations.625

4.5 Example 4: Systematic Outliers and Low-Magnitude Shift626

Detection627

The final benchmark represents the most challenging scenario considered in this study.628

In addition to the weak structural shifts introduced in Example 3, the synthetic series629

contains ”smart outliers”, whose magnitudes range between 2.5 and 4 standard devi-630

ations of the deseasonalized anomaly series. Unlike extreme outliers, these anomalies631

closely resemble natural climate variability and are therefore considerably more dif-632

ficult to distinguish from genuine structural changes. Consequently, this experiment633

evaluates not only breakpoint detection accuracy but also the ability of each framework634

to discriminate between subtle transient disturbances and permanent mean shifts.635
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Table 4: Performance summary for Example 4 (Subtle shifts and smart outliers).

Method Detected Magnitude Outl. Notes

True 70, 180, 300 +1.0, -1.5, +0.7 5/5 –
BYS-CUSUM 67, 174, 295 +0.84, -1.31, +0.60 4/5 High precision
RHtest 70, 91, 179, 300 (Calc.) 0/5 FP at t = 91
Climatol 181, 299 (Calc.) 1/5 Missed t = 70; outl. at 197

4.5.1 Breakpoint Detection in the Presence of Subtle Anomalies636

Table 4 and Fig. 11 reveal substantially different responses of the three homogenization637

methods when structural shifts are accompanied by subtle transient anomalies.638

The proposed BYS-CUSUM framework successfully recovered all three structural639

changes, locating them at months 67, 174, and 295. Although small temporal devi-640

ations were observed, all estimated breakpoints remained close to the true locations641

despite the reduced signal-to-noise ratio and the presence of systematic outliers.642

RHtestsV4 exhibited a characteristic over-detection behavior by introducing an643

additional breakpoint at month 91. Notably, this false breakpoint coincides with two644

consecutive smart outliers located at months 90 and 91, suggesting that localized645

transient disturbances were interpreted as a permanent structural change.646

Climatol detected only the second and third breakpoints while failing to identify647

the first breakpoint at month 70. This result indicates that weak structural changes648

occurring under moderate background variability may remain below the detection649

sensitivity of the SNHT-based procedure.650

4.5.2 Identification of Subtle Outliers651

Figure 12 highlights the increasing importance of explicit outlier identification when652

anomalies become statistically similar to natural climate variability.653

The proposed BYS-CUSUM framework correctly detected four of the five injected654

smart outliers, including the consecutive anomalies at months 90 and 91. Only655

one subtle outlier located at month 256 remained undetected, most likely because656

its magnitude was comparable to the local background variability and therefore657

indistinguishable from ordinary climatic fluctuations.658

Climatol detected only one outlier (month 197), leaving the remaining anoma-659

lies untreated. Consequently, localized disturbances remained embedded in the series660

throughout the homogenization process, reducing the method’s ability to distinguish661

weak structural shifts from natural variability.662

4.5.3 Reconstruction Accuracy663

Figure 13 summarizes the reconstruction performance obtained by the three homoge-664

nization methods.665

The proposed BYS-CUSUM framework achieved the smallest reconstruction errors,666

with RMSE and MAE substantially lower than those of both benchmark methods.667

Although all methods maintained high correlation coefficients owing to the common668

large-scale climatic signal, the error statistics reveal considerable differences in their669
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ability to recover the underlying homogeneous series. The reconstruction errors of670

RHtestsV4 were primarily associated with the additional breakpoint introduced at671

month 91, whereas the larger errors observed for Climatol resulted from the combined672

effects of the undetected first breakpoint and the limited identification of subtle out-673

liers. These results indicate that accurate discrimination between transient anomalies674

and permanent structural changes plays a dominant role in reconstruction quality once675

breakpoint magnitudes become small.676

Overall, the fourth benchmark demonstrates that the principal challenge is no677

longer detecting breakpoints themselves, but correctly distinguishing weak structural678

changes from localized transient anomalies. Under these conditions, the proposed BYS-679

CUSUM framework preserves both breakpoint sensitivity and reconstruction accuracy680

through robust Bayesian breakpoint verification together with explicit identification681

and reconstruction of outliers and missing observations. In contrast, RHtestsV4 tends682

to interpret clustered anomalies as additional structural changes, whereas Climatol683

exhibits reduced sensitivity to weak breakpoints under complex contamination. These684

findings highlight the advantage of combining robust probabilistic breakpoint verifica-685

tion with explicit reconstruction of outliers and missing observations within a unified686

homogenization framework.687
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Climate Time Series

