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 a b s t r a c t

This paper addresses the challenge of accurately detecting the transition from the warmup phase to the steady 
state in performance metric time series, which is a critical step for effective benchmarking. The goal is to introduce 
a method that avoids premature or delayed detection, which can lead to inaccurate or inefficient performance 
analysis. The proposed approach adapts techniques from the chemical reactors domain, detecting steady states 
online through the combination of kernel-based step detection and statistical methods. By using a window-based 
approach, it provides detailed information and improves the accuracy of identifying phase transitions, even in 
noisy or irregular time series. Results show that the new approach reduces total error by 14.5% compared to 
the best selected state-of-the-art method. It offers more reliable detection of the steady-state onset, delivering 
greater precision for benchmarking tasks. For users, the new approach enhances the accuracy and stability of 
performance benchmarking, efficiently handling diverse time series data. Its robustness and adaptability make 
it a valuable tool for real-world performance evaluation, ensuring consistent and reproducible results.

1.  Introduction

Time series of performance metrics collected on running systems are 
notoriously subjected to a two-phase behavior: (i) in the first phase, 
namely warm-up, the metric trend is irregular, mainly due to instability 
of resource assignment and/or runtime optimizations on the executed 
code; (ii) in a second phase, namely steady state, the collected values 
of metrics may achieve a certain degree of regularity over time. For 
obvious reasons, the warm-up section of the time series is excluded from 
the analysis of collected data.

A major (still unsolved) problem in performance benchmarking/test-
ing is accurately identifying the phase change in a time series, i.e., the 
transition from warm-up to steady state, as the one illustrated on Fig. 1. 
The complexity of this task is due to several factors, like transient stable 
behaviors that can be erroneously interpreted as achieved steady states, 
or odd distributions of outliers across the whole time series. However, 
this task remains crucial for the effectiveness of performance bench-
marking/testing. Indeed, a too-early identification of the phase change 
leads to the risk of accounting for unstable values in the analysis pro-
cess, whereas a too-late identification leads to missing accurate values 
and/or spending useless additional testing time to achieve an adequate 
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amount of stable measures for the analysis process. Despite its com-
plexity, several approaches have been introduced in the last few years 
for addressing this problem, with different degrees of accuracy and 
effectiveness, ranging from statistical approaches to machine learning 
methods. Techniques like changepoint detection algorithms [1,2] or hy-
brid models combining statistical tests [3–5] have seen increasing use 
in benchmarking scenarios. However, accurately capturing the phase 
transition remains an open issue, particularly when faced with irregu-
lar time series or noise-heavy environments, as is common in system 
performance metrics.

In this paper, we consider a modification of approaches that are 
traditionally adopted for Steady-State Detection (SSD) in time series 
from the chemical reactor domain [6]. As such, the presented method 
Kernel-based Kelly’s Steady State Detection (KB-KSSD) is able to monitor 
steadiness in an “online” manner and to provide some information on 
the “window” basis, i.e., the user can obtain more detailed information 
about the character of the analyzed time series.

Our primary objective with this work is not to propose a univer-
sally novel algorithm for generic time series analysis, but rather to en-
hance performance engineering practices by developing a method that 
works effectively and reliably in the domain of benchmark execution 
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Fig. 1. Example of a performance timeseries with the clearly visible warm-up 
phase.

times. Indeed, we contribute several novel ideas and combinations that 
are tailored to how practitioners interpret performance data. More 
specifically:

• Our preprocessing approach tries to mimic how performance 
analysts typically assess noisy performance charts. We replace 
percentile-based outliers with local medians, followed by median-
based filtering, to ensure that transient anomalies do not lead to in-
correct conclusions about steadiness. This is essential in performance 
engineering, where single outliers can skew interpretations.

• Rather than relying on purely statistical changepoint detection, our 
approach uses convolution with asymmetric kernels to directly look 
for step-down patterns in the time series. This reflects the way per-
formance experts visually identify the end of the warmup phase by 
spotting sudden drops in execution time, followed by a relatively 
stable phase that lasts to the end of the benchmark execution.

• Instead of evaluating global stability, we assess smoothness over slid-
ing intervals using a probabilistic threshold derived from an adapted 
version of Kelly’s Steady-State Detection (KSSD). This local and prob-
abilistic evaluation of steadiness should reflect how practitioners of-
ten second-guess “borderline” cases and prefer relying on local con-
sistency rather than global statistics.

We tailor the original approaches to the case of performance metric 
time series, thus introducing a novel technique that we apply to a dataset 
of 586 time series. We compare the results obtained with this technique 
to the ones obtained with Change-Point Steady State Detection (CP-SSD) 
[7], applied t-test  [8] and Slope Detection Method (SDM) [9], which we 
consider representative targets as state-of-the-art techniques in different 
domains.

For the sake of comparison, we have built a ground truth on the con-
sidered dataset using judgment aggregation. With that approach, 407 
series were considered steady and further evaluated for the steady-state 
starting indices. This approach is described in detail later on.

In this paper, we aim to address the following research questions.
RQ1. How does the new technique compare to existing ones in 

terms of the accuracy of steady state detection?
This is a comparison against the benchmark of the old and new meth-

ods from two points of view: a) how good the methods are at classifying 
time series as steady or non-steady; b) how distant (in terms of iterations 
and/or time) the two methods are from the ground truth.

RQ2. How does the new technique effectiveness vary while 
modifying its main parameters? The analysis of the model’s sensitiv-
ity w.r.t. the change in its parameters. The considered parameters are 
the size of the sliding window for “smoothing” the outliers, the size of 
the sliding window checking steadiness in KB-KSSD , the t-test critical 
value used in KB-KSSD , the size of the sliding window for kernel-based 
step detection and the probability threshold for KB-KSSD .

