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 A B S T R A C T

Context: The increasing environmental impact of Information and Communication Technologies (ICTs), 
particularly the energy consumption associated with serverless applications, necessitates the development 
of methodologies to optimize energy efficiency. This study addresses the need for energy-aware design and 
runtime adaptation in serverless architectures.
Objective: To develop and validate a methodology that integrates energy monitoring into the development and 
runtime management of serverless applications, thereby enabling significant reductions in energy consumption 
while maintaining functionality.
Methods: A new version of FUSPAQ, a framework for the optimization of serverless applications, was 
developed. This version incorporates tools like Kepler for real-time energy monitoring and employs an energy-
aware orchestration mechanism to dynamically select energy-efficient function configurations. Validation was 
conducted through a facial recognition case study and benchmark experiments, comparing energy consumption 
across different scenarios with and without the proposed adaptations.
Results: The enhanced FUSPAQ framework successfully integrated energy consumption metrics into the 
decision-making process for function selection and runtime adaptation. Benchmark tests confirmed the 
scalability of the solution, with energy-efficient outcomes even in complex applications.
Conclusion: The study highlights the potential of integrating energy-aware practices in serverless applications, 
presenting a scalable and practical approach to reducing their environmental footprint. By leveraging tools like 
Kepler and frameworks like FUSPAQ, developers can achieve significant energy savings without compromising 
application performance. This work contributes to the advancement of Green Software Engineering by 
emphasizing runtime energy adaptation in Function-as-a-Service (FaaS) architectures.
. Introduction

Carbon dioxide emissions have increased by more than 60% since 
990, accelerating the greenhouse effect. In the coming years, the Infor-
ation and Communication Technology sector is expected to account 
or 14% due to a proliferation of everyday devices connected to the In-
ernet (e.g., mobile phones, watches, electric meters, etc.) [1]. Although 
oftware systems do not consume energy directly, they affect the energy 
onsumption of the hardware. As a result, a new discipline, Green 
oftware Engineering, has recently emerged [2]. This new discipline 
ims to ensure that software efficiently uses hardware resources to 
inimize environmental impact. Therefore, current methodologies and 
oftware development technologies should be reviewed to produce sus-
ainable software from an energy point of view (Energy-aware Software 
ngineering [3]). The role of a software engineer is crucial because it 
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involves understanding how each design and implementation decision 
impacts the system’s energy consumption. Therefore, when running 
an application, it is important to consider not only non-functional 
requirements such as execution time and latency but also to prioritize 
energy consumption as a critical requirement.

In recent years, driven by the popularity of cloud environments, 
the serverless paradigm, sometimes known as Function as a Service 
(FaaS), has taken centre stage. In these systems, microservices-based 
applications can be scaled simply without a fixed infrastructure and 
with reduced administrative costs. In addition, providers usually offer 
a pay-per-use model, which is more economically beneficial as costs are 
adapted to the needs of each moment. However, due to the high amount 
of microservices composing an application, it is also necessary to con-
sider their behaviour from an energy point of view, studying how the 
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global energy footprint can be reduced. Recently, several works have 
been proposed to address energy consumption in serverless contexts. 
These works mainly focus on modifying the scheduling of orchestrators 
used by serverless frameworks (e.g. Kubernetes), forcing them to place 
or offload some function replicas in edge-based environments [4] or 
postponing the deployment of not-critical functions during the off-
peak time [5]. These approaches require that developers interested 
in reducing the energy footprint of their applications must install 
extended versions of these orchestration and serverless frameworks. 
But, sometimes this is impossible because serverless frameworks are 
typically shared by all applications within an organization, and some 
clients may not prioritize energy savings.

We argue that there are many opportunities for energy savings at 
the serverless application level [6,7], which have not been adequately 
explored by previous works. A Software Architect for serverless applica-
tions can promote the use of more energy-efficient functions whenever 
possible. Suppose that an application needs the exact location of a 
person. Still, several functions differ in accuracy and energy consump-
tion (e.g., GPS, WiFi triangulation or a combination of both methods). 
Those that are most accurate typically consume a lot of energy, but 
not all applications require a high level of accuracy at all times. 
The differences in terms of energy consumption between alternative 
implementation options are sometimes notable, specially in multimedia 
and communication related functions. Thus, a possible environmentally 
friendly design choice could be to select implementations providing the 
same functionality that result in the lowest energy consumption.

To address this issue, we need to compare the resource consump-
tion of several functions. However, it is not enough to compare only 
easily measurable parameters, such as CPU time or execution duration. 
Functions that use fewer CPU resources may still lead to high energy 
consumption. For instance, these functions might have more intensive 
memory usage or may engage the CPU and communications more heav-
ily in certain situations, leading to greater energy consumption during 
idle times. Therefore, it is important to use tools that can accurately 
measure the actual energy consumption of a serverless function within 
a specific infrastructure.

It is possible to use both hardware and software tools to measure 
the energy consumption of a software system. Hardware tools tend 
to be more precise, but they often cannot measure the energy usage 
of a specific software process. This limitation arises because multiple 
processes typically run on the same system, making it challenging to 
obtain reliable measurements unless one process is isolated from the 
others. Over the years, the development of software tools to measure 
software energy consumption has been an active area of research. These 
energy measurement tools mainly use machine learning algorithms to 
estimate energy consumption based on known parameters such as CPU 
usage, memory usage, and other factors at both the application level 
and the process or function level.

Recently, a new group of tools has emerged that leverages hard-
ware components to calculate the energy consumed by software. Most 
of these tools use the RAPL [8] hardware component found in In-
tel or compatible processors developed since 2012. Software energy 
consumption largely depend on hardware, making this approach an 
effective way to seamlessly integrate processor characteristics into a 
software energy measurement tool. In addition, the generated values 
can be exported via monitoring software like Prometheus [9], enabling 
other applications to easily capture and analyse them. Typically, these 
tools offer various metrics that range from energy consumption at the 
host level to consumption at the process level.

