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ABSTRACT

Cloud computing has become a commonly adopted solution to in-
crease business operations efficiency and scalability. However, costs
related to cloud infrastructure are increasingly prohibitive for some
organizations in long-term deployment scenarios. This expense bar-
rier has led to the emergence of a cloud repatriation trend, where
existing software systems are moved back to on-premises environ-
ments. Although this initiative enhances cost control management
and autonomy, it reintroduces technical challenges. This work in-
vestigates, through an empirical study, the applicability of Long
Short-Term Memory (LSTM) networks for workload prediction to
support auto-scaling decisions in on-premises environments. Ini-
tially, we contrasted the prediction accuracy of LSTM with classical
methods, utilizing both standard benchmark datasets and access
logs collected from an industrial-grade software system. In the sec-
ond phase, we examined how varying temporal resolutions affect
precision and computational expense. Results show the LSTM con-
sistently outperforms classical methods, reducing MAPE by up to
18.02% and RMSE by 8.77% on benchmark datasets. Considering the
in-field dataset, it outperforms in long-term predictions, especially
regarding MAE and MAPE. Throughout all analyzed temporal reso-
lutions, the 10-minute resolution optimally balanced accuracy with
efficiency. Moreover, we noted that LSTM requires less training time
than classical methods, emphasizing its applicability for real-world
scenarios. Therefore, the results indicate that LSTM emerges as a
viable solution to enable proactive auto-scaling within on-premises
environments, potentially reducing costs in the context of cloud
repatriation.
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1 Introduction

The adoption of cloud computing has settled down in recent years as
the primary option in business contexts [25, 29]. Driven by its poten-
tial to provide scalable infrastructure solutions [25], this operational
model presents numerous advantages, including the virtualization
of hardware, software, storage, and networking resources [7, 41].

Bruno Cafeo
University of Campinas
Institute of Computing

Campinas, Brazil
cafeo@unicamp.br

Baldoino Fonseca
Federal University of Alagoas
Institute of Computing
Maceid, Brazil

baldoino@ic.ufal.br

Elder Cirilo

Federal University of Sdo Jodo del-Rei

Department of Computer Science
Sao Joao del-Rei, Brazil
elder@ufsj.edu.br

Accordingly, cloud computing represents a fundamental shift from
traditional on-premises infrastructure to an environment of re-
motely managed and scalable resources [1, 53]. At the core of cloud
computing are the virtualization technologies [35]. They provide
elasticity and scalability by allowing computational resources to
dynamically adjust to varying user demands and workload fluctua-
tions without administrative intervention [20].

Despite the overall adoption of cloud computing, organizations
are now transitioning back from a cloud-first model to what is
known as cloud repatriation [18, 24] (migrating software systems
and resources back to on-premises infrastructures). Several fac-
tors motivate this movement [52], including concerns over data
governance due to stringent regulatory requirements and the unpre-
dictable costs associated with cloud services. A 2024 IDC study [51]
revealed that approximately 80% of surveyed organizations expect
to repatriate some computing and storage resources within the
coming years. Indeed, organizations have reported financial bene-
fits; for example, 37Signals ! announced it saved over $10 million
in five years after repatriating its computational resources.

An immediate challenge associated with cloud repatriation is
scalability [3, 17, 45], which becomes a critical operational concern
when organizations shift software systems from elastic cloud en-
vironments to fixed-capacity on-premises infrastructures [3, 34].
Unlike cloud platforms, which inherently offer virtually unlimited
scalability through automated provisioning and geographically dis-
tributed resources, on-premises environments are constrained by
the complexities involved in capacity planning and hardware ac-
quisition. Consequently, organizations implementing repatriation
often encounter technical obstacles in achieving the desired elas-
ticity, especially with software systems characterized by highly
fluctuating or spiky workloads. Therefore, when not well managed,
these challenges undermine the quality-of-service and impact the
cost benefits initially motivating the repatriation effort [34].

Implementing auto-scaling mechanisms in on-premises infras-
tructures presents a set of technical challenges [15, 42]. In contrast
to cloud platforms that provide resource pools and hypervisor-level
orchestration technologies, on-premises auto-scaling must operate
subject to restricted automation capabilities [15]. In this context,

Lhttps://world.hey.com/dhh/our-cloud-exit-savings-will-now-top-ten-million-over-
five-years-c7d9b5bd



SBES 25, September 22-26, 2025, Recife, PE

a critical requirement for enabling auto-scaling in on-premises in-
frastructures is the availability of accurate and timely workload
telemetry [31], which serve as indicators of system load. The ef-
fectiveness of auto-scaling strategies also depends on the decision-
making model employed [15]: whether reactive (triggered by sur-
passing predefined thresholds) or proactive (utilizing predictive
analytics to anticipate demand and scale in advance). When ac-
curate forecasting data is available, proactive strategies can be
used to anticipate workload fluctuations and reallocate resources in
advance, potentially reducing bottlenecks and performance degra-
dation risk [23, 30, 33, 38, 50]. In contrast, reactive mechanisms
respond, in general, after thresholds are breached, which can lead,
in most cases, to delays during sudden demand spikes [15]. Conse-
quently, although they are more complex to implement, proactive
auto-scaling strategies, in certain conditions, provide more effective
support for maintaining system stability and ensuring adherence
to quality-of-service expectations in the face of fluctuating work-
loads [31].

