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becoming a necessary component for maintaining business 
competitiveness. To cope with these issues, it is compelling 
to avoid resource over-provisioning or under-provisioning 
because of their negative effects in terms of extra monetary 
cost and performance degradation, respectively. Hence, to 
provision the “right” amount of cloud resources, an effec-
tive resource management is required.

In this context, auto-scaling mechanisms play a vital role 
in that they automatically exploit the elasticity typical of 
cloud environments by dynamically adjusting the number of 
allocated resources, e.g., Virtual Machines (VM), contain-
ers, as a function of the workload being processed [2, 3]. As 
outlined by these surveys, auto-scaling problems are often 
abstracted as a Monitoring, Analysis, Planning, and Execu-
tion (MAPE) control loop [4]. During the Monitoring phase, 
measurements of the performance metrics selected for driv-
ing the scaling actions are collected. The Analysis phase 
refers to the processing of these metrics to assess whether a 
scaling action has to be triggered. The details of the scaling, 
that is, the amount of resources involved, are estimated dur-
ing the Planning phase. Finally, the Execution phase refers 
to the actual allocation or deallocation of the resources.

Notably, scaling actions are triggered by diverse crite-
ria associated with actual or predicted performance metrics, 
such as usage of the resources currently allocated or desired 
Quality of Service (QoS) levels. For example, a scaling 

1  Introduction

Cloud computing has become a widespread solution for all 
types of businesses thanks to its flexibility, scalability and 
cost savings. Companies, organizations and even individu-
als benefit from cloud infrastructures and services for their 
daily activities. According to Gartner  [1], by 2028 cloud 
computing will shift from being a technology disruptor to 
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out, i.e., an increase of the number of allocated resources, 
could be performed whenever the response time experi-
enced by user requests or the resource utilization exceed 
some predefined thresholds. On the contrary, a scaling in, 
i.e., a decrease of the number of allocated resources, could 
be performed when resources are under-utilized, thus no 
longer needed. Some auto-scaling mechanisms react only 
after changes of the performance metrics being considered 
have been detected. Other mechanisms try to anticipate 
potential performance issues by predicting the future work-
load behavior and dynamically adjusting the resources in a 
timely manner.

This paper addresses the challenges related to scaling 
cloud resources under variable workload conditions. We 
propose a load-aware lightweight predictive auto-scaling 
framework to proactively allocate or deallocate resources. 
The core of the approach is represented by two predictive 
components that forecast the future workloads and the 
cloud resources necessary to cope with these workloads and 
ensure at the same time the desired utilization level. More 
precisely, the number of resources to be allocated or deal-
located is based on an analytical formulation that takes into 
account the predicted workload. This represents the main 
innovation of our framework.

Experimental results, based on simulations, have clearly 
demonstrated the effectiveness of the proposed framework 
which quickly adjusts the resources to the predicted work-
load patterns.

The primary contributions of this work include:

	● Load-aware auto-scaling framework that predicts when 
and to what extent scaling actions have to be performed;

	● Extensions of the CloudSim simulation toolkit to model 
the proposed framework;

	● Comprehensive experimental evaluation of the pro-
posed framework under different workload patterns.

The paper is structured as follows. After a review of the state 
of the art, given in Section 2, we present the proposed auto-
scaling framework in Section 3. The settings and the results 
of the experiments are analyzed and discussed in Sections 4 
and  5. Finally, in Section  6 we provide some concluding 
remarks and outline possible future research directions.

2  Related work

Managing the dynamics of cloud environments has been 
(and still is) one of the main concerns of researchers and 
practitioners (see, e.g., [5, 6]). In this context, auto-scaling 
mechanisms play a key role. Several works have appeared 
in the literature (see, e.g.,  [7–10] for detailed surveys). 

In general, papers are classified based on the proposed 
approach, namely, reactive, proactive or hybrid. In what fol-
lows, we review the state of the art in these areas.

2.1  Reactive approaches

As already mentioned, reactive auto-scaling policies 
respond to changes of some pre-defined performance met-
rics after these changes have occurred. These policies are 
often driven by rules based on thresholds associated with 
consumption of cloud resources, such as CPU and memory 
utilization, or with applications, such as response time.

For example, the two policies for scaling out resources 
presented in [11] use the resource utilization level and the 
request response time as scaling indicators, respectively. In 
detail, scaling is triggered whenever the average CPU utili-
zation of all VMs or the 95th percentile of the response time 
go beyond a predefined threshold. Two thresholds associ-
ated with a high order quantile of the execution time and 
with its mean are used in  [12] for scale out and scale in 
decisions, respectively. Similarly, in  [13] scaling actions 
are triggered whenever the VM utilization exceeds an upper 
threshold or falls below a lower threshold. The effects exer-
cised by different incoming workload patterns on the behav-
ior and performance of the proposed auto-scaling policies 
as well as the role of their configuration parameters, such as 
time interval for computing the individual VM utilization, 
are also investigated.

We remark that auto-scaling approaches based on static 
thresholds can suffer from the problem of oscillations in 
adding and removing resources, thus they are not suitable 
for highly unpredictable workloads.