The main goal of our work is to reduce the energy consumption of 
serverless applications by means of selecting the most energy-efficient 
function at runtime. We enhance FUSPAQ [10], a solution for the 
optimal deployment of serverless applications dynamically at runtime, 
implemented on top of OpenFaaS [11]. Our starting point was the 
model generation and optimization engine, and we have extended it 
to use energy measurements and self-adapt the system’s behaviour 
2 
Table 1
Energy saving strategies in FaaS.
 Energy saving strategy Approach  
 Integration with the edge [6,18–21]  
 Horizontal scaling [20,22]  
 Vertical scaling [7,23–25]  
 Energy-aware scheduling [6,7,18–21,23,25] 
 Energy saving architectures [26]  

based on them. Initially, we used Scaphandre for monitoring, but now 
we have redesigned it to work with Kepler, a software specifically 
designed for Kubernetes. The architecture has also been restructured 
with components adjusted to a MAPE-K loop architecture to validate it 
as a self-adaptive system. The contribution of this article is twofold. 
Firstly, we present a methodology to measure the energy consumed 
by a serverless application at the function level. We have integrated 
FUSPAQ with energy measurement software tools and developed a 
method to make its information available for a self-adaptation process. 
Our second contribution is an application-level function orchestrator 
that uses energy measurements to adapt an application composed 
of serverless functions, considering the evolution of the application’s 
energy consumption. We specifically extended FUSPAQ [10] for using 
autonomously the energy measurements provided by the first contri-
bution, and also we re-implemented part of this framework to be more 
energy efficient itself. Our approach (i.e., FUSPAQ) uses an application 
model based on BPMN 2.0 and feature models (FMs) [12] to define 
the alternative functions that can compose a serverless application at 
runtime. It employs a Satisfiability Modulo Theories (SMT) solver to 
generate the optimal configurations.

In this paper, we focus on incorporating energy metrics into the 
FUSPAQ process and demonstrate how this information can enable 
the system to self-adapt a serverless application, making it more envi-
ronmentally friendly. We have validated the new version of FUSPAQ 
by means of two illustrative examples, and also have performed a 
benchmark-based validation addressing different possible scenarios. 
The results of these experiments show that our approach can save 
energy from 20% to more than 50% of the application’s energy con-
sumption, excluding the energy consumed by FUSPAQ which is also 
calculated.

The paper is organized as follows: in Section 2, we present some 
related work, in Section 3, we introduce the technologies and tools 
used, OpenFaaS and energy monitoring tools; Section 4 provides a brief 
introduction to FUSPAQ. Section 5 introduces our approach; Section 6 
presents illustrative examples of a facial recognition system and a 
metheorological application, exposing the results to the experiments 
that we have carried out; Section 7 discusses some threats to the va-
lidity of the presented results; and Section 8 presents some conclusions 
to this work.

2. Related work

In contrast to cloud environments or microservices architectures, 
energy efficiency in FaaS architectures is still a challenge. Solutions 
on energy saving for container-based applications like container con-
solidation, dynamic resource allocation, green orchestration, service 
aggregation or container migration cannot be directly applied to FaaS 
or are less effective due to the dynamic and ephemeral nature of this 
technology [13,14]. In addition, in the FaaS model, users and develop-
ment teams do not have control over the infrastructure, which limits 
the options to save energy or other computational resources [5,15,16]. 
There are not many works that actually address the reduction of energy 
consumption in FaaS, some of them are just evaluations [17]. In this 
section, we analyse how the optimization of energy consumption is 
approached in Serverless. Table  1 classifies them according to the 
strategy adopted.
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Integrating FaaS with edge computing can significantly reduce energy 
consumption by bringing functions closer to data sources and final 
users. The FaaS model facilitates function placement on different loca-
tions, such as the edge, but FaaS platforms should consider edge device 
constraints. The integration with the edge to save energy consumption 
has been considered in [6,18–21]. The work presented in [18] studies 
the impact of cold-start techniques on response time and resource 
consumption (i.e., energy consumption) in serverless applications. The 
authors propose to extend serverless platforms to the edge using a two-
layer model to reduce latency and resource consumption. FADE [6] 
is an application decomposition framework into serverless functions 
that consider the edge for deployment. FADE has a model for en-
ergy consumption prediction of functions that permits the prediction 
of the energy consumption of a specific device. Then, the approach 
selects the node with the predicted lowest energy consumption. Sim-
ilarly, FoRLess [19] uses a Deep-Reinforcement-Learning approach to 
select the node to deploy a function that optimizes latency and energy 
consumption. This approach considers the Fog as a target for the 
deployment. EERM [20] includes two mechanisms to optimize energy 
consumption. The approach distributes function execution on different 
edge devices and can turn on and off the nodes available on the system. 
The authors demonstrate a 62.5% of energy saving compared to other 
baselines in a simulated scenario. The work presented in [21] extends 
the Serverledge platform with an energy-aware policy that can offload 
functions to the edge or select the most appropriate variants using a 
trade-off between energy consumption and computation accuracy. The 
key component of their solution is an Energy Manager that monitors 
current energy consumption and availability using RAPL. The limitation 
of this approach is that RAPL accounts for the whole node, while 
Kepler (the tool used by our approach) accounts for specific functions. 
Another common aspect is that the approach can change the deployed 
function at runtime when the battery level of the edge device is lower 
than a threshold. Experiments show that the approach can extend edge 
devices’ life between 40% and 76%.

The horizontal scaling of nodes minimizes idle resources and avoids 
over-provisioning, which are common causes of energy waste in cloud 
environments [27]. Several approaches have adopted this strategy 
in the context of FaaS [20,22]. The work proposed by F. Righetti 
et al. [22] proposes to extend the OpenWhisk by orchestrating and 
consolidating service resources for function invocations while main-
taining QoS. The authors validate the approach with real function call 
traces and show an energy saving of 46% compared to non-customized 
OpenWhisk.

Vertical scaling in FaaS environments reduces energy consumption 
by optimizing resource allocation for individual functions [7,23–25]. 
Examples of optimized resources are CPU frequency, memory allocation 
or bandwidth. Energy Efficient Scheduler [7] uses Dynamic Voltage 
and Frequency Scaling (DVFS), a power management technique used in 
modern processors to optimize performance while minimizing power 
consumption. DVFS adjusts the voltage and clock frequency of the 
processor dynamically depending on the workload demand at any given 
moment. Energy Efficient Scheduler selects the most energy-efficient 
node that makes it possible to meet the performance requirements. 
EcoFaaS [23] is an energy management framework that uses a sim-
ilar approach, but it defines pools of processors working in nodes 
with different CPU frequencies. The framework assigns the serverless 
function to the one that allows the function to meet a service-level 
objective defined by the user using the minimum possible CPU fre-
quency. Compared to state-of-the-art systems, EcoFaaS reduces the total 
energy consumption of serverless clusters by 42% while simultaneously 
decreasing the tail latency by 34.8%. RAEF [24] is a function-level 
runtime system that manages the resource allocation of functions. After 
a careful analysis of energy consumption in Serverless, the authors 
coined energy fungibility, which considers that a configuration of dif-
ferent parameters of nodes can achieve similar performance, reducing 
energy consumption. Experiments demonstrate that RAEF can reduce 
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the energy consumption of the same function by 21.2% compared to 
state-of-the-art techniques while guaranteeing the service level agree-
ment of the functions’ 99th percentile latency. Enex [25] is an online 
scheduler designed to minimize energy consumption while meeting 
deadlines. Enex spreads computational loads over time, maintaining a 
constant processing frequency between deadlines. This mechanism re-
duces peak energy consumption compared to other execution strategies. 
In addition, it can reduce CPU frequency via DFVS at runtime to reduce 
energy consumption. The authors compare the energy consumption and 
latency of Enex to that of Fixed Scheduler and AdaptAvg. Enex achieves 
a lower energy consumption in all experiments with a minor increase 
in latency.