The presented method demonstrates superior performance compared 
to CP-SSD in several key aspects. When evaluated against a ground 
truth set of 586 time series, KB-KSSD achieved a slightly higher num-

ber of agreements, showing a lower rate of false negatives (0.86%) 
compared to CP-SSD (4.6%). Further analysis of SSD accuracy revealed 
that KB-KSSD ’s absolute error was 14.5% lower than that of CP-SSD .
Additionally, KB-KSSD displayed more stable behavior, with a signifi-
cantly lower standard deviation of signed errors.

The paper is organized into five sections following the introduc-
tion. Section 2 defines key concepts such as microbenchmarking, warm-
up phase, and steady state, which lay the groundwork for the subsequent 
analysis. Section 3 presents a detailed explanation of a novel kernel-
based approach for detecting the steady state, offering insights into its 
methodology and underlying principles. The discussion of experimental 
results takes place in Section 4, where we not only present our findings 
but also explain the process of constructing the ground truth set used 
to validate our approach. Section 5 addresses potential threats to the 
validity of our results, suggesting possible strategies for overcoming or 
mitigating these concerns in future work. Finally, the paper concludes 
with Section 6, where a summary of the key results and insights, high-
lights where KB-KSSD outperforms CP-SSD method, and offers directions 
for further research.

The code can be accessed on the public GitHub repository,1 with the 
relevant scripts released as v1.1.0.2 This release was also published on 
Zenodo [10].

2.  Background and related work

2.1.  Java microbenchmarking

The Java Microbenchmark Harness (JMH) is the standard framework 
for writing and executing microbenchmarks for Java software. It helps 
developers create and run microbenchmarks that measure the perfor-
mance of Java code segments, such as methods.

To tune the reliability of measurement, JMH supports three levels of 
repetitions: forks, iterations, and invocations. Invocations, the most fine-
grained level of repetition, involve running microbenchmark executions 
continuously within a predefined time period, referred to as an iteration. 
A fork encompasses a series of iterations and is executed on a completely 
fresh Java Virtual Machine (JVM).

Within a fork, there are two types of iterations: warmup and mea-
surement. A warmup iteration is designed to prepare the JVM for actual 
execution, and it ensures that measurements are not taken when the 
JVM is in a cold state (i.e., when it is still performing internal processes, 
such as class loading). In contrast, a measurement iteration is where 
JMH collects performance metrics, such as average execution time, for 
the microbenchmark.

To mitigate the effects of confounding factors, iterations should be 
repeated multiple times on fresh JVMs [7,11–13].

2.2.  Warmup and steady state

In the first phase of their execution, Java microbenchmarks are 
slowly executed by the JVM. Over time, the JVM identifies frequently 
executed loops or methods and dynamically compiles them into opti-
mized machine code. This process typically speeds up subsequent mi-
crobenchmark executions. Once a dynamic compilation concludes, the 
JVM is considered warmed up, and the benchmark is said to execute in 
a steady state of performance.

The primary goal of Java microbenchmarking is to evaluate the 
steady-state performance of Java applications. A common method to 
achieve this involves running the benchmark multiple times and dis-
carding the first executions, which correspond to the warmup phase, 
to avoid skewing results. However, using a fixed number of executions 
does not guarantee that the warmup phase has fully ended. To address 

1 https://github.com/MartinBeseda/steady-state.git
2 https://github.com/MartinBeseda/steady-state/releases/tag/v1.1.0
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this, researchers have developed data-driven approaches to rigorously 
determine the end of the warmup phase. Notable methodologies include 
those by Georges et al. [11] and Kalibera and Jones [12]. Georges et 
al.’s approach relies on preset thresholds for the coefficient of varia-
tion to detect the end of warmup, while Kalibera and Jones use data 
visualization techniques (e.g., autocorrelation function plots, lag plots, 
and run-sequence plots). Despite their utility, both methods have draw-
backs: Georges et al.’s heuristic often fails to reliably identify the end of 
warmup [12], while Kalibera and Jones’ visualization-based approach 
is primarily manual, leading to significant limitations such as: (i) sus-
ceptibility to human error or disagreement, and (ii) lack of automation, 
which hampers scalability.

To address these challenges, Barrett et al. [13] introduced an auto-
mated method leveraging change point detection [14]. This technique 
offers a more rigorous alternative to Georges et al.’s heuristic while en-
abling full automation, unlike Kalibera and Jones’ manual approach. 
The method employs a standard change point detection algorithm, PELT 
[15], to identify changes in the execution time of the benchmark. These 
detected changes are post-processed to determine if and when a bench-
mark reaches steady-state performance. To date, this approach repre-
sents the state-of-the-art for SSD.

3.  Steady state detection using a probabilistic approach

In this section, we describe the way time series are pre-processed, 
together with the combination of methods used to detect (un)steadi-
ness, and the way we evaluate the model sensitivity w.r.t. its parameters’ 
changes.

3.1.  Smoothing approach

Time series data are often noisy and contain significant outliers, 
which can obscure meaningful trends. To focus on the underlying trends 
and prevent misinterpretation, especially in cases where small oscilla-
tions may falsely suggest the conclusion of a warm-up phase, it is es-
sential to smooth the data. This smoothing process helps mitigate the 
influence of high-frequency noise and enables a clearer analysis of the 
overall behavior.

Outlier detection in the KB-KSSD is performed by dividing the time 
series into several subsets. For each subset, the median is calculated as a 
representative value. The individual data points within each subset are 
then compared against specified upper and lower percentiles to identify 
outliers. If any data point falls outside the designated percentile range, 
then it is considered an outlier.

When an outlier is detected, it is replaced by the median of its cor-
responding subset. This replacement effectively preserves the general 
trend of the time series while eliminating the influence of anomalous 
values. By employing this technique, the time series can be effectively 
smoothed, allowing for more accurate trend analysis and reducing the 
risk of drawing false conclusions from erroneous data points.