Composite Refer-
ence Construction

Regression Model

CUSUM

Candidate Breakpoints

Bayesian Verification

Breakpoint Location
and Magnitude

Residual-based
Outlier Detection

Regression-based
Reconstruction
of Missing Val-
ues and Outliers

Breakpoint Adjustment

Homogenized
Climate Series

Fig. 1: Workflow of the proposed Bayesian CUSUM (BYS-CUSUM) framework.
Regression residuals are first obtained from the regression model and subsequently
used in two parallel branches. The left branch identifies candidate breakpoints using
the CUSUM transformation followed by Bayesian verification to estimate breakpoint
locations and shift magnitudes. The right branch detects transient outliers directly
from the regression residuals. After breakpoint verification, detected outliers and
missing observations are reconstructed using the regression model, and the validated
breakpoint adjustments are finally applied to produce the homogenized climate series.
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Fig. 2: Visual comparison of homogenized temperature anomalies for Example 1.
The reconstructed series from the BYS-CUSUM framework, RHtest, and Climatol
all closely follow the True series, demonstrating their high baseline accuracy in the
absence of noise and missing data.

Fig. 3: Outlier detection performance comparison for Example 1. The BYS-CUSUM
framework flagged a minor false outlier at t = 222, while Climatol correctly remained
insensitive.
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Fig. 4: Benchmark metrics comparison for Example 1: BYS-CUSUM (red), Clima-
tol (green), and RHtestsV4 (blue). All three methods exhibit low error metrics and
high correlations, confirming their efficacy in reconstructing undisturbed climate series
under ideal experimental conditions.
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Fig. 5: Visual comparison of homogenized temperature anomaly series for Example 2.
The reconstructed series from the proposed BYS-CUSUM framework (green) exhibits
near-perfect agreement with the true series (dark grey). In contrast, RHtestsV4 (yel-
low) introduces early artifacts due to a false breakpoint at index 5 and progressively
deviates from the true series because of inaccurate breakpoint placement, while Cli-
matol (purple) shows severe systematic deviations, particularly in the latter part of
the series, owing to its failure to detect the final breakpoint at index 300.
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Fig. 6: Outlier detection performance comparison for Example 2. The BYS-CUSUM
framework successfully flagged all five true outliers, Climatol captured only the major
outlier at index 2.

Fig. 7: Quantitative performance metrics for Example 2. The BYS-CUSUM method
(red) achieves the highest correlation and the lowest MAE/RMSE across all bench-
marks, followed by RHtestsV4 (blue). Climatol (green) exhibits lower accuracy metrics
due to the undetected third mean shift.
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Fig. 8: Comparison of homogenized series for Example 3. The BYS-CUSUM homog-
enized series (green) shows the best alignment with the True series (dark grey),
effectively removing the artifacts of mean shifts and outliers.
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Fig. 9: Outlier detection performance. BYS-CUSUM (blue) matches the
True Outliers (black) perfectly.

Fig. 10: Error metrics comparison. BYS-CUSUM shows the lowest
RMSE and MAE.
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Fig. 11: Comparison of homogenization results for Example 4. The BYS-CUSUM
framework successfully avoids the false-positive breakpoint triggered by RHtest at
t = 91 due to transient outliers, while accurately capturing all true shifts. In contrast,
Climatol misses the early subtle shift at t = 70.
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Fig. 12: Outlier detection for Example 4. BYS-CUSUM correctly iden-
tifies subtle anomalies at t = 90, 91, 153, 197.

Fig. 13: Quantitative error metrics. Despite the subtle nature of the
shifts, BYS-CUSUM achieves the lowest RMSE.
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5 Discussion688

The experimental results consistently demonstrate that successful climate time series689

homogenization depends not only on identifying structural breakpoints, but also690

on correctly distinguishing permanent shifts from transient anomalies before the691

adjustment process. This distinction becomes increasingly challenging as breakpoint692

magnitudes decrease and observational series become contaminated with outliers693

and missing values. Under these realistic conditions, errors associated with transient694

anomalies may lead to missed discontinuities, false-positive detections, or inaccurate695

reconstruction of the homogeneous climate record.696

The comparative analysis reveals two fundamentally different failure mechanisms in697

the benchmark methods. RHtestsV4 primarily exhibits an over-segmentation behavior.698