Thus, effectively predicting workload is crucial for enabling a
system to make proactive rather than reactive decisions [15, 31].
Workload prediction is a form of time series forecasting that assesses
historical patterns to anticipate future behaviors [8, 23, 38, 49]. Var-
ious approaches can be utilized [23, 30, 33, 38, 50], from statistical
methods (e.g., ARIMA — AutoRegressive Integrated Moving Aver-
age [27, 44] and ETS - Exponential Smoothing State Space [5, 33])
to more sophisticated machine learning techniques. In this work,
we conducted a comparative analysis of these methods, focusing on
applying LSTM [23, 38, 50] in real-world scenarios. Our empirical
study utilized a non-intrusive approach that leverages system logs
(e.g., request rates) as workload telemetry data to promote elastic-
ity in repatriated software systems without requiring structural
modifications. As a result, it offers the following key insights:

e Based on our analysis of sample entropy and operational
metrics, the 10-minute temporal resolution represents the
optimal balance between accuracy and computational cost.
This finding emphasizes the importance of temporal reso-
lutions in revealing historical patterns within time series
data, providing a basis for decision-making in auto-scaling
scenarios.

e While more complex than traditional ARIMA and ETS mod-
els, the LSTM model offered a remarkable 36.18% reduction
in training time compared to ARIMA and 19.54% less than
ETS. Notably, this enhanced efficiency does not compromise
accuracy; rather, the LSTM model demonstrates superior
predictive performance with an 18.02% reduction in Mean
Absolute Percentage Error (MAPE). The LSTM’s ability to
manage multi-horizon forecasting was also shown to be es-
sential for proactive workload prediction and timely resource
adjustments, as observed in the results.

e The LSTM model achieved reductions of up to 8.77% in RMSE
and 18.02% in MAPE on the benchmark dataset, outperform-
ing the statistical methods. When applied to the industrial-
grade dataset, the model yielded superior results in both
MAE and MAPE, demonstrating the best performance in
long-term forecasting scenarios. These findings highlight the
LSTM’s effectiveness in precise workload prediction, which

Xavier, Cafeo, Fonseca, Baia, and Cirilo

might make it suitable for immediate decision-making in
auto-scaling scenarios.

The rest of the paper is organized as follows: Section 2 presents
the context about auto-scaling and time series analysis and model-
ing using LSTM neural networks. Section 3 details our study design.
Section 4 explores and discusses the results. Section 5 describes the
threats to the validity of our study. Finally, Section 6 presents the
final considerations.

2 Background and Related Work

In order to lay the foundation for the rest of our paper, we provide
some background and discuss related work on auto-scaling, time
series analysis, and modeling in this section.

2.1 Auto-scaling

Auto-scaling refers to the autonomous allocation of computational
resources to software systems in response to fluctuating work-
load [39]. This process involves increasing or decreasing infras-
tructure resources (e.g., processing units, memory, or container
instances) based on pre-established policies or forecasting-based
control mechanisms. The primary goal of auto-scaling is to align
system capacity with immediate or predicted workload fluctuations,
thereby ensuring quality-of-service without requiring manual in-
tervention [42, 54]. In cloud computing environments, auto-scaling
is a core capability [47]. And, indeed, primary cloud services (e.g.,
AWS 2, Azure ®, Google Cloud *) provide integrated orchestration
layers that support the automated provisioning and de-provisioning
of resources.

Auto-scaling strategies can be divided into two primary cate-
gories [15]: reactive and proactive. Reactive auto-scaling responds
to real-time workload telemetry data that exceed predefined thresh-
olds [4]. For example, CPU utilization exceeds 80%, or request la-
tency surpasses acceptable limits. While reactive strategies are of
relative simplicity and low overhead, they exhibit a lagging na-
ture (resources are only provisioned in response to past events).
This might result in long periods of under-provisioning or over-
provisioning [40]. Proactive auto-scaling diverges from reactive
strategies by anticipating future demand spikes using predictive
analytics [50]. It leverages historical telemetry data and forecasting
models to provision resources before demand arises [15].

Proactive strategies often use techniques from time series anal-
ysis [33] and machine learning [23, 30, 38, 50] to estimate future
resource demands and perform scaling decisions. As stated by Do-
gani et al. [15], even though these strategies are more computation-
ally intensive and complex to calibrate, proactive auto-scaling has
the potential to minimize performance degradation and optimize
infrastructure usage, especially in environments lacking inherent
elasticity, such as on-premises infrastructures. In [50], the author
proposes a proactive auto-scaling approach utilizing a BiLSTM
model enhanced by attention and RL for dynamic scaling. Indeed,
their solution improved quality-of-service in container-based en-
vironments by up to 20%. However, by integrating RL with the

Zhttps://aws.amazon.com/autoscaling
Shttps://learn.microsoft.com/en-us/azure/azure-monitor
*https://cloud.google.com/compute/docs/autoscaler
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BiLSTM model, their approach added intricate barriers to auto-
scaling mechanism operation and maintenance for some small or
medium-sized organizations. Although traditional linear models are
more straightforward and easy to deploy and maintain, as stated by
Ang et al. [49] and Tsay et al. [46], they are also limited in capturing
complex temporal dependencies typical in real-world datasets.

2.2 Time Series Analysis

A time series refers to a sequence of observations organized in
chronological order, where each data point is associated with a spe-
cific timestamp and occurs at either regular or irregular intervals.
Time series analysis is an area of statistics with applications across
various fields [8]. The objective of this analysis is to derive insights
from chronological data to understand past behaviors and make
future predictions [37]. The time series analysis often considers
factors such as seasonality, autocorrelation, stationarity, and com-
plexity. Comprehending these dynamics is essential for determining
necessary transformations and identifying the most appropriate
parameters for developing predictive models.

2.2.1 Stationarity. A time series is stationary when its statistical
properties remain unchanged over time (e.g., mean, variance, and
autocovariance). There are two types of stationarity: first-order,
where only the mean and variance are continuous, and second-
order, where autocovariance is also constant [22]. Stationarity can
be visually confirmed using a correlogram that depicts the Autocor-
relation Function (ACF). In the correlogram, stationary processes
rapidly decrease to zero, while non-stationary processes show a
slower decay [13]. Stationarity can also be evaluated through unit
root statistical tests, such as the Kwiatkowski-Phillips-Schmidt-
Shin (KPSS) test [28], which tests the null hypothesis that a time
series is stationary around a deterministic trend, against the alter-
native hypothesis of non-stationarity due to a unit root process.
Additionally, the Augmented Dickey-Fuller (ADF) test [14] assesses
whether a series is stationary around a linear trend, assuming an
autoregressive structure of order p [13].

