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Abstract
The research studied the performance of Hybrid Pruned Exact Linear Time and Random

Forest Proximity Anomaly Scores (PELT+RF) against Baseline PELT in accurately detecting
change points in Climate time series Data using simulation. The research adopts a Monte Carlo
simulation framework to develop, implement and evaluate a hybrid change-point detection tech-
nique that combines the Pruned Exact Linear Time (PELT) algorithm with machine learning
anomaly detection method (RF). The hybrid approach Pruned Exact Linear Time + Ran-
dom Forest Proximity Anomaly Scores (PELT+RF) is compared against baseline PELT using
simulated multivariate climate datasets. Across small, moderate, and large sample sizes, the
same directional patterns persist-temperature and humidity increase while rainfall decreases
with more breaks. However, larger samples make the regime shifts more distinct and less
noisy. This finding underscores that robust detection methods must perform well not only
in large datasets but also in small samples, where noisy signals make breaks harder to cap-
ture. Enhanced detection algorithms are therefore vital for early warning in short observational
records or regional climate data with limited length. PELT+RF showed slightly stronger pre-
cision and F1-scores in small-sample, high-change scenarios, making it the better performer
in noisy and data-limited environments. On balance, PELT+RF emerged as a strong hybrid
in practical, small-sample climate contexts, where data scarcity and noise are common. Its
incremental improvements in precision and F1 are particularly valuable for regional climate
monitoring and early-warning systems. This Study carried out a Performance Assessment on
the developed, implemented and evaluated Hybrid change-point detection framework which
integrates the Pruned Exact Linear Time (PELT) algorithm with machine learning anomaly
detection method (Random Forest proximity Based Anomaly Scores) for robust identification
of structural breaks in multivariate climate time series against Baseline PELT Algorithm of
which PELT+RF emerged a strong Hybrid. For instance, at four change points with n = 70,
PELT+RF achieves a precision of 0.1981 compared to 0.1919 for PELT, alongside a higher
F1-score (0.3302 vs. 0.3217). Relative to all other alternatives for Change Point Detection, the
Hybrid PELT+RF approach balanced computational efficiency, interpretability, and robust-
ness. It retains PELT’s exact segmentation while using ML scorers to capture multivariate,
nonlinear anomalies.

This work is licensed under a Creative Commons Attribution 4.0 International License.
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1 Introduction
Climate variability and change are characterized not only by gradual long-term trends but also by
abrupt regime shifts, often referred to as structural breaks or change points. Such shifts are critical
in climate science because they indicate sudden transitions in temperature, rainfall, or humidity
that may have far-reaching consequences for ecosystems, agriculture, water resources, and human
livelihoods. The remote sensing of climatic and hydrological variables such as rainfall, humidity,
temperature, soil moisture and stream flow is becoming increasingly more important as we strive
to improve our understanding of the earth’s climate. Because these variables change more rapidly
than other land cover characteristics, a high frequency of image acquisition is required. This in
turn results in a large volume of data that must be compared to detect changes and trends in
moisture flux (Gomez 2011 [1]). Change point analysis is also an efficient tool used to understand
the fundamental information in environmental data such as rainfall and temperature the result
of a reasonable change point detection method can be effectively used in the prediction of flood
and draught because it provides a key to resolve the non-stationary or inhomogeneous problem by
climate change (Ademuwagun et al 2024 [2]). Recording rainfall and temperature for consecutive
years can teach us about fluctuations from year to year and can help us plan accordingly as we
learn natures patterns. It is important to accurately estimate rainfall for effective use of water
resources. Traditionally, statistical change-point detection (CPD) methods such as the Cumulative
Sum (CUSUM) test, binary segmentation, and penalized likelihood approaches have been widely
applied to climate datasets. Among these, the Pruned Exact Linear Time (PELT) algorithm has
emerged as a particularly powerful tool because it provides exact segmentation with linear average
computational cost (Killick, Fearnhead, & Eckley, 2012 [3]). PELT has been applied in climate
research to identify changes in temperature records, precipitation series, and other environmental
variables. However, standard PELT methods generally assume univariate Gaussian processes with
shifts in mean and/or variance. In practice, climate systems are multivariate, noisy, and nonlinear,
where shifts often occur simultaneously across variables (e.g., warmer temperatures coinciding with
declining rainfall and rising humidity). This makes classical CPD approaches limited in their ability
to detect complex, multivariate regime shifts. On the other hand, machine learning–based anomaly
detection methods such as Isolation Forest (Liu, Ting, & Zhou, 2008 [4]) and Random Forest proxim-
ity scores (Rhodes, 2022 [5]) have demonstrated strong performance in detecting atypical patterns
in multivariate, nonlinear data. These algorithms do not rely on strict parametric assumptions
and can capture joint anomalies that classical methods may miss. Yet, machine learning anomaly
detection methods lack the statistical rigor of segmentation algorithms like PELT, which provide
interpretable change-point estimates and established theoretical guarantees. This methodological
gap motivates the new development of a hybrid approach that combines the statistical rigor of
PELT with the multivariate anomaly sensitivity of Random Forest Proximity Anomaly Scores. By
first computing anomaly scores using machine learning methods (Random Forest proximity) and
then applying PELT to segment these scores, the hybrid method aims to improve the detection
of structural breaks in multivariate climate data. Such an approach holds particular promise in
contexts with short, noisy datasets relative to other CPD methods which work well with moderate
and large samples sizes that are less noisy. This study aims to develop, implement, and evaluate
a hybrid change-point detection framework that integrates the Pruned Exact Linear Time (PELT)
algorithm with machine learning anomaly detection method (Random Forest proximity) for robust
identification of structural breaks in multivariate climate time series. The study will develop hybrid
PELT methods by integrating machine learning anomaly scores from Random Forest proximity with
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PELT segmentation; implement the baseline PELT algorithm and hybrid PELT-machine learning
methods for detecting structural breaks (change points) and compare their performances across
different simulation scenarios using precision; and identify the most effective hybrid approach for
detecting multivariate regime shifts in climate data, particularly under conditions of short sample
length, high noise, and multiple change points.