Energy-aware scheduling in FaaS involves optimizing the execution 
of functions in specific nodes to minimize energy consumption. This 
technique is present to some extent in most approaches and is behind 
function allocation in the edge. The work presented in [28] focuses 
solely on this optimization technique. It proposes an extension of the 
Kubernetes Scheduler that uses machine learning to predict the energy 
consumption of pods. The authors evaluate the approach in OpenFaaS, 
obtaining an overall energy reduction of 8%.

Regarding architectural solution to save energy, MicroFaas [26] 
is an alternate architecture for energy efficiency. This architecture 
is based on a cluster of single-board computers that act as single-
tenant worker nodes with highly reproducible and virtualisation-free 
execution environments. The authors demonstrate with a prototype that 
they can increase a factor 5.6 in the energy efficiency of FaaS functions.

The presented self-adaptation approaches for energy-saving in FaaS 
have a focus on the node in common. The general idea is to select 
the node where the function consumes less energy. To do so, you 
can predict the function energy consumption or customize the node 
to consume the least energy possible while meeting other application 
requirements. The work presented here focuses on the functions and 
the applications that they made up. In a few words, we control the 
function energy consumption at runtime and replace it with another 
if its consumption is very high. So, it can be easily combined with 
self-adaptive approaches or even architectural ones.

In conclusion, we did not identify any other works that addressed 
the orchestration of functions in a FaaS application at runtime by 
selecting those that consumed the least resources. The most similar 
work to the one presented here is [21]. As mentioned, this solution 
can change functions at runtime, replacing them with less energy-
consuming variants using a trade-off with other qualities. They replace 
these when the edge device battery is lower than a threshold. So, 
the trigger of the replacement is the node’s state, not the function’s 
behaviour. In the context of carbo-aware services, approaches [29,
30] follow a similar approach. Most solutions focus on optimizing 
resource allocation and energy-aware container placement, but this 
decision is taken with information about function behaviour before 
the deployment. They do not control the energy function at runtime 
or update the data about its energy consumption for future decisions. 
The work presented here exploits the knowledge about the energy 
consumption of serverless functions to dynamically select or replace 
with the most energy-efficient option for performing a specific task 
using the information at runtime.

3. Background

3.1. OpenFaaS

OpenFaaS is a serverless framework that provides a FaaS service. 
It is often used in cloud computing but can also be deployed in 
other environments like the Edge. In a FaaS system, applications use 
serverless functions managed by the framework, which is responsible 
for their deployment and management. These environments, therefore, 
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allow us to build applications based on microservices in a simple way, 
providing high scalability and low management costs.

OpenFaaS allows functions to be defined using multiple languages, 
which are then deployed in Docker containers and orchestrated by Ku-
bernetes. The framework provides an environment in which serverless 
functions can be defined and subsequently invoked by applications. 
In addition, it monitors the functions during their execution, sending 
data to Prometheus continuously to scale the functions if necessary, 
generating replicas of these and distributing calls between them.

When choosing the framework, our main requirement was that 
it be free to use. Although OpenFaaS has a paid version, the basic 
features are included in a free version. The source code of the free 
version is available and can be configured to suit the needs of a specific 
application. This feature makes OpenFaaS a suitable environment for 
testing using our infrastructure. In the context of energy consumption 
measurement, as the work presented here, this feature is essential 
because energy data is provided by a hardware sensor that we could not 
access if we use a private infrastructure. Furthermore, OpenFaaS is an 
energy-efficient framework [17], making it interesting in this context.

We also evaluate the advantages of this framework over other 
widely used free frameworks, such as OpenWhisk, Knative and Kube-
less [31]. Its Docker-friendly design facilitates deployment in multiple 
environments, whether in Kubernetes or Docker Swarm, reducing ven-
dor lock-in and improving mobility between platforms [32]. OpenFaaS 
also stands out for its simplicity and ease of configuration, allowing 
for a fast learning curve compared to more complex options such as 
Knative and OpenWhisk [33,34].

OpenFaaS allows for fine-grained scaling control thanks to its inte-
gration with Prometheus for metrics, allowing for performance and re-
source tuning in a more accessible way than in Knative or OpenWhisk, 
which often require advanced configurations in Kubernetes [34,35]. 
Furthermore, the OpenFaaS community is active and well documented, 
making it easy to adopt and support, outperforming Kubeless and 
providing a more accessible experience than Knative and OpenWhisk, 
which are geared towards complex enterprise environments [36].

The OpenFaaS architecture is made up of several services that are 
deployed using Kubernetes, which is the orchestrator that is also used to 
deploy serverless functions in the infrastructure. On the one hand, the 
Gateway component provides an interface between the applications and 
the framework, responsible for processing requests for serverless func-
tions that are deployed in containers in the infrastructure. To do this, 
it uses the services provided by Kubernetes. The Gateway’s operation is 
not limited to redirecting requests to the container associated with the 
function, but rather it maintains control of the replicas that have been 
deployed of each function and routes the requests to them. On the other 
hand, it has an element that controls the scaling of functions. This is 
the AlertManager component, which processes data about requests to 
serverless functions and decides when to create new replicas or destroy 
existing ones. This data it uses comes from the constant monitoring that 
Kubernetes performs on the containers and, therefore, on the deployed 
functions. To do this, Prometheus is used, a system that collects metrics 
and has a powerful query language that allows large amounts of data 
to be processed in a simple way.