3.2.  Detection of a warm-up phase

After obtaining the smooth data, the discrete convolution given by 

(a ∗ t)n = lim
i=∞

i∑

m=−i

ai ∗ tn−i (1)

is applied, with t and a denoting the time series we are detecting the 
steadiness of, and the applied convolution kernel, respectively. Two dif-
ferent kernels are used, both based on 

ai =

{
1, 1 ≤ i ≤

nk

2

−1,
nk

2
+ 1 ≤ i ≤ nk,

(2)

where ai denotes the i-th element of the kernel and nk denotes the kernel 
size.

A first “large” kernel al is selected to cover the whole time series of 
length nt, i.e., nt = nk, while the other “short” kernel as is of fixed length, 
short enough to be able to account for steps located at tails of an inves-
tigated time series. For our experimentation, a length of 15 samples was 
heuristically chosen, because in our context it strikes a balance between 
being small enough to capture localized changes, such as steps in the 
tails of the time series, and large enough to avoid being overly sensi-
tive to noise. A smaller kernel is effective at detecting high-frequency 
features like sudden peaks or jumps, which are characteristic of steps 
in the tails. However, excessively small kernels may not provide suffi-
cient context, potentially leading to misdetections [16]. Once the kernel 
size is reduced beyond a certain point, further decreases likely offer di-
minishing returns, as the kernel continues to capture the key features 
without losing accuracy. Furthermore, studies suggest that smaller ker-
nel sizes are often preferable for time series analysis, as they focus on 
local features and reduce computational complexity [17].

After the convolution, the minima of both the resulting sequences 
(al ∗ t) and (as ∗ t) are located, thus detecting a step-down, if present.

After localization of both steps, it is decided which one of them, 
if any, is significant enough, based on the median comparison with its 
surroundings. The process is explained via the combination of an activity 
diagram and a pseudocode in the appendix.

3.3.  Kelly’s steady-state detection

After the potential detection of the warm-up phase termination, as it 
will be described in Section 3.2, the subsequent analysis of the time se-
ries is performed using Kelly’s Steady State Detection (KSSD) approach 
[6]. Originally developed for the real-time monitoring of chemical re-
actors, this method enables the identification of steady-state conditions, 
which are characterized by minimal fluctuation in system parameters. 
Kelly’s approach is particularly advantageous as it not only facilitates the 
retrospective analysis of completed time series but also supports ongo-
ing, dynamic monitoring of the system’s behavior in an “online” fashion. 
This capability allows for continuous assessment of whether the system 
has stabilized or is undergoing transient changes, providing a valuable 
tool for real-time process control.

In summary, the KSSD algorithm combines statistical methods and 
mathematical expressions to effectively detect steady states in continu-
ous processes, ensuring that the process is operating within acceptable 
limits for optimization and control.

The first assumption of the KSSD algorithm is that the time series 
behavior is operating with a non-zero slope multiplied by its relative 
time within the window given by 
xt = mt + �at, (3)

where mt denotes the deterministic drift component; � denotes the mean 
of a hypothetical stationary process equaling the sample mean over the 
time window with zero slope; at denotes the independent and identically 
distributed random error series with zero mean and a standard deviation 
�a. The index t denotes the iteration at which the sample is collected, 
thus representing a so-called “random walk with drift” [18]. Without 
going into in-depth mathematical reasoning behind the method, it can 
be seen that the mean of xt denoted as � is defined as: 

� =
1

n

(
n∑

t=1

xt − m

n∑

i=1

t

)
(4)

and that the expected value of at − at−1 is zero with a standard deviation 
of 2�a, which can be estimated as 

�a =

√√√√ 1

n − 2

n∑

t=1

(xt − mt − �)2. (5)

Now, together with a specified t-test threshold value tcrit at a specific 
significance level, everything necessary is available to test the null hy-
pothesis that the time series values are steady around �. This hypothesis 
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can be formalized as: 
{

yt = 1, |xt − �| ≤ tcrit�a

yt = 0.
(6)

The likelihood that the null hypothesis is false can be expressed by 

(y) =
1

n

n∑

t=1

yt, (7)

as it is the fraction of time where the time series is considered to be 
steady.

3.4.  Parameter sensitivity analysis

The sensitivity analysis of KB-KSSD algorithm is performed via 
Sobol’s indices [19], as the model’s response is not generally linear and 
one-at-a-time analysis is not sufficient due to the presence of significant 
interactions of higher orders w.r.t. the model parameters.

Sobol’s indices are used in global sensitivity analysis to quan-
tify the contribution of each input variable to the output variance 
of a mathematical model. Given a model f with input variables X =

(X1, X2,… , Xd ) and output Y = f (X), the total variance of the output Y
is given by 
Var(Y ) = Var(f (X)), (8)

where 

f (X) =

√∑d

i=1
|Xi|2 (9)

represents L2-norm, i.e., the sum of squared errors cost function, which 
quantifies the deviation from a manually-selected ground truth.

Sobol’s first-order sensitivity indices Si measure the contribution of 
each individual input variable Xi to the total variance of the model out-
put. Mathematically, the first-order index for Xi is defined as the ratio 
of the variance of the output conditioned on Xi to the total variance of 
the output given by 

Si =
VarXi

(f (X))

Var(f (X))
, (10)

where VarXi
(f (X)) represents the variance of f (X) when all inputs ex-

cept Xi are held constant.
In addition to first-order indices, Sobol’s method includes higher-

order sensitivity indices, which measure the contribution of interactions 
between input variables to the total variance. For example, the second-
order index Sij represents the contribution of the interaction between 
variables Xi and Xj , and is given by 

Sij =
VarXi ,Xj

(f (X))

Var(f (X))
, (11)

where VarXi ,Xj
(f (X)) denotes the variance of the output due to the inter-

action between Xi and Xj . Additionally, Sobol’s total sensitivity indices 
Stot
i

 measure the total effect of Xi, which includes both the direct effect 
of Xi and its interactions with other inputs. The total index is defined 
as: 

Stot
i

= 1 −

Var
X⟂

i
(f (X))

Var(f (X))
, (12)

where X⟂

i
 represents all input variables excluding Xi. This total index 

captures the influence of Xi on the output, both directly and through 
interactions with other variables.