2 Review of Related Works
The Intergovernmental Panel on Climate Change (IPCC) highlights that abrupt shifts in temper-
ature, precipitation, and hydrological regimes are not only scientifically significant but also carry
high policy relevance for risk management and adaptation strategies Abrupt changes, regime shifts,
and structural breaks in climate systems are increasingly recognized as critical phenomena that in-
fluence long-term variability and adaptation planning (IPCC, 2019 [6]). For instance, regime shifts
in rainfall patterns directly affect water security and agriculture, while abrupt warming trends alter
humidity levels and the frequency of extreme events (Scheffer et al., 2009 [7]). Empirical work has
also catalogued abrupt ecosystem and climate regime shifts, noting their often multivariate and
interacting nature (deYoung et al., 2008 [8]; Lenton, 2013 [9]). This underscores the necessity of ro-
bust change-point detection (CPD) tools that can reliably identify structural breaks in climate time
series. Statistical methods for CPD have a long history, including likelihood-ratio tests, CUSUM,
binary segmentation, and penalized likelihood approaches (Page, 1954 [10]; Hawkins, 2001 [11]).
Dynamic Programing Algorithm for finding the global minimizers of the sum of squared residuals
(SSR) for multiple structural changes in a linear regression model which relies on the principle
of dynamic programing (Bai and Perron 2003 [12]), while (Thomas et al 2025 [13]) introduced
Bayesian Changepoint Detection via logistics Regression a method allowing simultaneous inference
on change point location and regression coefficients for interpretable change detection by combining
topological data analysis with a Gibbs sampling algorithm.