3.2. Energy monitoring tools

In order to self-adapt a serverless application with the goal of 
reducing its energy footprint, we need to use a software energy mea-
surement tool. We have tried two of these tools: Scaphandre [37] 
and Kepler [38]. Both of them use the Intel Running Average Power 
Limit (RAPL), a well-known tool that provides energy measurements. 
Initially, we used Scaphandre
4 
3.2.1. RAPL
Most of energy measurement tools rely on RAPL (Running Average 

Power Limit), a feature designed to monitor and control the power 
consumption of the CPU and other components on the processor pack-
age. RAPL can be found in modern computer processors, particularly in 
Intel and AMD processors with x86 architecture. The main functionality 
of RAPL is the continuous measurement of the power consumption 
of various components, including the CPU cores, integrated GPUs, 
and memory controller. In addition, RAPL provides mechanisms to 
control the power consumption of these components by setting power 
limits. These power limits determine the maximum amount of power 
each component can consume under normal operation, and they can 
be adjusted dynamically based on system requirements and thermal 
conditions. As RAPL reports accumulated energy consumption, it can 
be used by software tools to obtain the energy consumption of the host, 
applications or even processes running in a machine. Because of that, it 
is the method used by most of the software energy measurement tools.

3.2.2. Scaphandre
Scaphandre is a measurement open-source energy consumption tool 

founded by Benoit Petit in October 2020. Scaphandre is implemented in 
Rust and works with bare metal server providing a kernel with RAPL 
support. Scaphandre monitoring agent provides power metrics at the 
host, socket and process level. It also can be integrated in Kubernetes, 
in which case containers running on a node are considered processes to 
measure. The raw metric collected by Scaphandre includes the PID of 
the container and if the application is deployed in multiple containers 
is common to add the pod name and namespace each container be-
longs to. Scaphandre is usually used with Prometheus monitoring tool, 
which displays the power metrics collected by Scaphandre. Although, 
Scaphandre looks as a good alternative tool to monitoring energy 
consumption of software processes, it has many limitations that we will 
discuss later.

3.2.3. Kepler
Kepler is an open-source energy monitoring tool developed by IBM 

as part of the Cloud Native Computing Foundation (CNCF). It can 
collect real-time power consumption and export this information to 
other applications. It can be used to monitor different elements of the 
microservice architecture, like the host or even the containers. This is 
very interesting for our purposes because every function that can be 
executed in a serverless environment is associated with a container. 
Furthermore, unlike other tools of this type, Kepler is specifically 
focused on the Kubernetes environment, which fits perfectly with our 
system, since OpenFaaS uses it as the orchestrator of the serverless 
functions.

Using RAPL data to calculate the energy of the different executed 
processes is not easy because it only measures total energy consumption 
related to some of a computer’s components. That is why Kepler needs 
to collect data from CPU, like the number of instructions executed or 
the number of cycles used, to estimate the consumption of specific 
processes. To do this, Kepler uses eBPF, a technology that allows you 
to run custom programs within the Linux kernel safely and efficiently, 
without having to modify the kernel itself or reboot the system. To 
perform the measurements, it uses kprobes, a debugging mechanism 
that enables to dynamically collect debugging or performance infor-
mation while the system is running. Kprobes are integrated with eBPF 
allowing to execute code when they are activated, so they can be 
used to capture detailed data of the software that is being executed. 
Kepler combine these data with the information provided by RAPL to 
calculate the energy consumed by processes. In addition, Kepler has the 
ability to make power consumption estimates in case there is no energy 
measurement hardware available, although for our system we will only 
work with direct real-time system power measurements.
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Fig. 1. The FUSPAQ approach.
4. FUSPAQ

As we stated in the introduction, the work presented here is based 
on FUSPAQ [10], a solution for optimizing serverless functions that 
uses models at runtime. This solution is based on a preliminary work
[39] that proposed a Software Product Line (SPL) approach to select the 
best serverless functions to deploy, considering any service parameter 
quality. In contrast, FUSPAQ follows a runtime approach based on 
Dynamic SPL (DSPL) [40] that exploits alternate implementations and 
configurations of the activities that make up the serverless app.

Our approach comprises two phases: design and runtime (see
Fig.  1). The first step at design time is to model the serverless ap-
plication using a BPMN 2.0 model. BPMN models comprise activities 
and gateways representing the application’s decision points. This model 
should be transformed to be used at runtime by FUSPAQ. So, we 
automatically generate a feature model of the app from this BPMN 
model. The activities are transformed in the features of the feature 
model, and the relationships between activities are transformed into 
relationships between features. More details of the process are given 
in [39].

The optimization of the serverless app occurs at runtime when the 
application is deployed or when the application requests a change in 
some quality of service value. This optimization process exploits alter-
nate implementations for activities in the form of serverless functions 
and configuration options. So, FUSPAQ needs information about the 
serverless functions that can implement the activities that comprise the 
app. Developers introduce this information in the Function Knowledge 
Base that generates feature models with the alternate implementations 
of each activity. These models consist of a feature representing the 
activity, with children for each implemented alternative. At this point, 
we have several models that are combined using Software Product Lines 
refactoring techniques [41] to generate the App Model.

As we stated, the Function Knowledge Base includes information 
about the functions that can perform activities, but it has additional 
information for the optimization process. First, it contains information 
about the quality of service parameters of each of the functions, that is, 
5 
execution times, latencies, etc. In addition, for each function, the possi-
ble configurations under which they can be executed are also included 
since they constitute an additional source of variability. For example, if 
a function performs a specific image processing, it is not the same if it 
works with one resolution or another. It is essential to remember that 
the optimization process does not choose functions solely based on their 
energy consumption. Our system performs an optimization process 
on the application model in which we have information about each 
function’s energy consumption and other aspects such as execution time 
or user experience. In this way, the system does not choose functions 
solely based on their energy consumption, which would effectively 
always result in selecting the lowest-consumption versions, neglecting 
other important aspects such as quality of experience. Instead, our 
system integrates all these variables into the model and optimizes it 
based on the specified parameters (i.e., QoS values). The optimization 
process uses the generated feature models and parameters stored in the 
Function Knowledge Base (the K of the MAPE-K loop). The Z3 solver 
uses all this information and QoS constraints to generate the system’s 
optimal configuration. This process makes a tradeoff between all the 
optimization variables, as presented in [10].

FUSPAQ is the intermediate between the Serverless App and the FaaS 
Framework at runtime. The component in charge of the communication 
between these three is the Request Processor that uses REST. REST 
makes the natural integration of FUSPAQ with FaaS platforms possible 
because they are commonly used to call serverless functions. FUSPAQ 
receives two kinds of requests: the regular call of a serverless function, 
which is forwarded to the FaaS framework, or the adaptation of the 
application to meet a QoS. In this last scenario, the Z3 solver uses the
App model and the information contained in the Function Knowledge Base
to generate an optimal configuration of the Serverless App that meets 
the QoS requested. Then, the Request Processor sends the request to the 
FaaS platform that instantiates the functions deployed in containers in 
the nodes that are considered suitable.
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5. Energy-driven self-adaptation for FUSPAQ

The previous version of FUSPAQ optimizes serverless apps when 
requested. In this contribution, we present a new version of FUS-
PAQ1 (see Fig.  2) that can analyse the state of the serverless app 
and autonomously configure it at runtime. Specifically, we focus on 
self-adaptation to optimize energy consumption. Here, the challenge 
is twofold: firstly, we need to measure the energy consumption of 
serverless functions, and secondly, we have to devise an approach to 
use effectively this energy measurement for the self-adaptation of the 
app. So, we have evolved FUSPAQ with new components: the Energy 
Consumption Monitor and the Energy Consumption Analyser. With these 
two components, we complete the classical MAPE-k loop of the auto-
nomic computing approaches [42]. Our planner is the Z3 Solver, the 
executor is OpenFaaS, and the knowledge is composed of the Function 
Knowledge Base and the App Model.

