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Abstract

This study benchmarks 16 online change-point detection algorithms using both a syn-
thetic dataset and a real dataset. The synthetic dataset enables the analysis of algorithm
performance across scenarios with high and low noise levels in the time series. The real
dataset consists of crime count time series that also exhibit both high and low noise levels.
The results show that ssm_canary and ocpdet_twosample_testarethebestoptionsunderlow —
noiseconditions, while

Introduction

Change point detection refers to the identification of changes in the behavior of a
time series. The interest in detecting change points can be either online or offline. Online
algorithms process data within a sliding window of size n to detect change points in
real time, whereas offline methods analyze the entire time series at once to identify all
change points in the complete dataset [1]. Online change detection has gained increasing
relevance due to the rapid growth of streaming data generation across diverse domains [2].
Recent advances in online detection algorithms have contributed to addressing important
issues, such as fuel leakage detection [3], identifying change points in virus spread [4], and
localizing pipe bursts in water distribution networks [5], among others.

When a time series exhibits a high level of noise, change point detection methods
may perform poorly [7], making the identification of change points challenging [6]. This
problem becomes even more pronounced when the changes are subtle [3], sometimes
making them difficult to detect even for humans. For example, Figure 1 shows two versions
of a time series: one with high noise (¢ = 4.5) and another with low noise (¢ = 0.2). While
the change points are clearly visible in the low-noise scenario, they become significantly
harder to identify in the high-noise version, illustrating the challenges faced by automated
algorithms and even human analysts. Moreover, noise may lead to false detections when
no real change is present. Although noise is known to influence the performance of change
detection algorithms, to the best of our knowledge, there is no systematic benchmarking
of how these algorithms perform under different noise levels in settings with both weak
and strong change points. Therefore, the present study analyzes how commonly used
online change detection algorithms behave under varying levels of noise and change
magnitude. TThe findings guide selecting appropriate detection methods depending on the
characteristics of the time series under study, and they also open new research questions
on how to improve change point detection in noisy environments.
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Figure 1. Comparison of change point detection difficulty under different noise conditions. Both
panels time series with three change points (red dashed lines), but different noise levels

As a second objective, this research examines a real-world scenario in which noise
affects time series, specifically the task of detecting change points in crime occurrences.
Although this task can support crime monitoring, help identify regions with shifts in
criminal activity, and inform policing strategies, it has received limited attention in the
literature [8]. Moreover, crime-related time series typically exhibit high levels of noise,
which hinders accurate change point detection. This noise arises not only from the inherent
stochasticity of criminal behavior but also from structural biases in data collection, as
crime statistics depend on citizens” willingness to report incidents. In summary, the main
contributions of this manuscript are as follows:

* A novel benchmarking analysis of the performance of online change point detection
algorithms under varying noise levels and change magnitudes. To the best of our
knowledge, this is the first study that systematically examines algorithmic behavior
across such conditions.

* A performance evaluation of change point detection algorithms in a real-world sce-
nario where noise strongly affects the time series, specifically, crime count data.

¢ Anew labeled dataset for detecting change points in crime-related time series.

1. Literature review

Recent studies have addressed the problem of online change point detection. In [9],
Cakmak et al. compared eight approaches (six published baselines plus two modified
variants) for change point detection in cardiovascular time series data. In [10], a bench-
marking of popular algorithms was conducted using simulated data and 37 real time series
from various application domains. [12] evaluated online change point detection algorithms
that operate on unbounded data streams with constant time and space complexity. Other
authors, instead of comparing existing methods across different contexts, have developed
new proposals for online change point detection, such as [3], [11], and [6]. In [3], the authors
proposed a novel memory-based online change point detection (MOCPD) framework to
detect fuel leakage delays. [6] introduced a method called Delta Point, which divides the
time series into intervals of user-specified, domain-specific length within which a suspected
change point may be contained. In [11], the method requires no prior distributional knowl-
edge of the time series and uses Information Gain to verify each new candidate change
point score. In both the studies that benchmark existing methods and those that propose
new approaches, there is no evaluation of algorithmic performance as a function of noise
level or change point magnitude. Therefore, there is a lack of knowledge about how these
algorithms behave under specific circumstances.