In the literature, this problem has been addressed under 
different perspectives. Some studies propose solutions to 
adapt thresholds to workload changes. For example, in [14] 
a fuzzy-based approach is adopted for automatically adjust-
ing thresholds according to the load, response time and CPU 
utilization.

Other studies assess to what extent the choice of the 
thresholds affects the performance of the auto-scaling poli-
cies. In [15] authors propose a strategy to adaptively com-
puting the amount of resources to be allocated or deallocated 
according to their current utilization level and evaluate the 
impact of the upper and lower utilization thresholds.

An interesting approach for adding or removing servers 
as to maintain the right amount of spare capacity able to 
absorb unpredictable changes in load conditions is presented 
in  [16]. To this aim, the policy checks the system condi-
tions at fixed time intervals. Notably, the required capacity 
is determined using the total load of the system, which in 
turn depends on number of requests in the system when the 
policy is invoked, and the load a single server can handle.
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2.2  Proactive approaches

Proactive auto-scaling approaches have been studied to 
overcome some of the limitations of the reactive approaches 
(see, e.g.,  [17–24]). In fact, by predicting the resources 
required by the workload, it is possible to anticipate scale 
out and scale in actions, thus reducing the leasing cost of the 
VMs as well as improving the workload performance.

A model-driven auto-scaling approach for multi-tier 
cloud systems is presented in  [17]. More specifically, to 
infer the amount of resources required to ensure response 
time guarantees, the proposed modeling engine leverages 
a product form queueing network model that relies on the 
Kalman filter to estimate model parameters that cannot be 
monitored. A scaling action is triggered after two successive 
directives from the modeling engine.

In [18], scaling actions are based on predictions of 
resource usage. These predictions are obtained from the 
periodic patterns identified in the time series describing 
resource usage or, in case no patterns exist, from a Markov 
chain whose states represent groups of resource usage sam-
ples. More specifically, the time series is divided into fixed 
duration segments whose size is determined through spec-
tral analysis. A pattern is then inferred from the presence of 
highly correlated segments. As an alternative, predictions of 
resource usage are drawn from the state transition probabili-
ties of the Markov chain.

A policy that employs a receding horizon control tech-
nique is proposed in [19]. For each step ahead in the time 
horizon, the proposed policy predicts incoming workload 
using a second-order Auto-regressive Moving Average 
model and iteratively computes the cost of all possible 
resource allocations using the results provided by the Mean 
Value Analysis. The optimal resource provisioning is then 
obtained by solving a single-objective optimization problem 
that minimizes the overall allocation cost.

It is important to outline that accurate predictions of 
resource requirements rely on workload models able to 
characterize and forecast future workload demands (see, 
e.g.,  [25–29]). As an example, the predictive model pre-
sented in [27] is composed of three layered neural networks. 
This model learns and extracts patterns from the workload 
to be used for future predictions.

2.3  Hybrid approaches

Many papers propose hybrid auto-scaling approaches that 
combine the benefits of proactive and reactive approaches 
(see, e.g., [30–40]).

The heterogeneity of cloud resources is addressed by the 
auto-scaling system presented in [30]. The system includes 
a predictor of the future incoming workload demands, a 

profiler of the throughput of each VM type while running 
an application and a scaler. The scaler implements a reac-
tive policy based on an upper and a lower threshold asso-
ciated with some performance metrics. Scaling actions are 
triggered whenever the workload predictor forecasts persis-
tent over-load or under-load conditions over a given time 
interval. In contrast, the estimated throughput is used by 
the scaler to identify the most appropriate resource combi-
nation that satisfies both the workload and customer SLA 
requirements.

In some papers the hybrid approaches leverage reactive 
policies to scale out resources and proactive ones to scale in. 
In other papers proactive policies are used to predict future 
workloads, while reactive policies manage unpredicted 
workload changes.

For example, in [31] the reactive approach proposed for 
triggering scaling out actions considers a threshold associ-
ated with the 95th percentile of the average request response 
time, computed using measurements periodically collected. 
In contrast, whenever the response time requirements are 
satisfied for a given number of consecutive time intervals, 
a proactive approach checks whether a scaling in action is 
necessary. To this aim, the number of required resources are 
predicted using a polynomial regression model.

Two adaptive controllers incorporating both reactive and 
proactive components are presented in  [32]. To manage 
scaling decisions and prevent oscillations, these controllers 
scale the number of VMs allocated to a service running in 
the cloud based on the current and predicted future load on 
the service. In detail, the estimation of the rate of adding or 
removing VMs can be based on the periodical rate of change 
of the system load or on the load change with respect to the 
average capacity.

A framework for distributed system auto-scaling through 
the combination of proactive and reactive techniques is pro-
posed in [33]. The framework predicts the trends of the time 
series describing some high-level performance metrics and 
uses these predictions to take proactive scaling decisions. 
As a contingency to possible prediction failures, scaling 
actions are triggered in a reactive manner using different 
threshold rules.