2.2.2  Seasonality. Seasonality refers to the recurring and periodic
patterns observed in a time series at regular intervals, which can
occur daily, weekly, monthly, or at any specified period. These pat-
terns are often described as cyclical [19]. For instance, the number
of requests received by an e-commerce platform may surge during
promotional campaigns or on weekends, while the load on an en-
terprise resource planning (ERP) system is likely to increase at the
end of each month due to financial closing operations.

2.2.3  Decomposition. Time series decomposition aims to separate
a non-stationary time series into its deterministic non-stationary
components (e.g., trend and seasonality) and a residual stochastic
component. This decomposition enables more detailed analysis
and improved predictions. The deterministic components are pre-
dictable and contribute to the prediction process through their
estimates or extrapolation. To enhance prediction accuracy, it is
also essential to analyze the remaining stochastic component [13].

2.2.4 Complexity. Sample Entropy is a statistical measure em-
ployed to assess the complexity and predictability of time series
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data. The basic idea behind Sample Entropy is to examine the fre-
quency and irregularity of patterns within the time series to quan-
tify the uncertainty or inherent unpredictability associated with
a specific dataset [48]. Generally, a higher Sample Entropy value
indicates increased complexity and a more significant degree of
unpredictability within the time series.

2.3 Time Series Modeling

Time series modeling encloses a range of forecasting strategies and
makes selecting the most appropriate model for each scenario a
significant challenge [33]. In recent decades, the area has diversi-
fied significantly regarding methods and techniques. Nevertheless,
classical statistical models—such as Autoregressive Integrated Mov-
ing Average (ARIMA), Error, Trend, Seasonality (ETS), and Vector
Autoregression (VAR)—continue to play a crucial role in time series
analysis and forecasting. Complementarily, machine learning tech-
niques have been employed to predict temporal relationships in
time series data. For example, linear regression models are highly
regarded for their ability to be easily interpreted and their efficiency
in identifying and capturing simple trends in data [16]. Moreover,
ensemble-based methods (e.g., Random Forests [6] and XGBoost [9])
also demonstrated strong performance, especially in situations in-
volving high-dimensional or noisy data. Kernel-based methods like
Support Vector Regression (SVR) [12] are also frequently applied to
predict temporal relationships in time series data due to their effec-
tiveness in managing non-linear relationships through well-defined
regularization principles.

Recently, deep learning techniques, especially Recurrent Neural
Networks (RNNs) along with their variants such as Long Short-
Term Memory (LSTM) [21] and Gated Recurrent Unit (GRU) [10],
have shown remarkable success in capturing long-range temporal
dependencies. This success is especially evident in non-stationary
or highly dynamic environments [21], where systems and processes
undergo rapid workload fluctuations that traditional methods strug-
gle to model effectively. Therefore, these models are well-suited
for forecasting scenarios that involve complex temporal patterns,
where manual feature engineering may be impractical or less ef-
fective, such as for auto-scaling software systems deployed in on-
premises environments. In these situations, workloads can fluctuate
significantly and unpredictably, making it challenging to anticipate
and respond to changes using predefined features. Indeed, deep
learning techniques can learn complex temporal patterns directly
from raw operational data (e.g., request rates extracted from logs)
and achieve more accurate resource allocation without extensive
domain-specific modeling or system instrumentation.

2.3.1 Long Short Term Memory - LSTM. [21] LSTM is a typical
Recurrent Neural Network (RNN) based on the artificial neural
networks paradigm. Its structure mimics biological neural net-
works through interconnected computational units known as neu-
rons. RNNGs are specifically designed to analyze chronological data
where there is a dependency between current and previous values,
and LSTM stands out in this context for its exceptional ability to
learn and preserve long-term dependencies in historical data [23].
Therefore, our choice of LSTM is fundamentally a design trade-off
prioritizing real-time feasibility. In general, other deep learning
techniques (e.g., transformer-based models and specialized Large
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Language Models) often suffer from prohibitive training costs and
massive data dependencies that conflict with the reality of available
on-premise logs.

Indeed, by leveraging a memory cell architecture, LSTM avoids
the vanishing and exploding gradient problems often faced by tra-
ditional RNNs. Within the LSTM architecture, a linear structure
traverses the entire network, modulating information as it moves
forward, which is complemented by three primary gates (i) Forget
gate: Implemented through a sigmoid layer, decides which infor-
mation should be discarded from the cell state. Each state C;_1
generates a value between 0 and 1, representing the amount of
information to be removed; (ii) Input gate: Consisting of two layers
- a sigmoid and a tanh - decides which new information will be
stored in the cell state. The output of these two layers is multiplied
and added to the cell state calculated by the forget gate; (iii) Output
gate: Uses a combination of sigmoid and tanh layers to produce a
filtered version of the cell state, determining the network’s final
output based on the current state.

3 Study Design

We conducted an empirical study to evaluate a workload forecasting
model centered on historical access logs as the primary telemetry
data and designed for seamless integration into software systems
deployed in on-premises environments. Our study focused on two
main aspects: (i) the influence of temporal granularity on fore-
casting accuracy and (ii) the effectiveness of LSTMs for workload
forecasting. Specifically, we conducted a comparative analysis of
the LSTM model against traditional statistical methods (ARIMA
and ETS) and machine-learned techniques. We utilized two distinct
datasets: ClarkNet °, a benchmark dataset, and an in-field dataset
derived from a production-grade software system operating in an
on-premises environment.