Among modern algorithms, the Pruned Exact Linear Time (PELT) method of Killick, Fearn-
head, and Eckley (2012) [3] is particularly attractive. PELT minimizes a penalized cost function
and guarantees global optimality while employing pruning to achieve average linear complexity,
making it one of the most efficient exact segmentation methods available. PELT has been widely
used in environmental and climate contexts, including hydrology, oceanography, and meteorology,
because of its computational tractability and theoretical rigor (Reeves et al., 2007 [14]; Beaulieu
et al., 2012 [15]). However, PELT in its standard form typically assumes univariate Gaussian data
with shifts in mean and/or variance, which limits its applicability to real-world multivariate and
nonlinear climate processes. Moreover, penalty selection in PELT can strongly affect detection
outcomes: too low a penalty leads to spurious change points, while too high a penalty misses true
breaks (Haynes et al., 2017 [16]). These limitations motivate exploration of hybrid methods that
preserve the optimal segmentation of PELT while enhancing its robustness to multivariate, non-
linear, and noisy signals. Although effective, classical CPD methods including PELT face several
limitations in climate applications: Univariate focus; Most implementations detect changes in a
single series (e.g., temperature), whereas climate processes are multivariate and interactive. A shift
in rainfall often co-occurs with humidity and temperature changes, making univariate detection in-
complete (Killick & Eckley, 2014 [17]), Parametric assumptions; Classical methods generally assume
Gaussian and linear mean/variance shifts. Yet climate dynamics may involve nonlinear transitions,
dependence changes, or distributional shifts beyond mean/variance (Truong et al., 2020 [18]), Data
length and noise; Regional climate records are often short and noisy, particularly in Africa and
other data-sparse regions (Zwiers & von Storch, 2004 [19]). In such contexts, classical segmentation
either over-segments or fails to detect subtle breaks, Penalty sensitivity; The choice of penalty value
is nontrivial; performance depends heavily on penalty calibration, which is rarely straightforward
in practice (Haynes et al., 2017 [16]). Together, these limitations underscore the need for more
flexible approaches that retain the statistical rigor of PELT while being sensitive to multivariate
and nonlinear structures. Some change point detection methods like kernel, project data into high
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dimensional space where statistical homogeneity is tested using a predefined mathematical func-
tion called the kernel. while kernel change point detection handles mostly numerical data and
has a strong statistical guarantee similar to PELT the difference lies in the linear time complexity
(speed) of PELT and the quadratic time complexity of kernel change point methods. Random For-
est Proximity Anomaly Scores which is robust to noise and nonlinearity and handles numerical and
categorical data over kernel change point detection methods makes PELT+RF the most preferred
hybrid model.

Parth Sinroza (2020) [20] studied a review on Climate Change Impact Analysis using Statistical
tools. The literature reviewed in this study, showed that, not only globally, but also locally, climate
change is now a serious problem. In this field, where not only scientists and engineers, but also social
scientists, economists, environmentalists and policy makers put their best to deal with the problem,
major research efforts are now being concentrated. There is need to use statistical techniques and
software help to explain whether the climate has changed in the past and, more importantly, whether
the climate will change in the future. Much of the literature available has used trend detection
techniques to estimate the degree of change, such as linear regression. It has now become easier to
schedule adaptation to the predicted quantum of change by detecting various magnitudes of change
as well. Analyses and prediction of change in critical climatic variables like rainfall and temperature
are, therefore, extremely important. Based on this study, we are trying to expand the research area
by examining these parameters based on statistical analysis. (Musaev et al 2024 [21]) worked
on online proactive change point detection for non-stationery financial process using an adaptive
algorithm, while (Malinowski et al 2025 [22]) Combined neural networks with feature-based Machine
learning and statistical techniques to detect change points and classify trajectories in anomalous
diffusion. (Xu et al 2025 [23]) discovered that deep learning enhances change point detection by
handling complex high dimensional, non-linear data with fewer distributional assumptions than
traditional methods. (Martinsson et al 2024 [24]) introduced a method for converting weak sound
event labels into strong, time–precise labels using Adaptive Change Point Detection(A-CPD) and
active learning to improve annotation efficiency.

Cody Dong et al (2023) [25] in Sustainability and climate trends to watch 2024. Chapter one
noted in the climate trends that Extreme weather hits home and work. They noted that Heat
domes, atmospheric rivers, orange skies and unbreathable air. Shockingly unprecedented climate
disasters and increasingly severe weather have peppered the globe in the last few years. No longer
an abstract future concern, physical climate impacts are quite literally hitting home and work
for millions of people, as well as the companies that rely on them. As the economic effects ripple
outward with social and structural consequences yet to be fully understood, adaptation is becoming
a must. As we move through 2024, we may see more examples of how extreme weather is affecting
where and how people live and work and what that means for the companies that serve and employ
them.

3 Methodology

3.1 Hybrid PELT+RF Development and Performance Assessment
PELT is a change point detection algorithm designed to segment time series into homogeneous
regimes by minimizing a cost function. Its strength lies in its Computational efficiency (linear
in time) and suitability for large climate datasets. It’s purely statistical and can miss nonlinear
patterns that machine learning can capture this limitation of PELT can adequately be addressed
by the developed Hybrid PELT + RF.

Performance Assessment is measured by High Recall (few missed true changes) High Precision
(few false alarms), while F1 Score summarizes the tradeoff.