Similarly, the framework presented in  [36] combines 
predictive and reactive methods for scaling cloud resources. 
A time series method, namely, an auto-regression of order 
one, is applied to forecast the future behavior of the sys-
tem, while a queueing network model is used to compute 
the required number of VMs and their capacity. A reactive 
approach is employed to take corrective actions when the 
provisioned resources are insufficient to cope with an anom-
alous workload increase.

We remark that auto-scaling mechanisms are generally 
offered by cloud providers  [41–43] to allow their users to 
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It is important to remark that the framework includes another 
component, namely, a scheduler, that maps user requests to 
cloud resources according to different policies. This component 
has not been depicted in the figure because it does not directly 
affect the scaling actions.

In what follows, we describe in detail the proposed frame-
work. Table 1 summarizes the key notations used in this section.

3.1  Workload predictor

The workload predictor aims to forecast future workloads 
using historical data. More precisely, starting from the 
arrival rates λi measured at M equally spaced time steps 
ti, (i = 1, 2, . . . , M), we predict the arrival rate λ̂j at time tj, 
(j = M + 1, M + 2, . . . , M + h), h being the time horizon. 
These predictions are based on the model obtained by fitting the 
measured values.

In this context, the choice of the regression model that best fits 
the workload data is of paramount importance. Various regres-
sion techniques, such as linear regression, polynomial regres-
sion, Auto-Regressive Integrated Moving Average (ARIMA) 
and Recurrent Neural Network (RNN), can be applied to 
achieve this goal. Some techniques, such as polynomial regres-
sion, need only the last M historical data and are characterized 
by lightweight computations. In contrast, other techniques, such 
as ARIMA and RNN, require much larger amount of historical 
data to derive the model structure and coefficients. Hence, these 
characteristics make the polynomial regression well suited 
for runtime workload predictions.

Figure  2 shows an example of the model that fits the 
arrival rates measured every 15 seconds over an interval 
of five minutes. This model is a polynomial of degree two, 
namely, λ(t) = a0 + a1 t + a2 t2.

exploit cloud elasticity. These mechanisms are often reac-
tive or proactive approaches based on rules specified by the 
users. For example, scaling actions can be triggered by the 
violation of user-defined constraints on some metrics. As an 
alternative, users can define a target value for a given metric 
and to keep this metric as close as possible to the target the 
auto-scaling system adds or removes VMs.

In summary, the literature offers many diverse solutions 
to the auto-scaling problem. To the best of our knowledge, 
no papers have proposed a lightweight solution that scales 
resources by making predictions of the future VM utilization 
using the system throughput, which in turn is obtained from 
the predictions of the incoming workloads and the current 
status of the system.

3  Proposed auto-scaling framework

As already mentioned, we propose a load-aware predictive 
auto-scaling framework whose objective is to scale out and in 
cloud resources as to keep their overall utilization at a desired 
level. To this aim, we predict the future workloads and the 
resources necessary to cope with these workload demands. 
Figure 1 provides an overview of the proposed framework.

We can identify two main components, namely:

	● A workload predictor responsible of forecasting future 
user requests based on continuously updated historical 
workload data;

	● A resource manager responsible of triggering scale out 
and scale in actions and predicting the amount of cloud 
resources able to cope with the predicted workload and en-
sure at the same time the desired utilization level.

Table 1  Summary of the main notations

δ
Time slot duration

M
Number of time steps

h
Time horizon

S
Request service demand

λ
Arrival rate

λ̂
Predicted arrival rate

N̂
Number of requests to be processed

Q̂ Predicted request backlog

X̂
Predicted throughput

Xmax Maximum throughput

Ĉ
Number of requests to be completed

Û
Predicted resource utilization

U ref Desired resource utilization

R
Number of allocated resources

R̂∗ Predicted number of resources

Fig. 1  Overview of the proposed auto-scaling framework
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Since workload arrivals typically vary over time, predic-
tions need to be adjusted accordingly. Hence, as soon as new 
workload measurements are available, the historical work-
load data is updated by using a rolling window approach 
as shown in Fig. 3. In detail, the oldest measurements are 
removed and new measurements are considered, thus the 
coefficients of the model are computed at each time step 
without re-estimating the model. This process is repeated 
continuously to ensure predictions follow as close as pos-
sible the actual workload patterns.

3.2  Resource manager

The resource manager is responsible of allocating and deal-
locating cloud resources. To achieve this, it predicts to what 
extent resources need to be adjusted to cope with the future 
workload and to ensure the desired utilization level.

We remark that the choice of the desired utilization level 
plays a key role in our framework to avoid resource over-
provisioning and maintain sufficient processing capacity. 
This will also allow the mitigation of potential prediction 
inaccuracies due to fluctuating workloads.

In what follows we describe the policies proposed to trig-
ger scaling actions and predict the corresponding amount of 
resources.

3.2.1  Scale out policy

As already mentioned, scale out actions refer to the allo-
cation of additional resources to cope with an increase in 
the incoming user requests. We remark that in general the 
resources being allocated are not immediately available 
because of delays in their start up (e.g., boot time), thus at 
time ti our policy predicts the amount of resources neces-
sary after the start up, that is, at time ti+h.