5.1. Energy consumption monitoring

To make possible the work of the Energy Consumption Monitor, we 
have integrated FUSPAQ with OpenFaaS, a serverless framework, and 
Kepler, a tool to measure energy in containerized applications.

In a previous work [43], we opted for Scaphandre because it in-
troduces less overhead than other similar tools that can work at the 
process level, like PowerAPI [44]. Finally, we decided to use Ke-
pler [38], a more recent and powerful tool that is better suited to our 
system and provides more accurate results.

The reasons for discarding Scaphandre are as follows. When study-
ing the system’s overall energy consumption, we observed that Scaph
andre underestimates the functions’ consumption since their aggregate 
energy consumption is lower than the total. It must be said that the 
node consumption will always be lower than the aggregate of the 
serverless functions since it executes other operating system processes 
and the OpenFaaS core itself, as well as Prometheus. However, the 
values obtained by Scaphandre for the containers are too low compared 
to those of other tools such as Kepler. We have also verified it through 
a comparative study of the work of Scaphandre and Kepler for multi-
media serverless applications, as a part of a master thesis [45]. For this 
reason, we decided to work with Kepler. One of its advantages is that 
it works with energy values, which we use to compare functions. In 
addition, the RAPL registers store accumulated energy, thus avoiding 
unnecessary conversions. Furthermore, the fact that it is specifically 
designed to work with Kubernetes translates, in our experience, into 
more accurate results for the reasons mentioned above.

OpenFaaS deploys Docker2 containers for each function and orches-
trates them using Kubernetes.3 Therefore, to determine the consump-
tion of the serverless functions, we must know the consumption of the 
associated containers. Kepler can obtain measurements per container, 
allowing us to get the consumption of serverless functions. Each replica 
has an associated container corresponding to a running process on the 
node.

Kepler provides a Prometheus4 exporter, so we can use this tool 
to store and monitor energy measurements. Prometheus is a powerful 
software used extensively for containerized applications and is also 
used by OpenFaaS. We use the same instance of Prometheus deployed 
by OpenFaas to avoid the consumption of unnecessary energy. We 
configure Kepler to serve the data to it. To do this, we custom-installed 
OpenFaaS, setting Kepler as an additional data source.

The Energy Consumption Monitor procedure is as follows. Firstly, it 
obtains the identifier of a container associated with the function of 

1 Source code available at https://github.com/pserranouma/fuspaq/tree/
v3.

2 https://www.docker.com/.
3 https://kubernetes.io/.
4 https://prometheus.io/.
6 
interest to us by querying Kubernetes. This is necessary since, although 
Kepler allows us to search for functions by name, there may be different 
containers, active or not, associated with the same function. This 
procedure must be repeated for each container associated with each 
function replica. Adding the energy consumption of all the replicas, the
Energy Consumption Monitor obtains the consumption of the function. 
More details of this procedure are given in [43]. To make the work of 
FUSPAQ more efficient, Energy Consumption Monitor is not continuously 
monitoring the functions, it only takes the energy consumption after 
each call to a function by the serverless application.

We aim to obtain stable energy values that allow us to know in real-
time if one function consumes more energy than another. However, the 
energy data we obtain from the monitoring are variable. Obviously, 
if we carry out measurements for a long time, like hours or days, 
we can obtain more precise values, but this would not help us to 
compare consumption in real-time. Therefore, the data provided by 
Kepler cannot be used directly for energy consumption measurement 
in the context of self-adaptation. So, we opted to use the mean value of 
the measurements. Since power consumption can vary over time, the 
way to achieve this is by calculating the moving average. This data 
is obtained using energy values returned by kepler_container_joules_total. 
We calculate the total energy increase in that period and divide it by 
the number of function executions during that interval (this information 
is provided by OpenFaaS via Prometheus), estimating the individual 
average consumption of a function. In reality, the consumption value 
we obtain is not exactly the consumption of the function since we 
would have to subtract what the container has consumed. However, 
our interest is not to calculate the precise data of the energy consumed 
by every function, that is, the consumption of the code executed by the 
function, but rather to compare the differences in system consumption 
produced by the execution of the functions, so we will directly use this 
data that we have obtained about consumption.

Since we want to obtain lines that are as little variable as possible, 
we thought about calculating trend lines. One method often used in 
financial analysis to calculate stock quote trends is the double-moving 
average method. Applying this method, we can improve the variability 
of the energy measurements compared to the average data using the 
same amount of time. Then, if we use a second moving average to 
the average data of 5 min, we consume 10 min, but we improve the 
data obtained for the 10 min moving average. In our experiments with 
Scaphandre, we reduced the variability of energy measurements to 
close to 26% using this method with 5 min intervals. More details of 
these experiments can be found in [43].

The variability of the energy values obtained by Kepler is lower 
than that obtained by transforming the power values provided by 
Scaphandre. By calculating the moving average in 1 min periods for the 
same set of functions used in the mentioned tests, we get variations of 
less than 15%. In addition, we significantly reduce the time required 
for data smoothing compared to that mentioned for Scaphandre.

As explained above, we can further smooth out the energy curve 
by calculating a second average over the estimated energy values, 
which will help us to avoid overlapping consumption measurements for 
different functions without significant differences in their consumption. 
To do this, we calculate the accumulated energy after some time and 
divide it by the number of executions in that period. In our experiments, 
we have used a period of 1 min, obtaining very stable curves with low 
variation as mentioned above (see Fig.  3). At this point, we obtain the 
energy consumed by each of the functions at each instant, with which 
we would be able to compare them with each other.