Regarding the detection of changes in crime event patterns, only a few studies have
examined their effectiveness, even though applying change point detection algorithms
can support police monitoring of criminal activity. For instance, [8] investigated the
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effectiveness of both online and offline change point detection methods for identifying
critical changes in crime-related time series from the Boston and London Police Records
datasets, finding that BOCPD achieved the best performance. In [14], the authors proposed
a fuzzy approach to detect change points in the CICOP dataset (real-world crime data),
consisting of 32 monthly time series. They concluded that the proposed method has
strong potential for crime analysis; however, no comparisons with baselines or alternative
methods were provided. The work of [13] presents a framework for detecting change points
in terrorism-related time series, concluding that it could serve as an alternative approach
for identifying links between terrorism and online activity.

2. Methods

This section describes the methodology used to benchmark online change point de-
tection algorithms. The experimental design consists of two complementary evaluation
components: (1) controlled experiments using synthetic time series with known ground-
truth change points, and (2) real-world evaluation using manually labeled crime occurrence
data.

2.1. Datasets

We use both synthetic and real-world datasets. The synthetic time series were designed
to evaluate algorithmic performance under controlled conditions that are difficult to find in
real labeled datasets.!

2.1.1. Synthetic Time Series (Benchmark 1)

We generated synthetic time series across eight scenarios defined by the combination
of two noise levels (high and low), two change point magnitudes (high and low), and
two change point types (mean and slope). In total, 360 time series were produced, with
45 per scenario. The series were generated with lengths L € {200,300,400} and with
cp € {1,2,3,4} change points.

Let y; denote the original observation and #; the perturbed observation. Noise was
added according to:

Je=y:+e, (1)

where noise was sampled from a scaled standard normal distribution:
er =0z, z~N(0,1), ()

allowing the perturbation intensity to be controlled by . High-noise settings used ¢ € [3, 6],
whereas low-noise settings used ¢ € [0,0.3].

The magnitude of each change point is determined by a coefficient «, applied over
a randomly selected duration exceeding five time steps. High-magnitude changes used
« € [3,6], while low-magnitude changes used a € [0.3,1.0].

For mean shifts, « was added directly to the time series. For slope shifts, the change was
introduced gradually across the selected duration:

o, t=0,1,...,n—1. 3)

1 All code, datasets, and experimental configurations are available at: https://github.com/AllanDBB/online-

cpd-pipeline
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2.1.2. Real-World Crime Data (Benchmark 2) 106

We manually labeled change points in 49 crime count time series from regions in 1o
Boston (4 series), Los Angeles (10 series), Chicago (14 series), and Costa Rica (21 series). 10
Both daily and monthly series were used, and each was truncated to 120 time steps to 10
facilitate consistent visual identification of change points. In total, 32 time series contain at 10
least one labeled change point, while 17 contain none and serve as negative examples to i
assess specificity. 12

To characterize noise, we computed the Noise-to-Signal Ratio (NSR) for all 49 series  us
after detrending and standardization. NSR spans 0.04 to 2.72 (median = 0.62, mean = 0.93, 1
o =0.73). We computed the Euclidean distance between each crime time series and the us
centroids of the synthetic time-series groups, using NSR and the magnitude of change as 1
metrics. Based on the smallest distance to these groups, we classified each crime time series 17
according to its noise level and magnitude of change. The classification assigns 33 series to 1
the high-noise group (mean NSR = 1.26, ¢ = 0.66) and 16 to low-noise (mean NSR = 0.25, o
0 =0.12), a 5.1 x separation. Table 1 summarizes the distribution of the 49 series by noise 12
group and change magnitude, with “no change” indicating series without labeled change 1z
points. 122

Table 1. Distribution of crime time series by noise level and change magnitude (N=49) using centroid-
based noise labels; “no change” denotes series without labeled change points.