3.1 Goal and Research Questions

This study aims to evaluate a forecasting model for request-based
workloads in software systems deployed in on-premises environ-
ments, particularly in cloud repatriation scenarios. We used the
organization proposed by the Goal/Question/Metric to define the
goals of our study. According to the proposed goal definition tem-
plate, the scope of our study can be summarized below. In addition,
based on our goal, we came up with two research questions (RQs),
which are also presented below.

Analyze request-based workload time series

with the purpose of evaluating LSTM-based forecasting models
with respect to prediction accuracy, training time, resolution
sensitivity, and multi-horizon forecasting performance

from the point of view of the software reliability engineering
in the context of proactive auto-scaling strategies for on-
premises software systems undergoing cloud repatriation, using
historical access logs as the primary telemetry source.

e RQ1: Whatis the impact of temporal granularity on the
effectiveness of forecasting models? Choosing the proper

Shttps://ita.ee.lbl.gov/html/contrib/ClarkNet-HTTP.html
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temporal resolution involves balancing between model accu-
racy and computational overhead. While coarser time inter-
vals make detecting workload fluctuations more challenging,
excessively fine-grained temporal resolution can increase
training time, cause overfitting, and result in high training
costs. Various studies have adopted different temporal reso-
lutions for workload forecasting. In Kumar et al. [26], the au-
thors employed 1-minute intervals to capture high-frequency
temporal fluctuations, although this could introduce unde-
sired noise. In contrast, Singh et al. [43] and another study
by Kumar et al.[27] opted for 10-minute intervals, which
can smooth out short-term fluctuations at the price of losing
finer-grained dynamics. Messias et al. aggregated 1-second
intervals into hourly maximums to align with cloud billing
periods. Although temporal resolution significantly affects
time series forecasting, as we can see, current research pro-
vides limited guidance on choosing granularity for optimal
performance. In this research question, we examine how
different sampling resolutions influence forecasting models’
predictive accuracy and computational efficiency in real-
world workload scenarios.

e RQ2: What is the impact of LSTM on workload forecast-
ing based on request rate? In this research question, we
investigate the effectiveness of LSTM in handling complex
and non-linear time series characterized by sudden spikes,
conditional variation over time, and temporal irreversibility
[36] - typical patterns in workloads of software systems. In-
deed, a study by Janardhanan et al. [23] shows that LSTM,
owing to its ability to model non-linear temporal dynamics,
produces more stable forecasting performance than ARIMA
in the context of CPU workload prediction. These findings
highlight the suitability of LSTM models for forecasting in
environments with sudden workload fluctuations and non-
stationary behavior, where linear models often fail to adapt
due to their limited expressiveness in capturing temporal
non-linearities.

3.2 Datasets

As mentioned, our study was based on log data from two distinct
sources: the ClarkNet Traces, our benchmark, and log records from
a software system deployed and operating in an on-premise envi-
ronment. The log format includes several elements (see Figure 1),
including the source IP address, a timestamp, details of the HTTP
request initiation, the returned HTTP status code, the number of
bytes transmitted, reference information, user agent data, and the
time taken to process the request. This log-based historical data

27.16.0.40 - [03/May/2024:22:41:51 -0300]

“GET /home/ HTTP/1.1” 200 16323
“https://www.google.com/™

“Mozilla/5.0 (Linux; Android 10; K) AppleWebKit/537.36
(KHTML, like Gecko) Chrome/124.0.0.0 Mobile Safari/
537.36”

116486 ,

Figure 1: Example of a log entry containing request metadata
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Figure 2: WFLS-LSTM Model

enabled our analysis of access peaks, allowing us to identify perfor-
mance degradation and bottlenecks over time.

3.2.1 Benchmark dataset - ClarkNet Traces. It consists of two weeks
of records of all HTTP requests to the ClarkNet WWW server, an
Internet Service Provider (ISP) for the Baltimore-Washington DC
metropolitan area, publicly available [11]. The resulting time series
comprises 1,209,511 observations of the number of HTTP requests
per second, with values ranging from 0 to 45 and an average of 3
requests per second.

3.2.2 In-Field System Dataset. The second dataset was collected
from a web-based enterprise software system to support evaluating
forecasting models under real operational conditions. It comprises
approximately three months of logs extracted from the system’s
execution environment, resulting in a time series with 8,875,129
observations. This series is nearly seven times longer than the
ClarkNet Traces benchmark and exhibits substantially greater vari-
ability in request rates, with values ranging from 0 to 900 requests
per second and a mean of approximately three requests per second.
Such dispersion reflects the presence of short-lived workload fluc-
tuations, which may have affected system performance during the
observed period. This dataset provides a realistic industrial-grade
foundation for validating the applicability and robustness of the
proposed forecasting model in a production-like context.

3.3 Data Extraction and Time Series Analysis
and Modeling

We started the data extraction, time series analysis, and modeling
by collecting the historical access logs, which served as our primary
telemetry source. After extraction, the raw logs were cleaned and
anonymized to comply with privacy constraints and avoid exposing
user-specific data. The data anonymization involved removing sen-
sitive information: IP addresses, URL query parameters, and referrer
headers that could link requests to individual users or sessions. An
illustrative example of a typical log entry is shown in Figure 1.
After anonymization, we transformed these logs into time series
that model the request frequencies per second. Subsequently, we
conducted the exploratory analysis across various temporal resolu-
tions (1-minute, 10-minute, 1-hour). In this step, we examined how
these three sampling resolutions impact forecasting models’ pre-
dictive accuracy and computational efficiency in realistic workload
scenarios.