In this paper, SALib implementation3 of Sobol’s sensitivity analysis 
was used.

3 https://salib.readthedocs.io/en/latest/

3.5.  Model fitting

The model optimal configuration was approximated via a grid search 
over 15,000 different parameter configurations w.r.t. the Manhattan dis-
tance 

m(X|�) =
n∑

i=1

|p(X|�) − g(X|�)|, (13)

with p and g denoting the model’s prediction and the ground-truth value 
corresponding to the vector of input variables X representing the time 
series included in the ground truth and the selected set of parameters �. 
The time series evaluated as unsteady by KB-KSSD were not considered 
in the “training” process. The process itself was straightforward, select-
ing the set of parameters �̃, for which the Manhattan distance from the 
ground truth is minimal, as given by 
min
�

m(X|�). (14)

4.  Results

The reference set that represents our ground truth was obtained in 
three phases: (i) random selection of 586 of time series from a dataset4, 
(ii) binary classification of (un)steadiness of every time series, and (iii) 
manual selection of index where the steady state starts in time series 
judged as steady. The binary classification in step (ii) was performed via 
judgment aggregation [20–22] in a group of five researchers. The steady-
state index was then selected individually by every researcher, and the 
five indices were checked for clusters with DBSCAN method [23]. If 
there were three or five indices clustered, the middle point was selected 
as a reference steady state index. We did the same where all indices 
were scattered, i.e., where the “judges” disagreed more heavily. Finally, 
if there were four indices clustered, the third of them is taken as a refer-
ence point, as the most conservative judgment. We remark that, besides 
other analyses, we have also separately analyzed the cases of agreement 
and disagreement. From now on, we will refer to this set as Judgment-
Aggregated Ground Truth (JAGT).

The objective of this section is to address the research questions in-
troduced in Section 1, by conducting a comprehensive evaluation of 
KB-KSSD algorithm in two key aspects. First, we perform a compara-
tive analysis between KB-KSSD , CP-SSD [7], SDM [9], and the applied 
t-test [8], focusing on their respective accuracy and reliability to detect 
steady state. The in-depth comparison is being performed with respect 
to CP-SSD method, as it was found to be the most effective one from 
the selected reference methods. Second, we investigate the sensitivity 
of KB-KSSD to changes in its key parameters, aiming to quantify how 
changes in these parameters influence its overall performance and ro-
bustness. This dual approach provides a thorough understanding of both 
the comparative efficacy and the parameter sensitivity of KB-KSSD .

4.1.  RQ1. How does KB-KSSD compare to existing methods in terms of the 
accuracy of steady-state detection?

In this section, we describe a thorough numerical analysis of different 
aspects of KB-KSSD , providing both an in-depth comparison with the 
previous S-o-A approach.

The optimal configuration, determined through this grid search de-
scribed in Section 3.5, consists of a window size of 100 samples for out-
lier removal, a window size of 500 samples to assess steadiness as per 
KB-KSSD , a critical t-test value of 4.0 within Kelly’s steadiness evalua-
tion, a window size of 70 samples for step detection, and a probability 
threshold of 0.95 for determining steadiness according to Kelly’s part 
again.

a) How good are the methods at classifying time series as steady or non-
steady?

4 https://github.com/SEALABQualityGroup/steady-state
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Fig. 2. Comparison of successful binary steadiness classifications.

Firstly, we compare all the methods with respect to their ability of 
binary (un)steadiness classification on the full JAGT, as illustrated in 
Fig. 2. It can be seen that, while CP-SSD , KB-KSSD and SDM perform 
almost identically well with 409, 405 and 399 agreements with JAGT, 
respectively, the applied t-test performs significantly worse with its 324 
agreements, thus only performing at 80% of KB-KSSD efficiency.

Moreover, the Manhattan distance given by Eq. (13) was used to fur-
ther evaluate the ability of KB-KSSD compared to the reference methods 
with respect to the predicted distance from the steady-state indices in 
JAGT. These results are illustrated in Fig. 3. In this case, KB-KSSD per-
formed the best, with a total distance of 81519, compared to the dis-
tances of 93047, 95,958 and 203,237 of CP-SSD , SDM and the t-test, 
respectively. Furthermore, the steady timeseries were also considered 
separately, where the judgment-aggregated indices were clustered and 
scattered, respectively. In both cases KB-KSSD performed better with 
the distances being 35,698 / 45,821 on timeseries with clustered and 
scattered indices, respectively. These distances notably differ from the 
other compared methods with distances of 39,438 / 53609, 50,437 / 
48,521 and 106,703 / 96,534 signifying clustered/scattered indices for 
CP-SSD , SDM and the t-test, respectively. It is interesting to note that 
both SDM and the t-test did not perform better on the timeseries with 
clustered indices, probably due to their general nature of techniques not 
developed for performance timeseries analysis.

We deduce that the main reason behind KB-KSSD superior perfor-
mance is the kernel-based detection of “downward steps” denoting the 
end of a warm-up phase. In addition, the usage of two different kernels 
provides the flexibility of detecting such steps even near the borders of 
a timeseries, thus overcoming typical disadvantages in the application 
of a single convolution kernel. To illustrate this observation, three dif-
ferent timeseries can be seen in Fig. 4. The details of downward steps, 
convolutions, and the median-based decision of step significance are il-
lustrated on the corresponding timeseries in Fig. 5, where the detected 
steady state index corresponds to the minimal value of the (yellow) con-
volution curve.