Fig. 3  Rolling window approach used to update the models of the 
arrival rates at three consecutive time steps. Each model is obtained by 
fitting six measurements

 

Fig. 2  Polynomial of degree two fitting the measured workload data 
represented by blue dots. The red dots refer to the arrival rates pre-
dicted by the model

 

Algorithm 1  Load-aware scale out policy

As specified by the pseudo code of Algorithm 1, the pre-
dicted utilization of cloud resources represents the core of 
the proposed scale out policy. We recall that, according to 
the utilization law, the resource utilization is given by the 
product of the throughput and the average service demand at 
the resources [44]. The service demand S is typically known 
as it is a characteristic of the requests that depends on the 
resource processing speed. On the contrary, the throughput, 
that is, the number of requests completed by the resources 
per time unit, is unknown. Moreover, we cannot assume 
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N̂j = Q̂j−1 + λ̂j × δ

where Q̂j−1 denotes the backlog of requests at time tj−1. 
We remark that the backlog Qi at time ti is not predicted as 
it can be easily measured on the system.

The number of requests Ĉj  that can be completed dur-
ing the given time slot of duration δ by the allocated cloud 
resources, is then obtained as follows:

Ĉj = Xmax
j × δ

where Xmax
j  denotes the maximum throughput of the 

resources, i.e., the maximum number of requests that can 
be completed per time unit under the assumption that the 
utilization of each resource is equal to one. The difference 
between N̂j  and Ĉj  gives the predicted backlog Q̂j  in the 
considered time slot. Note that Q̂j  is zero when the cloud 
resources are able to complete all the requests they have to 
process.

steady-state conditions, that is, the throughput equals the 
arrival rate, because the allocated resources might be unable 
to process all incoming requests in a given time slot.

Hence, to estimate the throughput we have to take into 
account the predicted arrival rate (provided by the Workload 
Predictor) as well as the predicted backlog of user requests 
that could not be completed in the given time slot by the 
cloud resources currently allocated.

Algorithm  2 presents the pseudo code iterated for pre-
dicting the backlog Q̂j  (j = i + 1, i + 2, . . . , i + h). These 
values are obtained by combining the workload predictions 
with the maximum number of requests that can be processed 
by the allocated VMs.

More precisely, the total number of requests N̂j  to be 
processed in the time interval [tj−1, tj ] of duration δ is 
given by:

Algorithm 2  Prediction of the number of unprocessed requests

Since we predict at time ti the amount of cloud resources 
necessary at time step j = i + h, such that Q̂j+1 = 0, by 
applying the utilization law, we obtain the predicted overall 
utilization of cloud resources Ûj , that is:

Ûj = X̂j × S

where X̂j  is derived as the ratio between the total number 
of requests N̂j  to be processed in a time interval of duration 
δ and δ. The predicted utilization is used to decide whether 
and to what extent a scaling action has to be performed.

Notably, the ratio Ûj/U ref provides a prediction of the 
number of resources R̂j  necessary at time tj  to ensure the 
desired utilization level U ref . We remark that the result of 
this ratio is typically a real number, thus the ceiling function 

maps R̂j  to the least integer greater than or equal to R̂j , 
namely, R̂∗

j =
⌈
R̂j

⌉
.

Depending on the relationship between the predicted 
number of resources R̂∗

i+h at time ti+h and Ri+h−1, that 
is, the number of resources available at time ti+h−1, the 
resource manager might trigger a scaling out. We outline 
that Ri+h−1 takes into account the effects of scale out 
actions scheduled earlier than ti. For example, the effects of 
a scale out triggered at time ti−2 will appear at time ti+h−2.

In case R̂∗
i+h and Ri+h−1 are equal, no scaling actions 

are necessary. On the contrary, a scale out is triggered when 
R̂∗

i+h is greater than Ri+h−1. The number of resources 
diffi+h to be allocated at time ti is given by:

diffi+h = R̂∗
i+h − Ri+h−1
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We emphasize once more that these resources will only be 
available for processing incoming user requests at time ti+h.

3.2.2  Scale in policy

In the context of scale in actions, the behavior of the 
resource manager is rather conservative as it avoids “early” 
resource deallocation. In fact, service providers are often 
interested in ensuring good quality of service levels even 
though this might require some resource over-provisioning. 
To this aim, before deallocating any resource, the resource 
manager checks three conditions with the main objective of 
identifying “persistent” over-provisioning conditions in a 
given time interval.

Notably, to avoid oscillations, no scale in actions are 
allowed whenever scale out actions are in progress in the 
considered time interval. In addition, no scale in actions 
can be triggered whenever the utilization of cloud resources 
exceeds the desired utilization level in any of the h slots of 
the interval.

Algorithm 3  Number of over-provisioned resources

The third condition specifically refers to the prediction 
of resource over-provisioning over h consecutive time slots. 
In detail, as specified by the pseudo code of Algorithm 3, at 
each time step j (j = i + 1, . . . , i + h) the resource man-
ager predicts the overall utilization Ûj  as the product of the 
predicted throughput X̂j  and the request service demand S. 
This computation is performed under the assumption that 
all requests N̂j  to be processed in the given time slot are 
actually completed.