5.2. Energy Consumption Analyser

The Energy Consumption Analyser uses the information about the en-
ergy consumption of the functions stored in the Function Knowledge Base
and Event Condition Action (ECA) policies to request to the Z3 solver
a new configuration of the Serverless App. The main challenge of the 

https://github.com/pserranouma/fuspaq/tree/v3
https://github.com/pserranouma/fuspaq/tree/v3
https://www.docker.com/
https://kubernetes.io/
https://prometheus.io/
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Fig. 2. FUSPAQ for self-adaptation driven by energy.
analyser component is to detect when it is necessary to self-adapt the 
system. As we stated, after several experiments, we observed significant 
variability in the energy measurements. These fluctuations can cause 
unnecessary application adaptations. Therefore, it is necessary to act 
on the data itself and on how the self-adaptation process is triggered. 
To face this challenge, we process the data provided by Kepler and use 
a particular type of ECA policy to trigger the self-adaptation process.

One of the challenges of using averages for self-adaptation is that 
the data will not be sufficiently representative until we have enough 
samples. Therefore, we consider a setup time during which we do not 
perform system reconfiguration operations. This setup time limits the 
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reaction time of FUSPAQ to changes but prevents continuous, unneces-
sary changes from occurring. If you want to optimize other quality of 
the system like execution times, this procedure could be unacceptable. 
Still, ensuring that the system adapts better is more convenient when 
the objective is to save energy. Therefore, a setup time of 1 min seems 
quite acceptable to us. After that setup time, the Energy Consumption 
Analyser can start working. At runtime, the Energy Consumption Monitor
notifies the Energy Consumption Analyser that there is new information 
about the energy consumption of any function. In this way, this compo-
nent only works when it is necessary. In any case, to avoid the initial 
setup time, the repository may contain information about the values 
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Fig. 3. Experiments on moving averages for energy data obtained from monitoring.
Fig. 4. BPMN 2.0 model of the face recognition application.
measured in previous executions or tests of the functions to compare 
the consumption of the different implementations.

The Energy Consumption Analyser uses ECA policies with thresholds. 
The component launches the reconfiguration process when the energy 
consumption of a function is higher or lower than the threshold. The 
issue is the behaviour of a function is so unpredictable that it is tough to 
set the threshold for self-adaptation at design time. One simplification 
we have made is using percentages instead of absolute values. However, 
even choosing a percentage poses challenges because the variability in 
energy consumption can differ from one function to another, as we have 
check in our previous experiments [43]. So, we decided to compute 
this threshold at runtime, considering the information on the energy 
consumption of the functions. To calculate these variable thresholds, 
we use the same periods as for moving averages; we calculate the 
average, the maximum and minimum values, and we find the maximum 
percentage of variation between the average value and said extremes. 
We consider the greatest of these two results and set the threshold, 
adding a certain margin. Every time we update the energy values 
associated with a function, we will also update the considered threshold 
for that function.

6. Validation

To test the feasibility of our approach, we use as illustrative exam-
ples, an application for face detection and a second one for obtaining 
and processing meteorological data. In addition, we have conducted 
a benchmark analysis of FUSPAQ’s scalability regarding energy con-
sumption, savings, and the time needed for the optimization process. 
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The goal of these experiments is to show the benefits in terms of 
the reduction of energy consumption. In addition, we test the energy 
consumption of self-adaptive FUSPAQ.

6.1. Illustrative example 1

The application for face detection (see Fig.  4) analyses images taken 
by a camera and looks for significant changes. If they occur, it considers 
that a movement has occurred and will go to a face detection stage. In 
this way, the system only performs detection tasks when it is needed, 
and it can save computational resources. After detecting faces, the 
system will have obtained a series of rectangular areas in which it has 
detected a face. The next step is to extract patterns from each area and 
then search a database for the most probable identities. Finally, the 
recognition results will be shown on the screen. In parallel, the image 
is drawn, and rectangles are drawn on each detected area to highlight 
faces in the image.

Following the procedure described in Section 4, we have imple-
mented this application using serverless functions for each task. The 
general idea is to have alternate implementations with different con-
figuration options to exploit them to self-adapt the application. All 
this variability is modelled in several variability models (see Fig.  5) 
that FUSPAQ refactors and joints with the BPMN model to create the 
DSPL that uses the Z3 solver to generate the optimal configurations. 
We can see that the operations that are carried out successively in 
the workflow appear grouped by tasks. In this way, Detection is a task 
composed of the operations Movement Detection and Face Detection,
Processing is composed of the subtasks Identify and Draw , and, in turn, 
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Fig. 5. Variability models for the face recognition application.
the Identify task performs the operations Search Database, where we 
have the registered patterns of the faces, and Get Identity, which extracts 
data from the detected face and compares it with the stored data. For 
these tasks, we use Python’s Torch library. For its part, the task Draw
is made up of the operations Draw Rectangles and Draw Image. Each 
of these relationships is reflected in the corresponding feature model. 
Finally, the rest of the feature models refer to possible configurations 
of some functions. For example, motion detection can be done using 
different frames per second. This will increase the energy needed, but 
may also decrease the quality of the user experience.

Our experiments focus on the energy consumption of the face 
detection task. We have used two different implementations that are 
available in the OpenFaaS store for this purpose. The first imple-
mentation of the face recognition function uses the OpenCV library, 
which is widely known and used for image processing. The second 
uses Pigo, a Go-based library specialized in functionality related to 
facial recognition. We have studied the power consumption of these 
functions and computed the average and the double average (see Fig. 
3). Our experiments show that the Pigo version is more energy-efficient 
than the OpenCV version (see Fig.  6). The two functions do not have 
to behave the same in all aspects. For example, their success rate 
in certain conditions may differ. Therefore, each function may have 
associated energy consumption and other quality of service parameters, 
which we consider when selecting the best function to meet the system 
requirements. However, to verify the operation of our case study, we 
focus on energy consumption. We store data for all features used in 
our function knowledge base, including the consumption of the two 
alternative implementations of the face detection function. We have 
previously carried out these measurements on the same machine and 
under the same conditions. These values are only initially necessary 
so that our system can compare and use both functions to optimize the 
serverless application. As mentioned, other factors related to the quality 
of service also intervene in this process, so the optimization result is not 
reduced to choosing the functions with the lowest energy consumption. 
To properly compare those stored values, given that consumption is 
variable over time, we decided to store the average values over a 
sufficiently long period, in this case, one hour.

6.2. Illustrative example 2

In this second case, we have chosen a more complex and real ap-
plication based on collecting and processing meteorological data using 
machine learning techniques. The application, whose BPMN diagram 
is shown in Fig.  7, consists of two distinct parts. On the one hand, it 
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displays photos that users upload to a database. The system obtains the 
coordinates of the user’s location (GetLocation) and searches for loca-
tions close to it within a radius entered by the user (GetNearLocations). 
After this, it obtains a list of the images users have uploaded in those 
areas (GetImages). Finally, it selects several random pictures and shows 
them to the user (RenderImages). On the other hand, the application 
collects data to make a prediction and display it alongside a map of 
the area. The application can obtain the data in two different ways. 
One is based on an external service that uses data from sensors that 
users enter into the system (GetSensorData), and another in which we 
obtain the data (GetModelData) and process it using different machine 
learning techniques (ProcessModel). Finally, we render a map of the area 
and overlay the prediction made (RenderMap).