The next step involved developing the predictive model. Given
the inherent non-linearity and complexity of the time series created
in the previous step, we used a Long Short-Term Memory (LSTM)

network. This choice is supported by existing literature. As Ang et
al. [49] and Tsay et al. [46] pointed out in their work, the traditional
linear models are limited in capturing complex temporal dependen-
cies typical in real-world datasets. Indeed, LSTMs were designed
explicitly for processing chronological data and excel at modeling
intricate temporal patterns. Figure 2 presents the proposed model
architecture (WFLS-LSTM), which includes an LSTM layer with
64 units, followed by a dropout layer (20% random deactivation
during training) and a dense layer with one unit. The dense layer
employs the ReLU activation function, defined as f(x) = max(0, x),
ensuring all predictions are non-negative. The input window size is
set to 48 for 1-minute and 10-minute time series, and 12 for hourly
series, corresponding to the number of previous observations used
to forecast the next value. The total number of trainable parameters
is 39,745.

Next, we performed a systematic hyperparameter optimization
process to enhance the predictive performance of the model built
in the previous step. Given the sensitivity of LSTM architectures
to hyperparameters such as the number of hidden units, learn-
ing rate, batch size, and dropout rate, we employed a randomized
search strategy combined with cross-validation to identify con-
figurations that balanced accuracy and training efficiency. Unlike
model parameters learned from the data, hyperparameters must
be carefully selected before training, as they directly influence the
model’s capacity to generalize across different workload scenarios.
By utilizing hyperparameter optimization, we can improve model
performance beyond the default configurations offered by standard
prediction libraries [32]. In this study, we employed the Grid Search
technique, which systematically explores all possible combinations
of hyperparameters within a predefined search space to recognize
the configuration that maximizes model performance.

Table 1 summarizes the hyperparameters and their correspond-
ing value ranges explored during optimization. We considered as
hyperparameters the learning rate, the number of units across up
to four sequential LSTM layers, and the dropout rate. Three distinct
loss function options were evaluated: mean squared error (MSE),
mean squared logarithmic error (MSLE), and Huber loss. The final
model was configured to utilize the Mean Squared Error (MSE)
loss function, primarily due to its widespread use and effectiveness
despite its sensitivity to outliers. Given its computational efficiency
and adaptive learning rate during training, the chosen optimizer
was Adam. It was configured with a specific learning rate denoted
as 0.00015. The Early Stopping technique was implemented. This
technique interrupts the training process if the validation error
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Table 1: Hyperparameters and Tested Values

Hyperparameter Values

0.00015, 0.001, 0.01
64, 240, 256, 512

Learning rate
Units 1st layer

Units 2nd layer 0, 32, 64, 128

Units 3rd layer 0, 16, 32

Units 4th layer 0, 8,16
Dropout rate 0.2,0.3

mean_squared_error,
mean_squared_logarithmic_error,
huber

Loss function

does not improve over 40 consecutive epochs, ensuring that the
model remains generalizable and performs well on unseen data.

Finally, the model evaluation step included a performance as-
sessment on training and independent test datasets. To conduct
the comparative analysis, we utilized four commonly used met-
rics: Root Mean Squared Error (RMSE), Mean Squared Error (MSE),
Mean Absolute Percentage Error (MAPE), and Mean Absolute Er-
ror (MAE). These metrics were chosen because they provide our
study with a clear baseline for comparison. The model’s predictive
capabilities were also assessed across various forecast horizons (6,
12, 48, and 144 steps ahead), representing increasingly long-term
predictions and reflecting standard operational planning intervals.
We also examined computational efficiency in training duration
and prediction generation speed across the entire test dataset, con-
firming its suitability for real-time applications such as automated
scaling of software systems in on-premise environments.

3.4 Experiment Setup

The experiments were conducted in an empirical environment with
an Intel Core i7-1165G7 processor, 20 GB of RAM, and an Intel Iris
Xe GPU. We employed the TensorFlow 2.16.1 framework in a Python
3.10.11 environment on Windows 11 to train the deep learning
models. The training, executed on a single computer without GPU
acceleration, had its total time recorded using TensorFlow’s time
logging function.

4 Results and Discussion

In this section, we analyze and discuss the results. First, we present
the empirical evaluation of the forecasting model’s performance
using the Clarknet Traces benchmark dataset, which addresses
research question RQ1. Following that, we provide an in-depth
examination of the model’s effectiveness when applied to the in-
field dataset, thereby answering research question RQ2.

4.1 RQ1: What is the impact of temporal
granularity on the effectiveness of
forecasting models?

In order to answer RQ1, we used the ClarkNet dataset to explore
how varying sampling resolutions influence the predictive accuracy
and computational efficiency of the proposed forecasting model
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Figure 3: ACF - Clarknet Traces at different resolutions

(WFLS-LSTM). To contextualize the results, we compared the per-
formance of our LSTM-based model against the findings reported
in prior studies [26] [27] [43], which evaluated a broad range of
statistical and machine-learn models, including LR, SVR, AR, MA,
ARMA, ARIMA, TASM, KNN, SVM, and Naive.

Temporal Dynamics Analysis. As we can see in Figure 3, the
slow and gradual decline observed in the Autocorrelation Graphs
(ACF) suggests the presence of long-term dependencies typically
associated with autoregressive or near-non-stationary processes.
However, despite this visual analysis, the results from the Aug-
mented Dickey-Fuller (ADF) and Kwiatkowski-Phillips-Schmidt-
Shin (KPSS) tests confirmed the stationarity of the time series across
all sampling resolutions. Specifically, the ADF tests (1-minute, 10-
minute, and 1-hour) yielded significantly negative statistics with
p-values below 0.001 (0.00026, 7.45x 1077, 1.09x 108, respectively),
while KPSS statistics remained below the critical value thresholds at
the 5% level, consistently indicating stationarity for all series (0.3989,
0.1423, 0.1362). This apparent discrepancy highlights that persistent
temporal dependencies may still exist within the ClarkNet dataset.
This time series characteristic makes LSTM a fitting choice, primar-
ily because it was designed to learn from and utilize long-range
patterns through internal memory structures.