Similarly to the approach used for scale out actions, 
the predicted amount of resources R̂∗

j  that will ensure the 
desired utilization level U ref  at time tj  is given by:

R̂∗
j =

⌈
Ûj/U ref⌉

In case the condition Rj > R̂∗
j  holds for h consecutive time 

slots, the resource manager performs a scale in action. The 
predicted number of over-provisioned resources R̂over

j  is 
given by the difference between Rj  and R̂∗

j .

We remark that to avoid aggressive actions that might 
affect performance, the minimum number of predicted over-
provisioned resources over the h time slots is selected for 
the deallocation. Moreover, scale in actions have to ensure 
the threshold set for the minimum number of allocated 
resources to be guaranteed. We also outline that the actual 
deallocation of a VM occurs as soon as it has completed all 
the requests still in progress.

In summary, our proposal offers a flexible framework for 
scaling cloud resources in a timely manner according to the 
predictions of the future user requests and of the resources 
necessary to cope with these requests. This framework 
could be very beneficial for practitioners in that it will allow 

them to allocate the “right” amount of resources and ensure 
at the same time the desired utilization level.

4  Experimental setup

This section focuses on the setup of the experiments carried 
out to assess the performance and the effectiveness of the 
proposed auto-scaling policy. More precisely, we describe 
the main characteristics of the simulation environment 
developed for this aim as well as the characteristics of the 
workloads and of the cloud infrastructure considered in the 
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with the amount of resources to be allocated or deallocated 
as to satisfy the desired utilization level.

To keep track of the status of the system, the broker relies 
on the monitoring component implemented as another 
CloudSim extension. This component continuously col-
lects from the datacenter measurements related to the cloud 
resources and the workload requests being processed. For 
example, measurements refer to the types of events (e.g., 
request arrivals and completions, resource allocations and 
deallocations) and their timestamps.

The measurements being collected are also stored into a 
log file for offline processing, that is for a detailed analysis 

experiments. The specific settings of the simulations are 
also reported.

4.1  Simulation environment

To evaluate the proposed auto-scaling framework, we 
developed a simulation environment based on the Cloud-
Sim simulation toolkit [45]. Figure 4 shows the architecture 
of the proposed environment. The core of the architecture is 
represented by a broker whose role is the orchestration of all 
the other simulation components.

Notably, the broker receives the workload, i.e., user 
requests, and interacts with the cloud resources located in 
the datacenter. These interactions are driven by two compo-
nents, namely, a scheduler and an auto-scaler, implemented 
as CloudSim extensions.

In detail, the scheduler provides the mappings between 
the user requests and the cloud resources allocated in the 
datacenter. To this aim, different policies, such as round 
robin, weighted round robin, can be used. The auto-scaler 
implements the auto-scaling policy and provides the broker 

Table 2  Main characteristics of the synthetic workloads considered in 
the simulation experiments

Arrival rate [reqs/s] Number
Minimum Maximum of requests

Increasing 100 4,500 8×106

Periodic 100 3,600 26×106

Unpredictable 1,600 3,850 19×106

Fig. 5  Increasing (a), periodic (b) and unpredictable (c) synthetic workload arrival patterns considered in the simulation experiments

 

Fig. 4  Architecture of the proposed 
simulation environment
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by delays related to the completion of previously assigned 
requests.

4.3  Simulation settings

Table  3 summarizes the main settings used for the simu-
lation experiments. More specifically, we set the time slot, 
i.e., the time between two consecutive invocations of the 
auto-scaling policy, to 15 seconds, whereas for the workload 
predictions we set the history to 300 seconds, corresponding 
to workload data collected over 20 consecutive time slots, 
and a time horizon of 60 seconds, i.e., four time slots, cor-
responding to the VM boot time. We recall that historical 
workload data are updated according to a rolling window 
approach.

of the behavior of the auto-scaling policy and for computing 
metrics summarizing its performance.

4.2  Workload and infrastructure characteristics

The workloads considered in the simulation experiments are 
described in terms of time-varying arrival patterns. In detail, 
we generate three synthetic workloads characterized by dif-
ferent arrival patterns, namely, increasing, periodic and 
unpredictable. The selection of these patterns is motivated 
by their ability to stress our auto-scaling policy under a con-
tinuous increase of the arrival rate as well as under regular 
or sudden changes between increasing and decreasing rates. 
Figure  5 depicts the patterns of the three synthetic work-
loads, while Table 2 summarizes their main characteristics.

As can be seen, the arrival rate of the increasing work-
load linearly grows from 100 up to 4,500 reqs/s over one-
hour interval, while the periodic workload consists of two 
periods of a sinusoidal pattern, each ranging from 100 to 
3,600 reqs/s over a four-hours interval. The arrival rate of 
the unpredictable workload changes over a two-hours inter-
val, from 1,600 up to 3,850  reqs/s without following any 
predefined pattern.

We remark that these workloads are composed by 
requests with identical characteristics, that is, processing 
demand equal to 10 Million instructions and service demand 
equal to 10 ms on the simulated infrastructure.