Assume for simplicity that within a segment observation are independent Gaussian:

Xj ∼ Np(µj ,Σj), t = τj−1 + 1, . . . , τj . (3.1)
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For univariate derivation (used when applying PELT to a single series Yt), assume

Yt ∼ N(µj , σ
2
j ) on segment j. (3.2)

The negative log-likelihood for a candidate segment s+ 1, . . . , e(ignoring constants) is

L(s+ 1, e) =
(e− s)

2
log σ2

(s+1,e) +
1

σ2
(s+1,e)

Σe
t=s+1((Yt − µ̂(s+1,e))

2, (3.3)

where m̂u and σ2 are MLEs on that segment. Under the homoscedastic assumption (constant σ2

across segments) the cost simplifies to the sum of squared errors form:

C(s+ 1, e) = Σe
t=s+1(Yt − Ȳs+1,e)

2 (3.4)

(up to a constant factor).

3.2 Penalized cost formulation
Estimation of change points is framed as minimization of a penalized sum of segment costs:

m̂, {τ̂j} = arg min
m,{τ1,...,τm}

Σm
j=0C(τj + 1, τj+1) + βm (3.5)

where β is a penalty for each change point (controls trade-off between fit and complexity).
Common choices: β = α logn(BIC) or (AIC)β = 2p or manual fixed penalty as used in my code.

3.3 The Dynamic programming and pruning (PELT)
Let F (t) be optimal value of objective up to time t:

F (t) = min
s<t

{F (s) + C(s+ 1, t) + β}, F (0) = −β. (3.6)

PELT uses a pruning condition to cut candidate s that cannot be optimal for any later t. If for
candidate τ and s we have

F (τ) + C(τ + 1, t) ≥ F (s) + C(s+ 1, t) ∀t ≥ T, (3.7)

then τ is pruned. Killick et al. (2012) [3] proved that under mild regularity this pruning leads to
average linear computational complexity in n.
Key property: PELT gives the global minimizer of the penalized cost (not greedy) provided cost
is additive over segments and penalty is constant per change.

3.4 Developing the Hybrid PELT + Machine Learning
3.4.1 Machine Learning Anomaly Scorer

The hybrid pipeline maps the multivariate series {t} to a scalar score time series {St} that sum-
marizes anomalousness at each time. Then PELT is applied to {St}. Random Forest Proximity
Anomaly score is used:

3.4.2 Random Forest (RF)

A random forest is a classifier consisting of a collection of tree-structured classifiers {h(x, θk),K =
1, . . . . . . } where the {thetak} are independent identically distributed random vectors and each tree
casts a unit vote for the most popular class at input x. Random Forests converges, Given an
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ensemble of classifiers h1(x), h2(x), ..., hk(x), and with the training set drawn at random from the
distribution of the random vector Y,X, define the margin function as

mg(X,Y ) = avkI(hk(X) = Y )−max
j ̸=Y

avkI(hk(X) = j), (3.8)

where I(·) is the indicator function. The margin measures the extent to which the average number
of votes at X,Y for the right class exceeds the average vote for any other class. The larger the
margin, the more confidence in the classification. The generalization error is given by

PE∗ = PXY I(mg(X,Y ) < 0), (3.9)

where the subscripts X,Y indicate that the probability is over the X,Y space. In random forests,
hk(X) = h(X, θk).

3.4.3 Random Forest (RF) Proximity-Based Anomaly Score

Let P (i, j) represent the similarity between the data point i and data point j be entries of an N×N
symmetric matrix (where N is the number of observations) called the proximity matrix. Then

P (i, j) =
1

T
ΣT

t+1I(i ∈ leaf(j, t)). (3.10)

i. T is the total number of trees in the forest

ii. Leaf(j, t) is the set of observations in the same terminal node as observation j in tree t.

iii. I(·) is the indicator function which equals 1 if the condition is true and 0 if otherwise.

3.4.4 Steps for implementing the Random Forest (RF) Proximity-Based Anomaly
Score

i. We create synthetic data by permuting columns of original X (destroys joint structure while
preserving marginals).

ii. Then, label original rows as 1, synthetic rows as 0; train Random Forest classifier with prox-
imity matrix enabled.

iii. Afterwards, compute proximity matrix P (pairwise fraction of times two observations fall in
same terminal node).

iv. For original observations iii, compute average proximity to other original observations:

P̄j =
1

n
Σn

j=1Pj . (3.11)

Define anomaly score, Si = 1− p̄i. Lower p̄i(less similar to others) → higher Si.