Since transient anomalies remain embedded in the series during breakpoint estimation,699

localized clusters of outliers may be interpreted as genuine structural changes. This700

behavior is evident in the experiments where outliers located close to true breakpoints701

generated additional changepoints or displaced breakpoint estimates. Such sensitivity702

indicates that the statistical tests employed by RHtestsV4 become vulnerable when703

short-lived anomalies locally modify the mean structure of the series.704

In contrast, Climatol exhibits an under-detection behavior under contaminated705

conditions. Although its preliminary outlier filtering improves numerical stability, the706

method relies strongly on user-defined rejection thresholds. Relaxing the outlier thresh-707

old to avoid execution failure inevitably reduces the algorithm’s sensitivity to both708

anomalous observations and weak structural shifts. Consequently, increasing contam-709

ination progressively masks subtle breakpoints, while decreasing the threshold may710

remove excessive neighboring observations and even prevent successful execution. This711

trade-off illustrates the inherent limitation of sequential preprocessing strategies in712

which the treatment of anomalous observations directly influences the subsequent713

homogeneity analysis.714

The proposed BYS-CUSUM framework overcomes these limitations through a715

unified probabilistic framework that combines Bayesian breakpoint verification with716

explicit reconstruction of outliers and missing observations. A key feature of the pro-717

posed model is the adoption of a Student-t likelihood, whose heavy-tailed distribution718

reduces the influence of extreme observations during breakpoint estimation without719

requiring their prior removal. Bayesian refinement therefore provides stable estimates720

of breakpoint locations and magnitudes even under contaminated conditions, while the721

subsequent reconstruction stage improves the quality of the final homogenized series by722

replacing detected outliers and missing observations using the regression relationship.723

An important consequence of this integrated framework is the substantial improve-724

ment in reconstruction accuracy. Across all experimental scenarios, the final imposed725

breakpoint was intentionally located near the end of the series (t = 300 in a 360-month726

record) to evaluate the robustness of breakpoint detection under boundary condi-727

tions. The experimental results indicate that the primary challenge for the benchmark728

methods was not the boundary location itself, since all methods successfully detected729

this breakpoint under the noise-free conditions of Example 1. Instead, performance730

deteriorated when the end-of-series breakpoint coincided with nearby outliers and731

missing observations or when the breakpoint magnitude became smaller. Under these732
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conditions, Climatol frequently failed to identify the final breakpoint, whereas RHt-733

estsV4 tended to misplace the breakpoint or split it into multiple nearby detections.734

In contrast, the Bayesian refinement stage of the proposed framework consistently735

maintained accurate localization of the final breakpoint across all experiments, demon-736

strating greater robustness to the combined effects of boundary location, transient737

anomalies, and reduced signal-to-noise ratio.738

Overall, the experimental results indicate that the principal challenge in cli-739

mate homogenization is not merely detecting changepoints, but reliably separating740

permanent structural changes from transient observational disturbances under real-741

istic conditions. The proposed BYS-CUSUM framework addresses this challenge742

through robust Bayesian breakpoint verification, residual-based outlier identification,743

regression-based reconstruction of outliers and missing observations, and a unified744

homogenization workflow. Together, these methodological components provide consis-745

tently accurate breakpoint localization and superior reconstruction performance across746

varying levels of noise, missing data, outlier contamination, and breakpoint magnitude,747

making the proposed framework a reliable alternative for long-term climate variability748

and climate change studies.749

6 Discussion750

The experimental results consistently demonstrate that successful climate time series751

homogenization depends not only on identifying structural breakpoints, but also752

on correctly distinguishing permanent shifts from transient anomalies before the753

adjustment process. This distinction becomes increasingly challenging as breakpoint754

magnitudes decrease and the observational series become contaminated with outliers755

and missing values. Under realistic observational conditions, transient anomalies may756

either be falsely identified as structural breakpoints or mask genuine discontinuities,757

particularly when breakpoint magnitudes are small or occur near the boundaries of758

the observational record.759

The comparative analysis reveals two fundamentally different failure mechanisms in760

the benchmark methods. RHtestsV4 primarily exhibits an over-segmentation behavior.761

Since transient anomalies remain embedded in the series during breakpoint estimation,762

localized clusters of outliers may be interpreted as genuine structural changes. This763

behavior is evident in the experiments where outliers located close to true breakpoints764

generated additional changepoints or displaced breakpoint estimates. Such sensitivity765

indicates that the statistical tests employed by RHtestsV4 are vulnerable when short-766

lived anomalies locally alter the mean structure of the series.767

In contrast, Climatol exhibits an under-detection behavior under contaminated768

conditions. Although its preliminary outlier filtering improves numerical stability, the769

method relies strongly on user-defined rejection thresholds. Relaxing the outlier thresh-770

old to avoid execution failure inevitably reduces the algorithm’s sensitivity to both771

anomalous observations and weak structural shifts. Consequently, increasing contam-772

ination progressively masks subtle breakpoints, while decreasing the threshold may773

remove excessive neighboring observations and even prevent successful execution. This774
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trade-off illustrates the inherent difficulty of sequential preprocessing strategies in775

which outlier removal directly influences the subsequent homogeneity analysis.776