For this example, we have increased the number of available im-
plementations with different energy consumption. Specifically, for the 
data processing function, we have three alternatives: one that uses 
linear regression, another that uses random forests, and the last one 
uses neural networks. We have also considered alternatives for the map 
rendering function. We have used two techniques: the first one using 
Python’s Folium API and the second one generating the map from a 
static image. In Fig.  8, we can observe the energy consumption of the 
different implementations of both ProcessModel and RenderMap.

When measuring the energy of the ProcessModel function, our exper-
iments show that the implementation that consumes the most energy is 
the one that uses the neural network, which has an average consump-
tion of around 0.73 J. The one that uses random forest consumes about 
0.51 J, and the one that performs linear regression, around 0.43 J, as 
can be seen in Fig.  13(a). Obviously, the accuracy of the results will 
not be the same, nor will the time spent, which could influence the 
user experience. Therefore, it is possible to adjust this parameter in the
Function Knowledge Base so that it is taken into account when our system 
carries out the optimization process. If we consider a scale of 1 to 10 for 
the user experience, we could assign, for example, a value of 6 for the 
implementation based on linear regression, 8 for the neural network, 
and 9 for the random forest. By telling FUSPAQ to optimize not only by 
trying to minimize the energy consumed but also by trying to maximize 
the user experience, it will carry out a multi-objective optimization 
process taking both parameters into account. Regarding the RenderMap
function, the differences in energy consumption are greater, with the 
version that generates the map from a static image being the most 
efficient (see Fig.  13(b)). However, it is important to keep in mind that 
downloading it also generates energy consumption in an external server 
that is not quantifiable in our system, so the actual total energy savings 
would not be so high.
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Fig. 6. Evolution of the energy consumption per execution of the face detection function using OpenCV and Pigo versions.
Fig. 7. BPMN 2.0 model of the meteorological application.
Model processing functions make predictions based on previously 
trained models. However, we have also measured the power consump-
tion of these training processes. In this case, the differences between 
functions are very significant. The implementation of neural networks 
has the highest consumption (around 11.5 J). Random forest con-
sumption was around 3 J, and with linear regression, the measured 
consumption was 0.5 J. Therefore, if our system performed this type 
of processing in real time, the savings would be even greater by 
choosing simpler models. However, since models are typically trained 
initially rather than continuously, we have conducted the following 
experiments, considering only the prediction process.

6.3. Experiments with the illustrative examples

The experiments presented here aim to verify the self-adaptation 
capabilities of FUSPAQ. We compare the energy consumption of the 
applications in three scenarios. The first one is designed to compare 
the energy consumed by the optimal and non-optimal configuration, 
that is, without performing self-adaptation. The second one is with self-
adaptation and initial information about the energy consumption of 
the functions, and the third one is with self-adaptation and without 
the initial information. We have measured the energy consumption 
in these three scenarios for 5000 executions of the application and 
compared them. Because the execution times of the different imple-
mentations considered could be different, to compare the results we 
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have performed a certain number of executions instead of running 
the application for the same period of time. We have chosen 5000, 
since it results in a sufficiently high execution period of more than 
1 h. Also, to recreate a more realistic environment, we have used 10 
concurrent requests. To carry out the experiments, we used Kepler 
v0.7.11, OpenFaaS v0.27.12, and FUSPAQ, which is programmed using 
Python 3 and C. PCs with different specifications have been used as 
hardware: Intel i5-7400, 3.00 GHz, 24 GiB of RAM, and Intel Core Ultra 
7 155H, 3.80 GHz, 32 GiB of RAM.

6.3.1. Experiment 1
As we stated in Section 4, the first version of FUSPAQ selected 

an optimal configuration for the Serverless Application at deployment 
or under request, taking into account the information contained in 
the app model and some quality information. For the first illustrative 
example, as the Pigo version of the face detection function is the more 
energy efficient according to our stored data, this is the one selected 
by FUSPAQ. In any case, to have a baseline, we also measured the 
energy consumption of the OpenCV version. Comparing both results, 
the energy consumption of the application using the Pigo version of 
the face detection function is clearly lower, about 45.3%.

Considering the second illustrative example, the differences are 
more significant for the model processing function. The energy savings 
of the application when choosing the neural network version of Pro-
cessModel instead of the random forest version is approximately 8.1%, 
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Fig. 8. Evolution of the energy consumption per execution of model processing and map rendering functions.
and with linear regression it is approximately 9.5%. If we also con-
sider alternatives for the second function mentioned, i.e., RenderMap, 
when the most energy efficient version is selected, energy savings 
are of 26.8% for neural network and 28.8% for linear regression. 
As mentioned above, considering quality of service parameters, such 
as user experience, is common, which means that FUSPAQ does not 
always choose the most energy-efficient versions. Therefore, these are 
maximum savings values and do not necessarily coincide with the 
actual savings values during the application execution in a produc-
tion environment. However, this does not mean FUSPAQ would never 
choose the linear regression version. Since our system is configurable in 
real time, it would be possible, for example, to reduce user experience 
requirements at times when energy is more expensive.

6.3.2. Experiment 2
In the second experiment, we deploy the same applications with 

self-adaptive FUSPAQ. For the first application, at deployment, the 
optimal configuration is to use the Pigo version. However, this function 
worsens its behaviour from an energy point of view after a while. 
When the system detects this situation, it will launch a reconfigura-
tion process. As the measured values exceed those of the alternative 
implementation, FUSPAQ generates a new configuration that, in this 
case, chooses the OpenCV implementation for the operation of face 
detection. We can verify that the system behaves as expected. As shown 
in Fig.  9, after a stable start, the selected function for performing face 
detection increases its energy consumption, causing the energy con-
sumed by the application to increase significantly. When this exceeds 
a certain threshold, the alternative implementation is chosen when 
reconfiguring, which causes the abrupt drop that can be seen in the 
figure. To measure the impact of this reconfiguration from an energy 
point of view, we have also simulated a situation in which the system 
does not use Self-Adaptive FUSPAQ, consuming the high energy level 
reached by the function whose behaviour has changed. The result is 
also shown in Fig.  9.