3.4.5 Interpretation of Random Forest Anomaly Scores:

i. A Higher Score indicates greater anomaly (change point).

ii. A High Score indicates a point anomaly (brief spike that does not alter the pattern).

iii. A Low Score indicates that it is a normal observation, no anomaly.
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3.5 Hybrid Procedure: Statistical Justification and Derivation Pipeline
i. Given {Xt}nt=1, compute scalar scores St = s(t) by either IForest or RF proximity.

ii. Optionally clean scores: we replace NA with mean.

iii. Apply univariate change-point detection (PELT) to {St} to find change points in anomalous-
ness:

τ̂ = argminΣm
j=0CS(τj + 1, τj+1) + βm, (3.12)

where CS is the cost computed on S (e.g. sum of squared deviations).

iv. Interpret τ̂ as multivariate change points for t.

3.6 Cost Choice on the Score Series and Penalty Calibration
When applying PELT to {St}, you must choose:
Segment Cost Cs If St is treated as Gaussian-like, one may use the sum of squared deviations
cost:

CS(a, b) = Σb
t=a(St − S̄a:b)

2. (3.13)

Alternatively, use negative log-likelihood under appropriate distributional assumption for St (e.g.,
if St ∈ (0, 1) a Beta model could be more appropriate).
Penalty β

i. Statistical choices link to model selection criteria: Akaike-type β = 2p, BIC− typeβ = klogn,
MDL, or manually tuned penalty.

ii. Penalty affects Type I (false positives) vs. Type II (missed breaks). In practice (your results),
high recall but low precision suggests penalty is too small (leading to over-segmentation).
Increasing reduces false positives.

3.7 Simulation Setup
This study adopts a Monte Carlo simulation framework to design and evaluate a hybrid change-
point detection technique that combines the Pruned Exact Linear Time (PELT) algorithm
with machine learning anomaly detection methods. The hybrid approach (PELT+RF) is compared
against baseline PELT using simulated multivariate climate datasets.

3.7.1 Simulation of Climate Data: Parameter Settings

To generate the synthetic multivariate climate time series [26] is used in this study and we simulate
three variables: temperature (0C), rainfall (mm), and humidity (%). The data-generating
mechanism and parameter values are:

i. Sample sizes (n): 50, 70, 100, 200, 300, 500, 600, 800, 1000. These cover small, moderate and
large sample regimes for robustness checks.

ii. Number of change points (m): 0, 1, 2, 3, 4. Change points are randomly positioned subject
to a minimum distance constraint (see below).

iii. Change-point placement: change-point locations are sampled without replacement from
the integer set {20, 21, . . . , n20} and then sorted. This ensures a minimum segment length of
20 observations and avoids edge effects.
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iv. Regime means (segment-specific): for segment index j (j = 1, 2, . . . ) the variable means
are defined as:

Temperature mean = 20 + 2× j(0C) in code this is mean = 20 + i ∗ 2.
Rainfall mean=100-5×j(mm) in code mean = 100− i ∗ 5.
Humidity mean = 60 + 3× j(%) in code mean = 60 + i ∗ 3.
This specification produces upward stepping temperature and humidity regimes and a down-
ward stepping rainfall regime across successive segments.

v. Within-segment dispersion (noise):

Temperature standard deviation (σtemp) = 1.00C.

Rainfall standard deviation (σrain) = 10.0mm.

Humidity standard deviation (humid) = 5.0%.

These are implemented by adding independent Gaussian noise: rnorm(length(seg),mean = ..., sd =
sdvalue).

Random seed: set. Seed (123) for reproducibility in all simulation runs.

3.8 Performance Metrics
Let true change points be T = τ1, . . . , τm and detected ones D = {δ1, . . . , δk}. With tolerance
window ω (e.g., ω = 5 time units):

i. True Positive (TP): a true τ has at least one δ with |δ − τ | ≤ ω.

ii. False Positive (FP): a detected δ is not within www of any true τ .

iii. False Negative (FN): a true τ not matched by any δ within ω.