Noise Level High Change Low Change No Change Total
High noise (synthetic centroid) 15 (31%) 1 (2%) 17 (35%) 33 (67%)
Low noise (synthetic centroid) 11 (22%) 5 (10%) 0 (0%) 16 (33%)
Total 26 (53%) 6 (12%) 17 (35%) 49 (100%)
2.2. Algorithms 123

We evaluated 16 online unsupervised change point detection algorithms spanning 1
multiple methodological families: 125

*  Statistical Process Control: Page-Hinkley (PH), Adaptive Windowing (ADWIN), 1
Exponentially Weighted Moving Average (EWMA), Cumulative Sum (CUSUM). 127
e Segmentation-Based Methods: Kernel PELT with a radial basis function cost (Focus 12
RBF), Gaussian-likelihood PELT (Gaussian L2), non-parametric sliding-window com- 12
parison (NPFocus), and a multivariate Mahalanobis-distance extension (MDFocus). 1.0
*  State-Space Models: Basic Kalman Filter tracking residuals (SSM-Canary), Tractable 1
Approximate Gaussian Inference with LSTM-based adaptive state modeling (TAGI- 1=
LSTM), and Robust Square-Root Kalman Filtering with outlier handling (SKF-Canary). 1
*  Bayesian Methods: Bayesian Online Change Point Detection with a Student-t predic- 13
tive distribution (BCPD CPFinder). 135
*  Neural Network-Based Methods: Autoregressive MLP monitoring prediction resid- 13
uals (OCPDet-Neural), and neural density-ratio estimation using RuLSIF (RuLSIF- i
Roerich). 138
*  Two-Sample Testing: Sliding-window Kolmogorov-Smirnov test (Two-Sample KS), 13
and Sequential Discounting Autoregression with outlier scoring (ChangeFinder). 140

All algorithms were implemented using their corresponding reference libraries (e.g., 1
River, Ruptures, OCPDet). 142
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2.3. Performance Metrics

Following standard practice in time series change point detection [10], we use the
F1-score with a tolerance window ¢ = 10 to account for detection delays:

2 - Precisiony - Recalls
Precision; + Recalls

Fl; = (4)

2.4. Experimental Procedure

For each of the eight synthetic scenarios, we randomly split the time series into 70% for
calibration and 30% for testing. A grid search was performed on the calibration partition
for each algorithm, selecting the hyperparameters that maximized the Fl-score. These
configurations were then used to evaluate performance on the test partition. For the
Real-World Crime Dataset, we followed the same procedure, but without scenario-based

grouping,

3. Results
3.1. Benchmark 1: Synthetic Data Performance

Figure 2 shows the average Fl-score across all general conditions. The results in-
dicate that the best overall performer is changepoint_online_gaussian, with an F1-
score of 0.38, followed by ssm_canary, which achieves an Fl-score of 0.34. When per-
formance is analyzed by noise level, the results show that under high-noise conditions,
changepoint_online_gaussian remains the top-performing method, attaining an F1-score
of 0.33. In contrast, under low-noise conditions, ssm_canary yields the highest performance,
reaching an F1-score of 0.565.

Synthetic Data: F1 Score Comparison by Noise Level
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Figure 2. Synthetic data: Multi-metric performance comparison for all 16 algorithms. Algorithms
ordered by descending average F1 score.

Figure 3 shows the performance of all algorithms across each specific scenario. Stars
(*) indicate the best-performing method in each case. The results reveal that no single
algorithm consistently outperforms the others across the eight evaluated conditions. For
example, under high noise and high-magnitude slope change points, the top performer is
online_gaussian, whereas under high noise and high-magnitude mean change points, the best-
performing method is ocpdet_two_sample_tests.Regarding the low noise, of the four
low-noise algorithms, the best-performing is ssm_canary. However, when the magnitude
of the slope change point is low, ssm_canary performs poorly, and the best alternative
becomes ocpdet_two_sample_tests.

As expected, change-point detection is substantially more effective when noise levels
are low. Most algorithms tend to show better performance in low-noise scenarios. Besides,
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in 3 of the low-noise scenarios, the best algorithm outperformed the best algorithm in the
high-noise scenarios.