Given that SDM and the applied t-test performed consistently worse 
than KB-KSSD and CP-SSD , we continued only with statistical analysis 
of the latter two methods.

In Fig. 6 we present the number of agreements and disagreements 
regarding the (un)steadiness classification for both KB-KSSD, CP-SSD, 
and JAGT, including manually-selected unsteady time series. There 
were 586 time series considered in the “full” ground truth set, 407 of 
them were labeled as steady. Both KB-KSSD and CP-SSD were evalu-
ated on all the time series, and it was found that both methods per-
formed very similarly, achieving 409 and 405 agreements, i.e., ∼69.8% 
and ∼69.1%, w.r.t. CP-SSD and KB-KSSD , respectively. KB-KSSD clas-
sified 176 (∼30%) as steady, while they were not, as compared to 
150 (∼26%) false positives obtained via CP-SSD . For the false nega-

Fig. 3. Comparison of prediction errors w.r.t. the steady-state indices in JAGT.

Fig. 4. Three different timeseries with different steady-state indices detected 
via the considered methods, w.r.t. JAGT.

tives (i.e., classifying as unsteady a time series that was labeled as steady 
in the ground truth), KB-KSSD misclassified 5 (∼0.86%), while CP-SSD 
27 (∼4.6%). Both methods simultaneously agreed with the ground truth 
in 379 (65.7%) cases. Both methods were found to agree with each other 
and to disagree with the ground truth at the same time in 151 (25.8%) 
cases.

Furthermore, the number of false positives was partitioned w.r.t. 
the character of the ground truth labels, which can be: (i) clustered, in 
case of a strong agreement among human classifiers, or (ii) scattered, in 
case of some disagreement among human classifiers, consistent with the 
cases mentioned at the beginning of this section. In Fig. 7, it is shown 
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Fig. 5. Details of the steady-state detection (i.e., downward steps, convolutions, 
and the median-based decision of step significance) of the timeseries in Fig. 4.

that CP-SSD delivered falsely negative results in 16 and 11 cases for 
time series with scattered and clustered ground truth steadiness indices, 
respectively, while KB-KSSD provided 2 and 3 of them.
b) How distant (in terms of iterations and/or time) the two methods are 

from the ground truth?
For obvious reasons, the following investigation on the ability to cor-

rectly find the index of steady-state beginnings is only based on the set 
of steady time series as reference ground truth.

Consequently, we analyzed both the raw differences from the ground 
truth and their absolute values to correctly assess a possible directional 
bias in model results, KB-KSSD reliability, and accuracy. All the statisti-
cal tests were performed with a 0.05 level of significance.

By analyzing the raw errors (i.e., the differences between the ground 
truth and the value identified via KB-KSSD ) visualized in Figs. 8 and 
9, we calculated the mean raw errors and the corresponding stan-
dard deviations for KB-KSSD and CP-SSD as �N = 255.7, �N = 522.3 and 
�R = 110.3, �R = 658.40, respectively. Based on these findings we can 
assert that 95% of all errors fall within the intervals ⟨−789.4; 1299.6⟩
and ⟨−1206.5; 1427.1⟩ for KB-KSSD and CP-SSD , respectively. As it can 

Fig. 6. Number of (dis)agreements w.r.t. the larger dataset including manually-
detected unsteady series. The number of total agreements denotes situations 
where both methods and the ground truth agree with each other, while the 
number of method agreements denotes the situation where both methods agree 
with each other, but not with the ground truth.

Fig. 7. Number of detected unsteady time series by both approaches w.r.t. the 
ground truth labels.

Both methods are similarly efficient when it comes to the binary 
classification of (un)steadiness. Even if KB-KSSD tends to classify 
a time series incorrectly as steady more often than CP-SSD , KB-
KSSD is more reliable with respect to false negatives, i.e., classify-
ing the series as unsteady, while it is steady.

be seen, the 95% interval is longer by ∼26.1% in the case of CP-SSD 
. Also, the mean raw errors of both methods are larger than zero, thus 
implying a directional bias in both of them. Since KB-KSSD delivers a 
higher mean, we tested whether the difference in bias is statistically sig-
nificant. Hence, we checked the differences between the sets of errors, 
shown in Fig. 10, to assess their normality and symmetry, thus testing 
assumptions for t-test [24] and Wilcoxon signed-rank test [25]. As the 
Shapiro-Wilk test [26] resulted in a statistic ∼0.72 and a p-value 0, it 
can be safely concluded that the distribution of differences is not nor-
mal, rendering the t-test unfit for making the decision. For the symmetry 
assessment, we computed the skewness and we obtained a -1.14 value, 
which signifies a moderate skewness to the left, rendering the Wilcoxon 
test also unreliable [27]. With this in mind, we settled for a sign test, 
thus observing that the difference in directional bias is significant, i.e., 
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Fig. 8. Distribution of detection differences (CP-SSD - KB-KSSD ) for all time 
series. The plot also visualizes the range, where 95% of all errors stay within 
the vertical lines, and there are Gaussians included to visualize an approximate 
normal distribution with the same � and � as in the real error distributions for 
easier readability.

Fig. 9. Detection differences (CP-SSD - KB-KSSD ) for all time series.

KB-KSSD tends to “underestimate” the position of the steady state more 
than CP-SSD . Albeit not so large considering the whole difference range, 
this remains one of the KB-KSSD properties, which needs to be further 
addressed in future work. To be sure that the models’ errors do not fol-
low the same distribution, we checked it with the Cramer-von Mises test 
[28] to uniformly evaluate the differences, the Kolmogorov-Smirnov test 
[29] to evaluate the differences emphasizing the behavior around the 
expected value, and the Anderson-Darling test [30], mainly focused on 
distribution tails. All the tests agreed that the raw error distributions are 
different.