Precision =
TP

TP + FP
(3.14)

Recall =
TP

TP + FN
(3.15)

F1 = 2 · Precision ·Recall

Precision+Recall
. (3.16)

4 Results

4.1 Presentation of Results / Findings of Simulated Data
The descriptive statistics of the simulated climate data with varying numbers of change points
(Tables 4.1-4.3) and the corresponding time series plots (Figures 4.1-4.9) illustrate how structural
breaks alter the behaviours of temperature, rainfall, and humidity. These findings have direct
implications for the development of enhanced change-point detection techniques in climate research.
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Table 4.1: Summary Statistics of Simulated Climate Data with 0-4 Change Points over Small
Sample Sizes

For temperature, at baseline (0 change points), temperature levels remain stable around 22oC
with low variability. However, as the number of breaks increases, both the mean and variability
rise significantly, reaching 25− 27oC and standard deviations above 3oC at four breaks. The time
series plots show clear stepwise upward shifts across regimes. This behavior demonstrates that
structural breaks can mimic sudden warming episodes. Detecting these shifts reliably is crucial
because traditional methods assuming stationarity may overlook abrupt climatic changes, leading
to underestimation of warming signals.
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Figure 4.1: Time Series Plots of Simulated Climate Data with 0-4 Change Points at Sample Size
50

Rainfall follows a contrasting pattern: mean levels decline progressively with more breaks, from
∼ 96mm at baseline to 82− 88mm at four breaks, while variability increases from ∼ 9− 10mm to
∼ 12−13mm. The plots show successive downward adjustments, representing drying regimes. These
results highlight that ignoring change-points could mask shifts towards drier climates. Therefore,
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Figure 4.2: Time Series Plots of Simulated Climate Data with 0-4 Change Points at Sample Size
70

enhanced detection techniques are essential for identifying both gradual and abrupt precipitation
changes that directly affect water resources and agriculture.

Humidity exhibits rising means and greater dispersion with increasing breaks, moving from
∼ 63% at baseline to ∼ 70% at four breaks. Time series plots show upward shifts in atmospheric
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Figure 4.3: Time Series Plots of Simulated Climate Data with 0-4 Change Points at Sample Size
100

moisture regimes. Such shifts, if not correctly identified, may obscure the relationship between
temperature rise and atmospheric dynamics. Accurate detection techniques allow researchers to
link humidity changes to underlying warming processes and assess compound climate risks.
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Table 4.2: Summary Statistics of Simulated Climate Data with 0-4 Change Points over Moderate
Sample Sizes

Across small, moderate, and large sample sizes, the same directional patterns persist –temperature
and humidity increase while rainfall decreases with more breaks. However, larger samples make the
regime shifts more distinct and less noisy. This finding underscores that robust detection methods
must perform well not only in large datasets but also in small samples, where noisy signals make
breaks harder to capture. Enhanced detection algorithms are therefore vital for early warning in
short observational records or regional climate data with limited length.

The simulations show that structural breaks fundamentally reshape climate variable distribu-
tions. More breaks correspond to warmer, drier, and more humid conditions, along with higher
variability; patterns consistent with observed climate change globally. Crucially, the results em-
phasize that failure to account for change points risks misinterpreting long-term climate trends
as stable, when in fact they are regime-dependent. Developing enhanced change-point detection
techniques is therefore not only a methodological improvement but a necessity for accurately char-
acterizing climate dynamics, attributing observed changes to underlying processes, and informing
adaptation strategies.

4.2 Change Points Detection Performance Assessment of Hybrid PELT
Machine Learning Approach against the Baseline PELT for the Sim-
ulated Multivariate Climate Dataset

The Performance Assessment of baseline PELT and the hybrid PELT machine learning method
(PELT+RF) over simulated multivariate climate datasets demonstrates the promise of integrating
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Figure 4.4: Time Series Plots of Simulated Climate Data with 0-4 Change Points at Sample Size
200

machine learning into classical change-point detection. The results (Tables 4.4-4.6) reveal consis-
tent strength of the hybrid approach, particularly in terms of robustness, balanced accuracy, and
adaptability to noisy climate data.