In addition to the three synthetic workloads, we test our 
auto-scaling policy using a real workload based on a flight 
seats availability service [46]. The workload data has been 
obtained by monitoring a set of consolidated VMs running 
on a single physical machine and sharing all its hardware 
and software resources. This system can receive several 
million transactions per hour.

As shown in Figure 6, this workload follows a diurnal pat-
tern with arrival rates ranging from 600 up to 15,800 reqs/s 
over 24 hours. Requests are characterized by processing 
demands between 6.3 and 15.7 Million instructions and ser-
vice demands between 6.3 ms and 15.7 ms on the simulated 
infrastructure. Figure  7 plots the empirical distribution of 
the processing demands of the 693 million requests of this 
workload. We remark that the processing demand of about 
99.5% of requests is between 8 and 14 Million instructions.

The simulated cloud environment consists of an unlim-
ited pool of Virtual Machines (VMs) whose processing 
speed is set to 1,000 MIPS. Each VM is also characterized 
by a boot time, set to 60 seconds in our experiments, that 
accounts for the VM startup. In detail, boot time represents 
the delay between the time a VM is provisioned and the 
time it becomes available to process incoming requests. In 
contrast, as already mentioned, VM deallocation is affected 

Table 3  Simulation parameters
Time slot interval [s] 15
Prediction history [s] 300
Prediction horizon [s] 60
Utilization level 0.8
Minimum number of VMs 2
Simulation warm-up [s] 600

Fig. 7  Empirical distribution of the processing demand of the requests 
of the real workload

 

Fig. 6  Workload arrival pattern of a flight seats availability service 
measured over 24 hours
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We also consider the response time of the requests, that 
is, how long each request takes to be completed. In fact, 
providers have to ensure good quality levels and avoid vio-
lations to the levels agreed with end users.

In addition, to estimate the overhead introduced by our 
auto-scaling policy, we measure the time spent by all invo-
cations of the policy and the fraction of invocations leading 
to a scaling action.

As baselines for assessing the benefits of our Load-Aware 
policy, we choose a reactive auto-scaling policy and two 
static resource provisioning approaches. We remark that 
we did not consider any proactive/hybrid approach because 
their peculiarities make their implementation difficult and 
not always feasible.

In detail, the reactive policy, namely, the Average Load 
policy proposed in  [13], adjusts the number of allocated 
VMs based on the average utilization levels of each VM, 
computed over a 75 second time window. This policy per-
forms scale out or scale in actions whenever the utilization 
of at least one VM is above or below the corresponding 
thresholds, set to 0.8 and 0.4, respectively.

In contrast, static provisioning allocates a fixed number 
of VMs which remain always on independently of the work-
load arrivals. More precisely, we consider two static pro-
visioning approaches, where the number of allocated VMs 
is derived according to the middle load (MID) and to the 
maximum load (MAX).

5.2  Simulation results

This section summarizes the results of the simulation exper-
iments performed to assess the effectiveness of our auto-
scaling policy under different workloads. We first focus 
on the comparisons with the selected baselines under the 

We remark that the workload predictions are based 
on a polynomial regression. To identify the degree of the 
polynomial that best fits the workloads considered in our 
experiments, we apply the forward nested model selection 
technique. In addition, to avoid oscillations due to overfit-
ting, we limit the degree of the polynomial to five. As a 
result we obtain a polynomial of degree two.

Moreover, the desired utilization level of the VMs is set 
to 0.8. During the simulation, two is the minimum num-
ber of VMs that must be always available for processing 
the incoming requests, regardless of any scaling decision. 
Finally, to eliminate transient effects from the collected 
measurements, a 600 seconds warm-up time is considered.

5  Experimental results

This section showcases the proposed auto-scaling frame-
work by assessing its performance and effectiveness 
through extensive simulation experiments. We first intro-
duce the metrics used for these assessments and the policies 
considered as baselines. We then analyze and discuss the 
simulation results.

5.1  Metrics and baseline policies

The effectiveness of the proposed auto-scaling policy is 
evaluated by considering metrics related to the VMs provi-
sioned to process the incoming user requests and to the QoS 
being offered. In detail, an important metric considered for 
our assessments is the cost of the VMs being provisioned, 
measured as their total leasing time. This metric is of par-
ticular interest for service providers who are willing to mini-
mize the cost for their services to stay competitive.

Table 4  Comparison of the performance of our auto-scaling policy with the Average Load policy and the two static provisioning approaches cho-
sen as baselines for the three synthetic workloads

VMs Scaling
Actions

Leasing
Time [min]

Response Time [ms]
Min Max Mean Std dev Max

Increasing
Load-Aware 11 57 45 1,743 10.2 0.5 26.5
Average Load 11 50 39 1,545 10.7 1.2 36.3
MID 29 29 – 1,450 85,162.2 111,814.7 372,721.3
MAX 57 57 – 2,850 10.1 0.2 17.3
Periodic
Load-Aware 2 45 169 5,751 10.3 1.0 97.3
Average Load 2 46 173 6,302 135.4 415.9 2,554.5
MID 24 24 – 5,520 459,297.3 363,901.2 974,606.3
MAX 45 45 – 10,350 10.1 0.3 61.6
Unpredictable
Load-Aware 21 50 213 3,825 10.3 0.7 33.7
Average Load 31 44 13 4,179 10.1 0.4 22.7
MID 33 33 – 3,960 2,681.5 7,139.9 32,020.4
MAX 49 49 – 5,880 10.1 0.2 14.3
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yields a leasing time about 10% shorter than that experi-
enced by the Average Load policy. In addition, the delayed 
scaling out actions of this policy lead to resource saturation, 
thus making the mean response time more than one order of 
magnitude larger.