Thereafter, we intended to assess the models’ reliability, i.e., the abil-
ity to provide reasonable results without many significant outliers. In 
particular, we wanted to test if the difference in the distributions’ vari-
ances is significant, or if the previous results were mostly influenced by 
the difference in the expected values. For this goal, we utilized the Lev-
ene test [31,32], which has rejected the possibility of similar variances, 
thus confirming that KB-KSSD provides more stable behavior.

To mitigate the possible problem with false discoveries, i.e., falsely 
rejecting the null hypothesis, we applied Benjamini-Hochberg correc-
tion [33]. All results of these tests, i.e., the significance of differences in 
both expectation values and variances, can be seen in detail in Table 1.

The accuracy of both models was established based on their Man-
hattan distance, given by Eq. (13), from the ground truth. As visualized 
in Fig. 11(a) and (b), we found out that KB-KSSD performed with a to-

Fig. 10. Differences between paired raw errors.

Table 1 
Statistical tests comparing the raw error distributions.
 Test  Statistic  p-value  BH-adjusted p-value
 Sign  0.58  0  0.01749295
 CvM  0.51  0.04  0.02313882
 KS  0.11  0.02  0.02150996
 AD  3.61  0.01  0.03670551
 Levene  6.21  0.01  0.02150996

tal error of 137094, while CP-SSD performed with 160323, i.e., with 
an error larger by ∼14.5% than the KB-KSSD one. Considering the ac-
curacy for the clustered and scattered indices in the ground truth sep-
arately, KB-KSSD performs with the errors of 61,924 and 75170, re-
spectively, while CP-SSD performs with 70,579 and 89744. It can be 
seen that, as expected, while both methods perform better when the 
indices were clustered (i.e., when the steady state was identified by hu-
man classifiers in agreement), KB-KSSD is more accurate in both cases, 
with CP-SSD exceeding its errors by ∼12.3% and 16.2%. About the ex-
pected performance, the mean absolute values and the standard devi-
ations are �NA = 363.6, �NA = 453.4 and �RA = 425.3, �NA = 514.6 for 
KB-KSSD and CP-SSD , respectively. Thus, considering the error mag-
nitudes, CP-SSD performs with an error higher by ∼14.5% on average, 
while the standard deviation of its absolute errors is higher by ∼11.9%, 
thus signifying more frequent errors by large magnitude.

To further scrutinize these observations and to generalize them to 
the assumed population instead of only the limited set of observations, 
we checked again whether the differences in the populations’ expected 
values were significant.

For this, we needed to select a convenient statistical test again. The 
differences between absolute errors, visualized in Fig. 12, are not nor-
mal in the sense of Shapiro-Wilk, as shown by statistic ∼0.73 and a 
p-value 0. Thus, we need to discard the t-test. Moreover, the differences 
are not even symmetric, as the skewness equal to ∼0.59 suggests that 
the differences are skewed to the right rather significantly, thus render-
ing also the Wilcoxon signed-rank test unreliable. The finally adopted 
signed rank test eventually suggested that neither of these absolute er-
ror distributions possesses a similar expected value with its statistic 0.67 
and a p-value almost equal to 0.

The comparative analysis has shown that KB-KSSD consistently out-
performs CP-SSD in several critical areas. KB-KSSD demonstrated a 
lower false negative rate, classifying significantly fewer unsteady time 
series as steady. This shows that KB-KSSD is more sensitive to unsteady 
periods, an essential feature for accurate time series classification. When 
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Fig. 11. Manhattan distances from the ground truth.

KB-KSSD outperforms CP-SSD in terms of accuracy (error reduc-
tion by 14.5%), reliability (fewer extreme outliers), and sensitiv-
ity (lower false negative rate). It provides more precise and stable 
results, with narrower error margins and a more reliable perfor-
mance across different time series.

detecting the onset of steady states, KB-KSSD provided more precise re-
sults, with narrower error margins and more stable performance. While 
both methods exhibited some directional bias, KB-KSSD showed fewer 
extreme outliers, further supported by the fact that KB-KSSD had a nar-
rower 95% confidence interval for detection errors, indicating more re-
liable predictions. In terms of accuracy, KB-KSSD reduced the total error 
(measured by Manhattan distance) by approximately 14.5% compared 
to CP-SSD . This performance improvement was evident in both well-
clustered and more scattered ground truth data. These findings suggest 
that KB-KSSD is not only more accurate in general, but also more capa-
ble of handling challenging or ambiguous scenarios, making it a better 
fit for real-world applications. Its reduced error magnitude and higher 
precision across different time series make it a more reliable and effi-
cient tool for SSD.

4.2.  RQ2. How does KB-KSSD effectiveness vary while modifying its main 
parameters?

To address RQ2, KB-KSSD was analyzed using Sobol’s indices de-
scribed in Section 3.4, thus assessing its sensitivity w.r.t. changes in 
its parameters. As parameters to be investigated, we chose the size of 
the window used in KSSD (prob_win_size ∈ ⟨400; 600⟩), the size of the 
window for step-detection (step_win_size ∈ ⟨50; 90⟩), the critical value 
for the t-test included in KSSD (t_crit ∈ ⟨3; 5⟩), the probability thresh-
old for steadiness acceptance (prob_threshold ∈ ⟨0.75; 0.95⟩), and the 
size of the window used for detecting outliers (outlier_win_size ∈
⟨80; 120⟩). The investigated intervals were selected around the “opti-
mal” configuration found by the grid search described in Section 3.5. 
Moreover, there were 24,576 samples generated for the analysis.

These parameters were selected so as to capture most of the degrees 
of freedom, i.e., to represent most of the flexibility of KB-KSSD . Other 
parameters, like percentiles in the outlier removal phase described in 
Section 3.1, were not included, as they are not a core part of the method. 
Also, the size of the lesser kernel was not investigated in this work, as 
it is usually enough to select a small enough kernel to detect patterns in 
series tails, and from that point on, the behavior does not change.