In small-sample scenarios, where variability and noise are most pronounced, all two methods
achieve perfect recall (1.0), ensuring that no true change points are missed. This is a critical
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Figure 4.5: Time Series Plots of Simulated Climate Data with 0-4 Change Points at Sample Size
300

strength for climate change applications because even short observational records can capture major
regime shifts, and missing such breaks could distort scientific conclusions. The hybrid, however,
distinguishes itself in terms of precision and F1-score. At higher change-point counts (3 − 4),
PELT+RF demonstrate marginal but consistent improvements over baseline PELT. For instance,
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Figure 4.6: Time Series Plots of Simulated Climate Data with 0-4 Change Points at Sample Size
500

at four change points with = 70, PELT+RF achieves a precision of 0.1981 compared to 0.1919
for PELT, alongside a higher F1-score (0.3302 vs. 0.3217). These increments, though modest, are
significant in practice because they reflect the hybrid’s capacity to reduce false positives in noisy,
short records. In real-world climate analysis, this is especially significant because climate researchers
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Table 4.3: Summary Statistics of Simulated Climate Data with 0-4 Change Points over Large
Sample Sizes

often rely on short records (e.g., station-level data, regional series). The hybrid is better equipped
to handle the noise inherent in such small samples, reducing false positives while preserving high
sensitivity.

For moderate datasets, precision values decline across both methods, with PELT yielding be-
tween 0.01 and 0.05 depending on the number of breaks. However, the hybrid consistently matches
or slightly surpass these values. Although the numerical gains are not dramatic, the hybrid’s
consistency across scenarios highlights its strength. It neither degrade detection quality nor intro-
duce instability. This robustness suggests that the anomaly signals generated by machine learning
model, Random Forest’s proximity structures, provide meaningful supplementary information that
stabilizes change-point detection under increasingly complex climate signals.

In large datasets, both methods record very low precision (0.002 – 0.017), reflecting the difficulty
of maintaining specificity when data length and random fluctuations increase, this is due to the
"curse of dimensionality" and the complex interdependence of multivariate change point detection
variables for rainfall, temperature and humidity. Nevertheless, the hybrid again mirror or slightly
exceed baseline performance. The key strength here is not dramatic improvement, but stability:
the hybrid maintains equivalent recall and do not underperform relative to baseline PELT. This
outcome is crucial for climate data analysis, as longer time series often contain multiple overlapping
signals (e.g., seasonal cycles, decadal oscillations, anthropogenic shifts). By incorporating anomaly
detection into the segmentation process, the hybrid remains robust and computationally efficient,
providing a scalable framework for large-scale climate studies.

5 Discussion
The impact of increasing structural breaks at zero change points, showed that all methods cor-
rectly record zero detection (precision, recall, and F1 = 0), demonstrating no false alarms in stable
systems. As the number of change points increases, precision and F1-scores systematically rise for
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Figure 4.7: Time Series Plots of Simulated Climate Data with 0-4 Change Points at Sample Size
600

both methods. This pattern confirms that the models improve as the true signal becomes stronger.
The hybrid consistently tracks or slightly outperforms baseline PELT as the number of breaks
increases. Notably, in the 3-4 change-point scenarios, where climate regimes are most unstable,
the hybrid deliver its strongest relative advantage. This suggests that PELT+RF is particularly
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Figure 4.8: Time Series Plots of Simulated Climate Data with 0-4 Change Points at Sample Size
800

effective in capturing complex, regime-rich dynamics, which is highly relevant for climate change
analysis where multiple interacting shifts (warming, drying, and humidity increases) may occur si-
multaneously. The study discovered that PELT+RF shows slightly stronger precision and F1-scores
in small-sample, high-change scenarios, making it the better performer in noisy and data-limited
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Figure 4.9: Time Series Plots of Simulated Climate Data with 0-4 Change Points at Sample Size
1000

environments. For instance, at four change points with n = 70, PELT+RF achieves a precision
of 0.1981 compared to 0.1919 for PELT, alongside a higher F1-score (0.3302 vs. 0.3217). These
increments, though modest, are significant in practice because they reflect the hybrids’ capacity to
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Table 4.4: Performances of Hybrid PELT Machine Learning Approach against PELT over the
Simulated Small Sample Sizes Multivariate Climate Dataset

Source: Researchers’ Compilations from R-Outputs

Table 4.5: Performances of Hybrid PELT Machine Learning Approach against PELT over the
Simulated Moderate Sample Sizes Multivariate Climate Dataset