The proposed BYS-CUSUM framework overcomes these limitations by combin-777

ing probabilistic breakpoint verification with a unified regression-based framework for778

outlier treatment, missing-value reconstruction, and homogenization. Bayesian refine-779

ment, together with the Student-t likelihood, provides robust breakpoint estimation780

under contaminated conditions by reducing the influence of extreme observations781

during posterior inference. As a result, the proposed framework maintains reliable782

breakpoint localization and consistently achieves more accurate reconstruction of the783

homogeneous climate series across a wide range of contamination scenarios.784

Another important advantage of the proposed framework is its ability to consis-785

tently identify transient outliers across all benchmark scenarios. Unlike RHtestsV4,786

which does not explicitly distinguish outliers from structural changes, and Climatol,787

whose outlier detection strongly depends on user-defined thresholds, the residual-based788

detection procedure successfully identified all injected outliers in every experiment.789

This capability prevents transient anomalies from remaining in the reconstructed790

climate record and contributes to the superior reconstruction accuracy observed791

throughout the experiments.792

An important consequence of this integrated framework is the substantial improve-793

ment in reconstruction accuracy. Across all experimental scenarios, the final imposed794

breakpoint was intentionally located near the end of the series (t = 300 in a 360-month795

record) to evaluate the robustness of breakpoint detection under boundary conditions.796

The experimental results indicate that the primary challenge for the benchmark meth-797

ods was not the boundary location itself, since all methods successfully detected this798

breakpoint under the noise-free conditions of Example 1. Instead, performance dete-799

riorated when the end-of-series breakpoint coincided with nearby outliers and missing800

observations or when the shift magnitude became smaller. Under these conditions,801

Climatol frequently failed to identify the final breakpoint, whereas RHtestsV4 tended802

to misplace the breakpoint or split it into multiple nearby detections. In contrast, the803

Bayesian refinement stage of the proposed framework consistently maintained accu-804

rate localization of the final breakpoint across all experiments, demonstrating greater805

robustness to the combined effects of boundary location, transient anomalies, and806

reduced signal-to-noise ratio.807

Overall, the proposed BYS-CUSUM framework demonstrates robust performance808

across a wide range of contamination scenarios involving varying levels of noise,809

missing data, outlier contamination, and breakpoint magnitude. By combining prob-810

abilistic breakpoint verification with a unified regression-based framework for outlier811

treatment, missing-value reconstruction, and homogenization, the proposed approach812

consistently provides accurate breakpoint localization and improved reconstruction of813

homogeneous climate series. These characteristics make BYS-CUSUM a reliable alter-814

native for homogenizing climate time series intended for long-term climate variability815

and climate change analyses.816
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7 Conclusion817

This study presented a Bayesian CUSUM framework for climate time series homoge-818

nization that jointly models structural breakpoints, outliers, and missing observations819

within a unified workflow. Through a comprehensive evaluation using four syn-820

thetic benchmark scenarios with progressively increasing levels of contamination,821

the proposed framework consistently demonstrated greater robustness than Clima-822

tol and RHtestsV4, particularly in the presence of outliers, missing observations, and823

low-magnitude shifts. Across the most challenging scenarios, the proposed method824

substantially reduced reconstruction errors while providing more reliable breakpoint825

localization, accurate identification of transient outliers, and consistent estimation of826

breakpoint adjustment magnitudes.827

An important finding of this study is that breakpoint detection becomes substan-828

tially more challenging when structural changes coexist with nearby outliers, missing829

observations, or weak shift magnitudes. Under these conditions, transient anomalies830

may either mask genuine discontinuities or be incorrectly interpreted as additional831

structural changes. This behavior was observed in both benchmark methods, with832

Climatol frequently failing to detect weak breakpoints and RHtestsV4 occasionally833

introducing false breakpoints in the vicinity of clustered outliers. In contrast, the834

Bayesian refinement stage of the proposed framework maintained stable breakpoint835

localization and accurate reconstruction across all experimental scenarios.836

Future work will focus on extending the proposed methodology from single-station837

homogenization to joint network-wide Bayesian homogenization, allowing simultane-838

ous estimation of breakpoints across multiple stations while explicitly accounting for839

spatial dependence. Another promising direction is to investigate alternative process-840

ing strategies, including performing outlier reconstruction prior to Bayesian breakpoint841

estimation, and to evaluate the applicability of the proposed framework to other cli-842

matological variables, particularly precipitation, where stronger spatial variability and843

non-Gaussian characteristics present additional homogenization challenges.844
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