The time series analysis also revealed the presence of seasonality,
as demonstrated by the Autocorrelation Graph depicted in Figure 4.
This finding indicates that the series is not stationary, as evidenced
by pronounced peaks in the autocorrelation at lags corresponding
to multiples of 1440, 144, and 24 (1-minute, 10-minute, and 1-hour
intervals, respectively). Such peaks indicate the existence of daily,
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Figure 4: Seasonality through autocorrelation plot

10-minute, and hourly periodic behaviors in the dataset. These re-
sults emphasize the significant seasonal dynamics embedded within
the observed data and show that models capable of harnessing and
optimizing long-range dependencies, such as those that follow the
LSTM architecture, are beneficial and crucial in such cases.

The Sample Entropy analysis conducted across various temporal
resolutions of the ClarkNet time series reveals a heterogeneous com-
plexity distribution. The 1-minute and 1-hour series show higher
entropy values of 1.2733 and 1.5431, respectively, while the 10-
minute series presents a significantly lower entropy of 0.9202. These
entropy patterns thus support our observation that the workload
exhibits non-linear and scale-sensitive characteristics. Accordingly,
opting for models that can capture the temporal irregularities and
latent dependencies — such as LSTM networks — is not only a sug-
gested choice but also aligns with the structural properties that
arise from the workload telemetry data.

Predictive Performance Across Time Resolutions. To assess
the effectiveness of the proposed model, we conducted a compara-
tive evaluation against existing approaches that employed the same
benchmark dataset. The analysis considered standard forecasting
error metrics—MAE, MSE, RMSE, and MAPE—across different sam-
pling resolutions (1-minute, 10-minute, and 1-hour). The following
results demonstrate the model’s performance in prior studies and
highlight its predictive advantages in various temporal granulari-
ties.

Table 2 presents the comparative results of forecasting mod-
els evaluated over the 1-minute resolution time series based on
standard error metrics. The proposed model consistently yielded
the lowest error rates across all metrics (MAE, MSE, RMSE, and
MAPE) among the alternatives examined. The reduction observed
in RMSE (12.95%) and MAPE (18.28%) is particularly noteworthy. It
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Table 2: Comparison - resolution series / min

Model MAE MSE RMSE MAPE
LR! - - 64.37  34.52
SVR! - - 64.67  32.95
AR! - - 54.60  30.42
MA! - - 59.24  33.14
ARMA! - - 59.25  32.98
ARIMA! - - 51.24  26.64
TASM! - - 4224  20.63

WFLS-LSTM*  27.78 1352.25 36.77 16.86

! Results from [26]; ~ Results from this work.

reflects improved absolute predictive accuracy and a more stable
relative performance. These results support the robustness of the
model when confronted with the fine-grained temporal fluctuations
characteristic of high-frequency web traffic data.

Table 3 provides a comparison of the models applied to time
series data sampled at a 10-minute resolution. The results reveal
that the proposed model achieved consistently lower error values
in all evaluation metrics in contrast to its counterparts. In particu-
lar, improvements of 4.65% in both RMSE and MSE metrics were
observed in the TASM model [43]. This model has previously been
recognized as the most accurate in earlier studies. Furthermore, a 15.
24% reduction in MAPE and a modest but consistent enhancement
of 0.94% in MAE further support our model’s ability to generalize
effectively under intermediate temporal aggregation.

Table 4 presents a comparative analysis of the models trained on
time series data with a one-hour resolution. The evaluation of the
proposed model’s performance revealed an improvement of 7.94% in
the RMSE metric compared to the reference model. Additionally, a
2.30% enhancement was noted in terms of the MAE metric. However,

Table 3: Comparison - resolution series / 10min

Model MAE MSE RMSE MAPE
KNN! 210.45 70265.12  250.81 1245

LR! 265.23  79638.23  295.14  15.24
SsvMm! 250.63 9532548  320.15  18.26
ARMA! 220.30  86257.26  250.45  15.69
ARIMA! 168.26  58234.18  235.72  11.52
Naive? 192.75  65561.45  256.04  12.87
LR? 207.63  79569.25  282.08  14.52
AR? 178.81  57862.46  240.54  12.41

MA? 197.15  69282.43  263.21 13.78
ARMA? 219.24  81878.24  286.14  15.19
ARIMA? 181.19 5841594  241.69  12.47
SVR? 230.65 93,023.06 304.99 16.12
TASM? 152.40  45911.11  214.26  10.72
WEFLS-LSTM~  150.97 41747.34 20432  9.09

1 Results from [27]; % Results from [43]; " Results from this work.
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Table 4: Comparison - resolution series /hour

Model MAE MSE RMSE MAPE
Naive! 5.37 - 7.41  28.01
AR! 4.46 - 6.44 2290
ARIMA (1, 1)} 4.29 - 6.16  22.07
ARIMA! 451 - 633  23.96
ETS! 4.45 - 6.24  23.24
GA! 435 - 6.17  22.40

WFLS-LSTM*  4.25 32.21 5.68 22.82

! Results from [33]; ~ Results from this work.

it is important to highlight that, regarding the MAPE metric, the
proposed model demonstrated a decline in performance of 3.40%
relative to the model it was benchmarked against.

Prediction Behavior and Model Efficiency. Figure 5 illustrates
the forecasting behavior of the proposed LSTM model applied to
the ClarkNet workload traces at three distinct temporal resolutions:
1-minute, 10-minute, and 1-hour. The visualizations contrast the
original series (blue) with the predictions generated during training
(orange) and testing (green). These results evidence the model’s
capacity to follow both the short-term fluctuations of the data.
As we can see in the results, the alignment between predicted
and actual values is consistent in the 10-minute resolution. These
observations correspond to the lowest entropy level observed in
the previous analyses.