In terms of scaling actions, our policy and the Load-
Aware policy perform a similar number of actions for all but 
the unpredictable pattern. In fact, to adapt to this challeng-
ing pattern, our policy keeps adjusting its predictions and 
the number of allocated VMs, thus it performs more than 
200 actions that lead to a shorter leasing time and a compa-
rable response time with respect to the Average Load policy.

We can then conclude that our policy is more robust to 
changes in arrival patterns than the considered baselines.

We remark that to run the simulation experiments, we use 
a workstation equipped with an Intel Core i7-9700K pro-
cessor at 3.6 GHz, 64 GB of RAM and 1 TB of solid state 
drive and running Fedora Linux 41 as operating system. Our 
simulations are quite fast. For example, an experiment of 
our policy under the periodic workload takes about six min-
utes. We also measured the time spent at each time slot to 
predict the arrival rate and estimate the number of VMs to 
be allocated or deallocated. This time was of the order of 
few milliseconds (i.e., on average 3 ms). Even though these 
operations are executed repeatedly, that is, every 15 sec-
onds, the overhead introduced by our policy is negligible.

synthetic and real workloads. We then consider the real 
workload to investigate the performance under different uti-
lization levels of the allocated VMs.

5.2.1  Synthetic workloads

To gain some preliminary insights into the benefits of our 
auto-scaling policy, we simulate the synthetic workloads 
described in Sect. 4.2 with our policy as well as with the 
three policies selected as baselines.

Table 4 compares the performance of these policies.
As can be seen, our policy generally outperforms the 

three baselines. For example, as expected, the comparison 
of our policy with the MID provisioning highlights signifi-
cant differences in the response times of the requests, even 
though for the increasing and periodic patterns the leasing 
times of the VMs provisioned by MID are slightly lower, 
i.e., 16.8% and 4% lower, respectively. In contrast, com-
pared to the MAX provisioning, our policy always performs 
much better in terms of leasing time with similar values of 
the request response times.

In addition, the comparisons with the Average Load reac-
tive auto-scaling policy clearly demonstrate the benefits of 
our policy even in the case of the unpredictable workload 
pattern where predictive policies often fail. Figure 8 shows 
the arrival rates of the requests together with the number of 
allocated VMs as a function of the simulated time for the 
three synthetic workloads. As can be seen, unlike the Aver-
age Load policy, the number of VMs allocated by our policy 
closely follows the three different workload patterns. In fact, 
thanks to the workload predictor, our policy forecasts future 
changes in the arrival rates and adjusts cloud resources to 
ensure the desired utilization level. On the contrary, the 
Average Load policy only reacts to previous changes, thus 
delaying the scaling actions with a potential increase of the 
response time and of the VM leasing time.

This phenomenon is particularly evident for the periodic 
workload. In fact, the timely scaling actions of our policy 

Table 5  Performance of our policy and of the Average Load policy 
under the real workload

Load-aware Average load
Leasing Time [h] 2,627 2,994
Scaling Actions 1,567 362
Effective Invocations 27.4% 6.3%
Response Time [ms]
 Mean 10.8 210.3
 Std dev 1.4 2,813.4
 Min 6.3 6.3
 Max 52.3 51,657.0

Fig. 8  Workload arrival rate (orange line) and number of VMs allocated by the Load-Aware (blue solid line) and Average Load (blue dashed line) 
policies for the increasing (a) periodic (b) and unpredictable (c) workload patterns
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unpredictable workload raises even though these advan-
tages come at the expense of an increased number of VMs 
and leasing times.

Figure 9 offers an overview of the number of allocated 
VMs as a function of the time of the day.

As can be seen, all patterns follow the diurnal behavior 
of request rate, even though there are significant differences 
across the various utilization levels. Notably, when the 
desired utilization level is low, the policy tends to allocate a 
larger number of resources (e.g., as many as 343 for utiliza-
tion equal to 0.5), thus leading to over-provisioning con-
ditions. On the contrary, for utilization levels equal to 0.9 
and 0.95, the policy allocates much fewer resources (e.g., as 
few as 181 for utilization 0.95), thus leading to under-pro-
visioning conditions. For example, on average 175 VMs are 
allocated over the 24 hours when the utilization is set to 0.5, 
whereas only 97 and 92 for utilization set to 0.9 and 0.95.

As Table 6 suggests, the request response time is clearly 
affected by these conditions.