Source: Researchers’ Compilations from R-Outputs

reduce false positives in noisy, short records. In real-world climate analysis, this is especially signifi-
cant because climate researchers often rely on short records (e.g., station-level data, regional series).
PELT+RF is better equipped to handle the noise inherent in such small samples, reducing false
positives while preserving high sensitivity. The key strength here is not dramatic improvement, but
stability: the hybrid maintains equivalent recall and do not underperform relative to baseline PELT.
This outcome is crucial for climate data analysis, as longer time series often contain multiple over-
lapping signals (e.g., seasonal cycles, decadal oscillations, anthropogenic shifts). By incorporating
anomaly detection into the segmentation process, the hybrids remain robust and computationally
efficient, providing a scalable framework for large-scale climate studies. Manual penalty choice
showed that the hybrids consistently match or slightly surpass these values. At four change points
with n = 500, PELT+RF achieves a higher Precision of (0.0209) compared to PELT (0.0205) and a

79

 https://doi.org/10.5281/zenodo.20385508


International Journal of Mathematical Sciences and
Optimization: Theory and Applications

12(1), 2026, Pages 59 - 83
https://doi.org/10.5281/zenodo.20385508

Table 4.6: Performances of Hybrid PELT Machine Learning Approach against PELT over the
Simulated Large Sample Sizes Multivariate Climate Dataset

higher F1 Score of (0.04086) compared to PELT (0.04018) reflecting better balance between sensi-
tivity and precision. Across small, moderate, and large sample sizes, the same directional patterns
persist—temperature and humidity increase while rainfall decreases with more breaks. However,
larger samples make the regime shifts more distinct and less noisy. (Bai and Perron 2003 [12])
discovered that Dynamic Programing Algorithm (DPA) designed for multiple structural breaks,
effectiveness diminishes in small samples, where it may show deviations in both size (false positive
rate) and power (ability to detect an actual change). This finding underscores that robust detection
methods must perform well not only in large datasets but also in small samples, where noisy signals
make breaks harder to capture. The study showed that PELT+RF performed well across small,
moderate and large sample sizes. Enhanced detection algorithms are therefore vital for early warn-
ing in short observational records or regional climate data with limited length. The simulations
show that structural breaks fundamentally reshape climate variable distributions. More breaks
correspond to warmer, drier, and more humid conditions, along with higher variability; patterns
consistent with observed climate change globally. Crucially, the results emphasize that failure to
account for change points risks misinterpreting long-term climate trends as stable, when in fact they
are regime-dependent, e.g. changepoints show drier regime shifts. Developing enhanced change-
point detection techniques is therefore not only a methodological improvement but a necessity for
accurately characterizing climate dynamics, attributing observed changes to underlying processes,
and informing adaptation strategies.

6 Conclusion
This study carried out a Performance Assessment of the developed, implemented and evaluated hy-
brid change-point detection framework that integrates the Pruned Exact Linear Time (PELT) algo-
rithm with machine learning anomaly detection method (Random Forest proximity-based Anomaly
Score) for robust identification of structural breaks in multivariate climate time series across dif-
ferent simulation scenarios using precision, recall, and F1-score as performance metrics. Based on
the Performance Assessment, the following findings were drawn: PELT+RF shows slightly stronger
precision and F1-scores in small-sample, high-change scenarios, making it the better performer in
noisy and data-limited environments. On balance, PELT+RF emerged a strong hybrid in prac-
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tical, small-sample climate contexts, where data scarcity and noise are common. Its incremental
improvements in precision and F1 are particularly valuable for regional climate monitoring and
early-warning systems. For climate applications, PELT+RF is better positioned to detect abrupt
and interacting regime changes (e.g., rising temperature alongside declining rainfall), particularly
in limited observational records typical of many regions in Africa and other data-sparse environ-
ments. The findings reinforce the significance of hybrid PELT methods for climate change analysis.
By retaining perfect sensitivity and delivering improved balanced accuracy in noisy, multi-break
scenarios, PELT+RF in particular provides a more reliable tool for identifying regime-dependent
climate change signals. This reliability is crucial for: detecting abrupt climate transitions that may
affect agriculture, water supply, and health; Supporting attribution studies by distinguishing true
shifts from random variability; and enhancing early-warning systems in regions with sparse and
noisy datasets.

7 Limitation
This Study discovered a robust change point detection method for multivariate climate time series
data. The Hybrid PELT+RF performed optimally across small, moderate and large sample lengths.
Extensive research should be done on more possible hybrid solutions that could adequately detect
change points of multivariate climate data. The Limitation of this study might be attributed to the
type of data implored, this study was done with simulated multivariate climate datasets, further
studies should be carried out on Extreme value analysis / theory (extreme data) and also the
application of empirical climate datasets for further validation.
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