Moreover, the computational cost associated with each configu-
ration reveals a scaling pattern aligned with temporal granularity:
training the model required 444.19 seconds for the 1-minute series,
208.95 seconds for the 10-minute series, and 35.77 seconds for the
1-hour series. Prediction times were 3.46, 0.65, and 0.44 seconds,
respectively. These results emphasize not only the scalability of
the LSTM model across resolutions but also its sensitivity to the
structural complexity embedded in each model of the workload.

Discussion. The results revealed significant differences in pre-
dictive performance and computational efficiency trade-offs based
on the resolution of the time series data. The 1-minute series yielded
the most accurate results, but this gain came at the cost of signifi-
cantly longer training and inference times. This implication may
limit its applicability in latency-sensitive auto-scaling scenarios. On
the other hand, the 10-minute resolution series, despite not being
the most accurate in absolute terms, showed the lowest entropy and
a more regular structure. It also presented the noteworthy training
(208.95 seconds) and prediction (0.65 seconds) times. Finally, the 1-
hour resolution failed to maintain predictive superiority compared
to baseline statistical and machine-learning approaches. Its coarse
granularity may obscure short-term workload shifts, which is crit-
ical in auto-scaling contexts. From our perspective, particularly
in on-premises infrastructures where adaptation must be timely
and resource-aware, the 10-minute resolution emerges as the most
operationally viable alternative for proactive workload forecasting.

Xavier, Cafeo, Fonseca, Baia, and Cirilo
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Figure 5: Predictions in series at different resolutions

4.2 What is the impact of LSTM on workload
forecasting based on request rate?

The time series analysis of the in-field dataset indicated striking
similarities with the Clarknet dataset. The stationarity statistical
tests demonstrate that the datasets are stationary, except for the
1-minute resolution series. The autocorrelation analysis also ex-
hibited the characteristics of slow decay and revealed peaks at
markers consistent with those in the Clarknet series, highlight-
ing the presence of seasonality. Additionally, the analysis reveals
greater volatility in this dataset, as illustrated by the trend obtained
through time series decomposition (see Figure 6). This evidence
reinforces the need to utilize models capable of effectively capturing
these non-linear patterns.

LSTM vs. Statistical Models on In-Field Workload. To com-
pare the proposed LSTM model with traditional statistical methods,
we applied both approaches to an industrial-grade workload time
series obtained from an operational web system. Based on the
previous research question (RQ1) results, which indicated that a
10-minute resolution offers the best balance between predictive

f
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Figure 6: Trend - production-grade software system



LSTM-based Forecasting for Non-linear Workloads in On-premises Software Systems

SBES 25, September 22-26, 2025, Recife, PE

Test Predictions for Horizon 1

50000

40000

30000

20000 R

10000

12000

Original Data
-- Test Predictions (Horizon=1)

13000

Figure 7: Prediction on test set

performance and series complexity, we resampled the original re-
quest log to 10-minute intervals, resulting in a dataset with 14,793
observations. This dataset preserves the original workload pattern
while reducing high-frequency noise and computational cost. As
shown in Table 5, the error metrics (RMSE and MSE) are higher than
those of Clarknet. This discrepancy arises because the actual series
is approximately seven times larger than the benchmark series, has
20 times greater scale values, and contains sudden peaks in the
data. RMSE, as an error measure, considers the squared differences
between forecasted and actual values. Consequently, with a larger
series scale, the absolute differences between forecasted and actual
values also increase, resulting in a higher RMSE. The results in Ta-
ble 5 show that the LSTM model achieved superior results in MAPE
and MAE, reducing relative error by 11.06% and 4.75%, respectively,
compared to the ETS model. However, we observed that the ETS
model outperformed our model when considering the RMSE and
MSE, achieving improvements of 8.90% and 17.02%.

Accuracy and Operational Suitability. Figure 7 shows the
alignment between the observed request rate and the LSTM pre-
dictions over the test dataset, using a forecast horizon of one step
ahead. As we can see, our proposed model demonstrated strong
adherence to daily seasonal patterns and is notably responsive to
abrupt fluctuations and peak loads, characteristics commonly ob-
served in real-world web traffic. These results also show the LSTM’s
model capacity to capture complex non-linear dependencies in high-
variance time series. In addition, Table 6 presents the results of a
quantitative assessment of the WFLS-LSTM model’s performance
across various forecast horizons (6, 12, 48, and 144 steps ahead).
In this case, we calculated each prediction independently for a
future time step rather than depending on sequential multi-step

Table 5: Model Evaluation

Model RMSE MSE MAE MAPE
ETS 850.98 724167.49 386.67 16.46
ARIMA 966.28  933702.02  386.90  19.53
WEFLS-LSTM  934.17  872672.35 368.30 14.64

outputs. These results revealed that, throughout all horizons and
across all error metrics — including RMSE, MSE, MAE, and MAPE
- our proposed LSTM model consistently demonstrated superior
performance compared to the classical ETS and ARIMA models.
We also assessed the time required for training and adjusting
the ARIMA, ETS, and LSTM models; and the forecasting effort con-
sidering the entire in-field dataset. Notably, the proposed model
exhibited competitive computational efficiency given the character-
istics of the industrial-grade time series. It is important to recognize
that once the LSTM model is trained, it can generate forecasts effi-
ciently without retraining or adjusting for each new prediction. In
contrast, the ETS and ARIMA models demonstrated competitive
performance only when using a rolling window forecasting strat-
egy. Indeed, this statistical method requires continuous adjustments
for each new forecast, and as we may notice, ongoing adjustments
are computationally intensive and impractical for proactive auto-
scaling in on-premise environments. Overall, the time needed for
these adjustments and forecasts may exceed the intervals necessary
for effectively scaling the system to accommodate sudden spikes.