In this analysis, indices S1, S2, and ST  denoting different sensi-
tivity measures were considered. S1 (first-order Sobol index) quanti-
fies the direct effect of an input variable on the output variance, S2

(second-order Sobol index) measures the contribution to the output of 

Table 2 
Sobol’s indices of the first order S1 and the total ones ST  together with 
corresponding confidence intervals for the 0.95 confidence level.

S1 ST

 prob_win_size  0.19718534 (0.15, 0.24)  0.46349316 (0.41, 0.51)
 step_win_size  0.00631332 (-0.0, 0.01)  0.01394031 (0.01, 0.02)
 t_crit  0.15670927 (0.11, 0.2)  0.46206506 (0.41, 0.52)
 prob_threshold  0.1107751 (0.07, 0.15)  0.35747568 (0.31, 0.41)
 outlier_win_size  0.15383209 (0.12, 0.19)  0.26101527 (0.24, 0.28)

interactions between pairs of variables, and ST  (total Sobol index) cap-
tures the total effect of an input, including its main effect and inter-
actions with all other variables. ST  is generally larger than or equal 
to S1 as it accounts for both individual and interaction effects. In Ta-
ble 2 it can be seen that the most significant parameters w.r.t. their 
changes are prob_win_size and t_crit, followed by prob_threshold,
outlier_win_size and step_win_size, while the model is almost “im-
mune” to the change of step_win_size in the chosen interval. The first-
order effects do maintain the influence order aside from the fact that the 
model is somewhat more sensitive to the change of outlier_win_size

than to the change of prob_threshold. The large confidence intervals 
and the fact that there are some badly converged (less than 0) indices 
of the second-order effects indicate that there were not enough samples 
to assess these separately in a reliable manner. All of the S2 values are 
listed in a table in the appendix. That said, we can reasonably assume 
that KB-KSSD is basically insensitive to changes in the interactions of
step_win_size with outlier_win_size, prob_threshold, and t_crit

due to their indices being ∼ 0, with confidence intervals (-0.01, 0.02), (-
0.01, 0.01), and (-0.01, 0.01), respectively. It can be seen that some neg-
ative values appear in the confidence intervals, which are due to a lack of 
computational convergence. However, the estimations can still be con-
sidered reliable, as not only are the estimated indices almost zero, but 
the obtained intervals are also very narrow. It can be further assumed 
that the only significant interaction exists between prob_threshold and
t_crit, as its S2 index is ∼ 0.13, i.e., the only one significantly higher 
than 0, and its confidence interval is (0.04, 0.23), i.e., the only one be-
ing fully above than 0. Still, an analysis with a larger number of samples 
could allow for deducing some further information from S2 indices, but 
it implies very high computation demands.

S1, S2 and ST  are visualized together with their corresponding con-
fidence intervals in Fig. 13.

To assess the stability of ST  estimation, another analysis with 6144 
samples was performed, with the corresponding ST  values listed in Ta-
ble 3. In this case, the order of parameters obtained by considering the 
ST  sensitivity is almost the same, with the model seemingly more sen-
sitive to the change of t_crit than to the change of prob_win_size. 
Talking about the confidence intervals, the analysis with a larger num-
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Table 3 
Sobol’s ST  indices for the analysis performed with only 6144 sam-
ples and the ST  percentage w.r.t. the ST  obtained via 24,576 sam-
ples (in Table 2). Performed at 0.95 significance level.

 Parameters ST �

 prob_win_size  0.31653608 (0.26, 0.38)  68.3%
 step_win_size  0.01159328 (0.01, 0.01)  83.2%
 t_crit  0.39023183 (0.31, 0.47)  84.5%
 prob_threshold  0.2987368 (0.22, 0.37)  83.6%
 outlier_win_size  0.19648237 (0.16, 0.23)  75.3%

KB-KSSD is robust to variations in key parameters, with its perfor-
mance largely determined by a few influential factors. The size of 
the window used for steadiness evaluation and the critical value 
for the t-test had the most significant impact on performance.

Fig. 12. Histogram of differences of Manhattan distances from the ground truth.

ber of samples provides intervals with a mean ∼0.071 and the standard 
deviation of ∼0.04, while the analysis using a smaller number of sam-
ples provides intervals with mean of ∼0.102 and a standard deviation 
of ∼0.059, i.e., larger by ∼44.4% and ∼47.5%, respectively.

The sensitivity analysis of KB-KSSD was conducted using Sobol’s in-
dices, focusing on key parameters such as window sizes and thresholds. 
It showed that KB-KSSD is robust to variations in key parameters, with 
its performance largely determined by a few influential factors. Among 
the parameters studied, the size of the window used for steadiness eval-
uation (prob_win_size) and the critical value for the t-test (t_crit) 
had the most significant impact on performance, while other parameters 
like step_win_size have minimal impact. Despite this sensitivity, the 
method maintained stable and reliable results across a range of param-
eter settings, indicating that it can be effectively tuned without risking 
large drops in performance.

5.  Threats to validity

Construct validity. We assume that benchmarks reaching a steady 
state will do so within the defined execution time. Some benchmarks 
may require more time to stabilize. However, our selected dataset 
was constructed by running benchmarks significantly longer than usual 
(each benchmark was run at least 3 000 times across 10 forks) [7], ex-
ceeding typical developer practices and experiments in previous litera-
ture [13].