Another important observation is that, under high noise, the performance gap between
detecting changes in the mean and in the slope is relatively small for most algorithms. In
contrast, when noise levels are low, notable differences emerge across algorithms depending
on the type of change point. This finding suggests that high noise degrades detection
performance regardless of the change type or magnitude.

Synthetic Data: Algorithm Performance by Scenario (* = Best)
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Figure 3. Synthetic data performance heatmap: F1 scores for all 16 algorithms across 8 scenarios.
Stars (*) in top-right corners indicate best performers per scenario (multiple stars for ties). Color
intensity reflects detection quality (green=high, red=low). Scenario notation: Noise-Magnitude-Type
(e.g., Low-Low-Step, High-High-Ramp).

3.2. Benchmark 2: Real Crime Data Performance

Figure 4 shows the performance of the algorithms on the real crime dataset, strat-
ified by the centroid-based noise labels. The overall performance reveals patterns that
align with the findings from the synthetic dataset. The three best algorithms in the real
dataset ssm_canary and changepoint_online_gaussian (0.38)—were also among the top-
performing algorithms in the synthetic dataset. When examining performance by noise
level, ssm_canary was not the best overall but ranked third, and for the low-noise level
it achieved second place. These findings indicate that ssm_canary is a good option for
low-noise conditions, as was demonstrated with the synthetic dataset; however, unlike
the synthetic study; it also performed well under high-noise conditions in the real data. A
possible explanation is that the noise added to the synthetic time series was more aggressive
than the noise present in the real time series.

The best overall F1 scores—approximately 0.41—are not encouraging if high accuracy
in detecting changes in criminal activity is required. However, compared with the synthetic
datasets, this performance exceeds that of most high-noise scenarios, as well as low-noise
scenarios involving slope-based change points. The noise-level stratification highlights that
the primary difficulty in crime data analysis stems from the high-noise subset, where even
the best-performing algorithm achieves an F1 score of only 0.34.

Finally, Figure 5 shows the precision and recall results for both low and high noise
levels. One notable finding is that recall is much higher than precision, especially under
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low-noise conditions. It is also worth mentioning that the skf_kalman_canary algorithm 20
achieves better recall and precision at high noise levels. The adwin_river algorithm also 20
shows this pattern, although its overall performance remains low. 202

Real Crime Data: Algorithm Performance by Noise Level (* = Best)
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g @
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Figure 4. Real crime data performance heatmap: F1 scores for 16 algorithms stratified by noise level
(labels derived from synthetic centroids). Left column shows overall performance, middle and right
columns show performance on high- and low-noise subsets. Stars (*) in top-right corners indicate
best performer(s) per column.
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Figure 5. Precision and recall on real crime data by noise level (labels derived from synthetic
centroids). Bars show mean precision and recall per algorithm, split into high-noise and low-noise
subsets.

4. Conclusions 203

According to the results, no single algorithm consistently achieves the best perfor- 2
mance across all scenarios. Nevertheless, several patterns emerge. The best option under 205
low-noise conditions is ssm_canary, except when the magnitude of the change is small 205
and the change point occurs in the slope. Under high-noise conditions, the most reli- 207
able choice is changepoint_online_gaussian. In one scenario, it was the top performer, 20
and in two additional scenarios it produced results very close to the best-performing 20
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algorithm. The only exception arises when the change point corresponds to a high-
magnitude shift in the mean. The analysis of the real crime dataset also reveals that
ssm_canary and changepoint_online_gaussian are two of the best-performing options.
However, ssm_canary demonstrates greater robustness across both high- and low-noise
conditions.Our results suggest that algorithm selection should be guided primarily by the
noise characteristics of the target data.

The findings also suggest that future research should focus on (i) improving change-
point detection in high-noise time series, where all methods degrade sharply, (ii) handling
slope-based changes, which remain challenging even in low-noise synthetic cases, and
(iii) designing methods tailored to crime count data, since current algorithms do not yet
provide sufficient accuracy for operational use.
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