Table 6: Model evaluation for different prediction horizons

Model H RMSE MSE MAE  MAPE
ETS 6 1906.05  3633032.77 1840.26 273.19
12 1659.03  2752394.03 1597.76 230.43

48  3681.50 13553513.67 3113.67 128.31

144 3237.67 10482571.64 2770.48  98.22

ARIMA 6 337.00 113572.17 319.61 47.41
12 473.55 224250.77 447.27 63.33

48  1879.95 3534238.48  1472.32  52.29

144 1751.76  3068676.17  1500.60  53.92
WEFLS-LSTM 6 213.81 45713.88 185.04 27.98
12 145.19 21080.05 125.65 18.05

48  780.10 608562.09 529.40 27.22

144 758.12 574743.36  552.90 19.70
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Discussion. The results of the in-field dataset analysis showed
that while the LSTM model achieved better performance in absolute
metrics (MAE and MAPE), ETS models excelled in quadratic metrics
(RMSE and MSE), which are more sensitive to significant errors.
These results show that LSTM networks can minimize average
errors, increasing forecast accuracy. However, its inferior perfor-
mance in quadratic metrics (RMSE and MSE) suggests a reduced
ability to capture abrupt peaks and outliers with the same precision
as ETS models, particularly in datasets with high variability. Based
on this study, we might emphasize key advantages of our LSTM
model in contexts requiring periodic and real-time forecasting: (i)
high efficiency as the inference phase remains computationally
efficient despite the considerable training complexity of recurrent
neural networks; (ii) reduced need for retraining or recalibration,
which in general results into lower operational costs; (iii) ability
to perform accurate multi-horizon forecasts, enabling the develop-
ment of sophisticated and proactive auto-scaling methods.

5 Threats to Validity

To ensure the validity of our study results, we considered several
potential threats and addressed them as follows:

Internal Validity. Internal validity may be compromised by
errors in data collection and analysis. To mitigate this risk, we
relied on reliable data sources: the benchmark dataset was obtained
through official repositories, while the in-field dataset was collected
directly from server access logs. Additionally, pre-processing steps
were implemented to minimize potential errors.

External Validity. A key threat to external validity is the gen-
eralizability of our results to systems beyond the scope of this
study. While the study focuses on on-premise software systems,
the statistical analysis of time series from both datasets, despite
their differing request scales (0-45 and 0-900 requests/second), re-
vealed shared properties such as stationarity and seasonality. These
commonalities suggest the model’s applicability to other web sys-
tems with similar patterns. However, it may exhibit limitations for
systems with markedly different characteristics, such as corporate
intranets or restricted-access environments, where user behavior
and resource utilization patterns diverge significantly.

Construct Validity. The use of request rate as the primary
metric introduces a potential threat, as it does not explicitly account
for resource consumption. However, this metric was chosen for
its computational efficiency and its direct correlation with user
behavior, which indirectly influences resource usage. Other metrics,
such as response time and resource utilization, could complement
the auto-scaling system, particularly in reactive approaches, to
provide a more comprehensive view of system performance.

6 Conclusion

In this work, we empirically evaluated the usefulness of LSTM deep
learning algorithms for enabling elasticity within on-premise en-
vironments, particularly concerning repatriated software systems.
Our research centered on two primary dimensions: (i) the impact
of temporal granularity on forecasting accuracy; and (ii) the per-
formance of LSTM neural networks in workload forecasting. We
compared a proposed LSTM model (WFLS-LSTM) against conven-
tional statistical methodologies and a broad range of machine-learn
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models. We employed two distinct datasets: ClarkNet and an addi-
tional dataset derived from logs from a software system operating
in an on-premises environment.

Our analysis of the impact of temporal granularity on forecasting
accuracy indicated that the proposed LSTM model outperformed
traditional statistical methods and other machine learning algo-
rithms. Specifically, at a 1-minute resolution, the WFLS-LSTM
model achieved an 8.77% reduction in RMSE and an 18.02% de-
crease in MAPE, while demonstrating robust performance across
multiple time scales. The temporal resolution analysis indicated that
the 10-minute resolution balanced prediction accuracy and compu-
tational efficiency. As we could observe, the 1-minute resolution,
while potentially offering finer granularity and presenting the best
results, might incur substantially increased computational over-
head. On the other hand, the 1-hour resolution lacks the sensitivity
required to detect important short-term workload variations.

The WFLS-LSTM model, when applied to industrial-grade time
series, demonstrated competitive performance. Our proposed model
consistently outperformed ARIMA and ETS models in absolute
error metrics such as MAE and MAPE. In particular, the ETS model
achieved superior performance in quadratic error metrics (RMSE
and MSE). These metrics are more sensitive to more considerable
variations in actual values. Therefore, these findings emphasize the
inference capabilities of LSTM algorithms. Unlike ARIMA and ETS,
which demand regular retraining and continuous parameter tuning,
LSTMs demand less frequent retraining. These results shed some
light on the potential of LSTM models to support proactive auto-
scaling in an on-premise environment, which requires real-time
workload forecasting to maintain quality of service policies.

In forthcoming research, we plan to extend the application of
the WFLS-LSTM model to a broader range of software systems that
produce operational logs, such as IoT platforms and distributed soft-
ware systems. It is expected that the 10-minute temporal resolution
and model configuration evaluated in the study will generalize ef-
fectively, maintaining the promising trade-off between forecasting
accuracy and computational efficiency, even if retraining is required
for domain-specific dynamics. From an architectural perspective,
the proposed methodology aligns with the MAPE-K autonomic com-
puting paradigm. It enables components to learn from historical
behavior and formulate context-aware action plans. Finally, there
is an intention to utilize the WFLS-LSTM model in Kubernetes-
based infrastructures as a predictive mechanism to inform custom
metrics for auto-scaling controllers and to evaluate its effective-
ness in supporting proactive scaling decisions in container-based
environments.
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