The process of establishing the ground truth relies on human judg-
ment for both binary classification and steady-state index selection, 
which introduces potential subjectivity and inconsistency. While judg-
ment aggregation was employed to mitigate individual biases, as done 

Fig. 13. Sobol’s indices of the different selected parameters denoting the 
model’s sensitivity w.r.t. them. The plot describes the indices of the 1st order 
S1, 2nd order S2, and the “total” index ST  denoting the estimated behavior with 
all the higher order interactions involved. Also, the plot contains the confidence 
intervals of the index estimates for the 0.95 confidence level.

in previous studies [20–22], the method does not eliminate the possi-
bility of systematic bias among the five researchers. This might lead 
to a ground truth that does not fully represent the true underlying
characteristics of the data, affecting the validity of subsequent analy-
ses and conclusions.

Internal validity. The process of identifying and replacing outliers may 
inadvertently distort the true characteristics of the time series data. By 
relying on median-based filtering within predefined percentile thresh-
olds (Section 3.1), genuine but extreme variations in benchmark perfor-
mance could be misclassified as noise and removed. Nonetheless, filter-
ing outliers in time series data is a common and essential preprocessing 
step to improve the accuracy of changepoint and trend detection [34].

Since only 10% of the available time series were annotated, there 
is a risk of selection bias. Even though a one-time series was chosen 
for each benchmark to ensure representation, this subset may not fully 
capture the variability present in the entire dataset.

The use of a graphical tool for visual inspection and annotation in-
troduces a potential source of inaccuracy. Since the tool approximates 
the selected data point to the closest one to the user’s mouse click, slight 
misalignments may occur, leading to minor errors in the ground truth 
annotations.

Changes in annotating standards over time could impact consistency, 
as annotators may unintentionally shift their interpretation of the anno-
tation criteria throughout the annotation process. To avoid that, as this 
would introduce inconsistencies in the ground truth, recurring meetings 
were held to share concerns and realign the group on the basis of the 
ongoing annotation experience.

External validity. The external validity threats of this work are 
primarily inherited from the dataset chosen for evaluation. Specifi-
cally, the dataset is limited to GitHub repositories, making it uncer-
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tain whether the findings generalize to other open-source hosting plat-
forms or industrial software. Additionally, the dataset focuses solely on
microbenchmarking using JMH. While JMH is widely adopted, the ap-
plicability of our findings to other benchmarking practices or settings 
remains unknown.

Conclusion validity. KSSD assumes that the random error component 
of the time series is independently and identically distributed (i.i.d.). 
However, in real-world benchmarking scenarios, performance measure-
ments often exhibit autocorrelation, where successive data points are 
not entirely independent due to ongoing optimization occurring at the 
JVM or operating system level. If this assumption is violated, the KSSD 
algorithm may misinterpret correlated variations as steady-state phases. 
Nevertheless, KSSD parameters, namely the sliding window size, can be 
tuned to mitigate these effects, allowing for some adaptation to real-
world deviations from the i.i.d. assumption, as it can be seen in similar 
real-world applications, where we encounter “structural breaks” in se-
ries [35,36]. Also, the i.i.d. assumption could be eased or completely 
removed when an autoregressive model (ARM) would be incorporated 
into KSSD and the residuals from the ARM would be used in KSSD in-
stead, as it is a quite common application in different fields dealing with 
discrete time series [18,37].

6.  Conclusion

This study introduced and evaluated KB-KSSD for detecting steady 
states in time series data, and it has compared its performance to CP-SSD 
. The evaluation addressed two research questions by assessing both the 
comparative accuracy of the methods and the sensitivity of KB-KSSD to 
variations in key parameters.

Overall, KB-KSSD offers several advantages over CP-SSD . It is more 
accurate in detecting both steady and unsteady states, with a signif-
icantly lower false negative rate and reduced error magnitude. The 
method is also more robust, delivering reliable results even when key 
parameters are modified. This makes KB-KSSD highly suitable for ap-
plications requiring precise and consistent steady-state detection, espe-
cially in benchmarking scenarios where performance must be both accu-
rate and reproducible. Its ability to handle ambiguous cases and deliver 
stable results across parameter variations provides added flexibility for 
users, making it a preferable choice compared to existing approaches.

The presented model exhibits several limitations that should be ad-
dressed in future work. Firstly, the training process utilized a simple cost 
function, which could be enhanced to account not only for the over-
all deviation from ground truth, but also for the number of false posi-
tives and false negatives, directional bias, error variance, and both mean 
and median absolute errors. These metrics could be weighted differently 
to optimize model performance. Furthermore, this multi-objective opti-
mization would benefit from the application of a more robust optimiza-
tion technique with a strong exploration component, such as particle 
swarm optimization or evolutionary algorithms, rather than relying on 
a simple grid search. However, it is important to note that these meth-
ods introduce their own challenges, including the risk of convergence 
to suboptimal local minima, vanishing gradients, barren plateaus (for 
gradient-based methods), and other issues.

The “short” convolution kernel as was fixed to a size of 15 based 
on an educated guess. This choice has not been rigorously investigated 
or optimized, and future work should explore different kernel sizes to 
assess whether a more refined approach could improve sensitivity and 
detection accuracy. Systematically evaluating the impact of varying ker-
nel sizes would provide more insight into the model’s robustness and 
effectiveness across different scenarios. Furthermore, the KB-KSSD sen-
sitivity to changes in as length would be better understood via Sobol’s 
indices.

Another limitation of the current model is its inability to detect up-
ward steps, as it is exclusively designed to identify downward transitions 
in the data. This constraint limits the model’s applicability, particularly 

in scenarios where upward shifts in the system behavior may occur, such 
as during steady-state analysis of software runtime. To address this, fu-
ture work should focus on extending the model to capture both upward 
and downward steps, thereby enhancing its ability to fully characterize 
the dynamics of the system under various conditions.

Finally, it would be advantageous to implement more targeted pre-
processing techniques tailored to the specific characteristics of the time 
series. This aspect is closely linked to the broader issue of time series 
classification, which will be the focus of future research efforts.
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