As expected, under-provisioning conditions generally 
lead to an increase of the response time. These effects are 
particularly evident for the values of the utilization equal to 
0.9 and 0.95. In fact, the median response times, obtained 
for a utilization up to 0.8, only slightly differ, whereas the 
corresponding values for the utilization equal to 0.9 and 
0.95 are about 4.7% and 10.3% greater, respectively. We 
can notice the same behavior up to the 99th percentile with 

5.2.2  Real workload

To further investigate the effectiveness of our policy in a 
realistic scenario, we consider the real workload whose 
characteristics are described in Sect. 4.2.

Table  5 compares the performance of the Load-Aware 
and the Average Load policies under this workload.

Similarly to what observed for the synthetic workloads, 
we notice that our policy significantly outperforms the Aver-
age Load policy. Notably, the total VM leasing time of our 
policy, equal to 2,627 hours, is 12% shorter than the Aver-
age Load counterpart. This is because our policy performs 
more than 1,500 scaling actions to timely adapt the number 
of allocated VMs to the workload patterns. This behavior is 
also beneficial for the request response times whose mean 
value is one order of magnitude shorter than the Average 
Load counterpart. In fact, the slow reactions to workload 
changes of the Average Load policy lead to VM saturation 
conditions, thus resulting in very large response times.

5.2.3  Impact of utilization level

Another set of experiments refers to the evaluation of the 
impact of the VM utilization level set in our policy to trig-
ger scaling actions. To this aim, we simulate the real work-
load varying the utilization levels between 0.5 and 0.95. 
We remark that low VM utilization levels prevent resource 
saturation due to workload prediction errors or sudden 

Table 6  Response time distribution, expressed in milliseconds, as a function of the utilization level
Response time Utilization level

0.50 0.60 0.70 0.80 0.90 0.95
Min 6.3 6.3 6.3 6.3 6.3 6.3
1 st quartile 9.7 9.7 9.7 9.7 9.9 10.4
Median 10.7 10.7 10.7 10.8 11.2 11.8
3rd quartile 11.9 11.9 11.9 11.9 12.4 13.3
90th percentile 12.7 12.7 12.7 12.8 13.4 15.3
95th percentile 13.1 13.1 13.1 13.2 14.1 16.9
99th percentile 13.7 13.7 13.7 13.9 16.3 20.8
99.9th percentile 14.1 14.1 14.3 15.8 20.7 29.1
Max 23.2 30.3 31.8 52.3 101.5 3,127.9

Fig. 9  Number of allocated VMs 
over 24 hours for different values 
of the desired utilization level
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to avoid performance degradation due to premature resource 
deallocations.

To evaluate the proposed auto-scaling framework, we 
developed a simulation environment based on the Cloud-
Sim toolkit. Notably, the extensions mainly refer to an auto-
scaler component that implements the auto-scaling policies 
and a monitoring component responsible of collecting mea-
surements during the simulation.

Results showcased the effectiveness and robustness of 
the proposed framework which properly adjusts the allo-
cated resources to workload patterns, thus preventing over-
load conditions. In particular, the experimental results have 
clearly shown that our policy outperforms the baseline 
policy in terms of total leasing time without affecting the 
request response times. The experiments have also dem-
onstrated that low utilization levels increase leasing times 
without providing any significant benefit to the response 
time.

As future research directions, we will investigate the 
impact of VMs characterized by uncertain performance. In 
fact, the use of virtualization technologies and the co-loca-
tion of heterogeneous workloads often lead to contention 
and performance degradation. To this end, we will model 
VM characteristics as random variables and modify the 
framework and the simulation environment accordingly.

We will also extend our auto-scaling framework to cope 
with the peculiarities of container-based platforms and com-
pare its performance with existing auto-scaling solutions.
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differences becoming larger and larger and reaching 2.6 and 
7.1 ms, that is, 19% and 51.8% larger.

To further analyze the effects of the different utiliza-
tion levels, we plot in Figure 10 the 99th percentile of the 
response time distribution as a function of the VM leasing 
time. The figure confirms that resource over-provisioning 
has positive effects in terms of response time even though 
at the expense of an increased leasing time. On the contrary, 
opposite effects can be detected in case of high utilization 
levels. We also remark that the utilization level equal to 0.8 
represents a good tradeoff between request performance and 
VM “cost”. In fact, it corresponds to the knee of the curve.

In summary, the extensive experiments showcased the 
benefits and robustness of our auto-scaling policy which is 
able to adapt in a timely manner to changes of the work-
load conditions. Moreover, its low overhead makes it a 
lightweight solution particularly suitable in production 
environments.

6  Conclusion

Auto-scaling solutions are of paramount importance to fully 
exploit the elasticity offered by cloud environments. In fact, 
allocating the “right” amount of resources for the incoming 
workload has significant benefits in terms of performance 
and monetary cost.

In this paper we proposed a lightweight, flexible frame-
work for scaling cloud resources in a timely manner. Nota-
bly, to anticipate workload changes, the framework predicts 
the future workloads and the amount of resources necessary 
to cope with these workloads and ensures at the same time 
the desired overall resource utilization level.

We remark that our policy promptly triggers scale out 
actions, whereas it is rather conservative for scale in actions 

Fig. 10  99th percentile of the response time distribution as a function 
of the VM leasing time for different values of the desired utilization 
level
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