A function’s energy behaviour worsening at runtime is possible 
due to various factors. For example, it may be caused by problems 
in accessing files, databases, or network access. These situations can 
occur when several applications simultaneously use these elements or 
when the number of replicas of the same function increases, and they 
compete for the same resources. It is even possible that some functions 
behave worse if executed on less appropriate hardware, such as those 
that use the GPU intensively and are forced to use the CPU if they do 
not have sufficient GPU capacity. In our case, to simulate this variation 
in the function’s behaviour in our experiment, we have reproduced a 
situation in which it was necessary to repeat network access operations 
frequently. Energy consumption measurements for 5000 executions are 
74 kJ in case of self-adaptation and 79 kJ in case self-adaptation had 
not been carried out, approximately 6.8% more.
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For our second application, we have generated new versions of Pro-
cessModel that perform both the prediction and pre-training processes 
if the server where the model data is stored is unavailable. As we 
mentioned at the beginning of this section, training is expensive and is 
not usually done in real time. In this way, we can force an apparent 
worsening of the function’s energy performance. It so happens that, 
although the neural network consumes less in its prediction than the 
random forest, its training is considerably more energy-intensive, as 
detailed in Section 6.2. In Fig.  10, we can observe that at the begin-
ning energy consumption is low because our system is executing the 
application using the neural network version of ProcessModel function, 
but a certain point (when we disconnect the server with the trained 
models), there is a notable worsening of that function that was being 
executed (the implementation of the neural network). However, since 
the random forest performs better during training, it will be the one 
selected by the system when it is reconfigured, reducing the energy 
consumed, which is higher than when trained models where used, but 
much lower than before reconfiguration.

6.3.3. Experiment 3
Our third experiment focuses on the work of FUSPAQ when it does 

not have initial values on energy consumption. Initial measurements 
are convenient because the system can generate an optimal initial 
configuration, but since the system has self-adaptive capabilities, it 
is unnecessary. Therefore, you can run the system starting from zero 
values and wait a while for it to store the values measured during 
that time. As we consider a setup time, as soon as it finishes, the 
functions will take the values measured so far, which will already be 
stable. Each operation with different associated functions will update 
its data each new setup time since a value of 0 in energy will cause each 
implementation to be chosen successively after the respective setup 
times. This approach is also advantageous over isolated measurements 
since the values are initialized considering the specific infrastructure 
conditions on which the application is deployed. The drawback is that 
a global setup time is required equal to the maximum number of 
alternatives times the setup time. If the system chooses an expensive 
function in terms of energy consumption, it returns to the best one after 
a new setup time. However, since it is enough to do it once, it is better 
than having to perform measurements for each implementation one by 
one separately. In Fig.  11, we can check the results of an execution 
without previously stored energy values.

As we can observe in Fig.  11, the system had opted for the first 
stored implementation of the face detection operation because it has 
no values to compare with, and which, in this case, is the least energy 
efficient, the OpenCV version, so the system is consuming around 15 
J per execution of the application. This selection is not a problem 
since after the setup time, the system chooses the most appropriate 
alternative in terms of energy consumption, i.e., Pigo, decreasing en-
ergy consumption immediately. After a new setup interval for the face 
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Fig. 9. Energy consumption of the Face Recognition Application with and without self-adaptation.
Fig. 10. Energy consumption of the Meteorological Application with self-adaptation.
Fig. 11. Evolution of the Face Recognition Application energy consumption, when there is not initial information at disposal.
detection task, the system assigns the measured energy value to this 
selected Pigo implementation, so from that moment, none of the energy 
values associated in the repository with the functions that perform 
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that operation remains at zero. However, as it is lower than that 
previously obtained for OpenCV, the reconfiguration process is not 
launched, and there is no change in the selected implementation, so the 
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Fig. 12. Evolution of the Meteorological Application energy consumption, when there is not initial information at disposal.
measured energy values remain stable (around 14.7 J per execution of 
the application).

For the second illustrative example, Fig.  12 shows a situation in 
which the random forest implementation is initially chosen for model 
processing and the Folium implementation is chosen for rendering the 
map, generating higher energy consumption than other options. Once 
the setup time has elapsed, the reconfiguration process starts, and FUS-
PAQ selects lower-powered implementations for these functionalities, 
the one that uses neural networks and the one based on a static image. 
Our approach considers user experience in this experiment, so instead 
of selecting the linear regression function (the one with the lowest 
energy consumption), it selects the neural network function. Regarding 
the RenderMap function, FUSPAQ selects the version with the lowest 
energy consumption, so it does not change after the reconfiguration 
process.

6.3.4. Comparing energy footprint in two machines
One of the challenges we face when working with services that can 

be deployed on different nodes is the heterogeneity of the hardware 
that makes up our infrastructure. To study the implications of this 
on our system, we repeated the consumption measurements for the 
applications we developed for the illustrative examples, using differ-
ent hardware. We used the second of the hardware configurations 
described at the beginning of this section. The results show slight differ-
ences compared to those obtained with the other hardware. The values 
obtained, detailed by function, can be seen in Table  2. We can observe 
that the measured consumption is somewhat lower when using the 
second hardware configuration, varying by about 2% or 3%. However, 
this does not affect the operation of our system, as we explain below. 
Infrastructure heterogeneity can be considered another source of vari-
ability in energy measurements. Using the same hardware, the energy 
consumption of functions usually fluctuates by a certain percentage. 
This percentage likely increases when we have more hardware options 
to deploy functions. The advantage of our system in this regard is 
that it does not use fixed values to initiate the reconfiguration process, 
but, as explained in Section 5, it takes into account the variability in 
the measurements for each function when calculating the thresholds. 
Therefore, the system will continue to function similarly but with wider 
margins.

6.4. Benchmark-based validation

To study the scalability of our solution and the potential benefits, we 
have developed a FaaS system generator to generate benchmarks for the 
analysis of energy consumption. This generator can set up applications 
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Table 2
Mean energy consumption (in Joules) and mean duration (in Seconds) per execution 
of the implemented functions for both illustrative examples, measured with different 
hardware.
 App Functions Mean energy (J) Mean duration (s)
 HW1 HW2 HW1 HW2  
 App 1 MoveDetect 0.713 0.695 0.742 0.735 
 FaceDetect-OpenCV 11.984 11.833 0.460 0.453 
 FaceDetect-Pigo 5.219 5.038 0.931 0.907 
 SearchDB 0.369 0.361 0.033 0.032 
 GetIdentity 1.235 1.208 0.407 0.395 
 DrawRect 0.405 0.392 0.830 0.823 
 DrawImage 0.257 0.250 0.363 0.348 
 App 2 GetLocation 0.671 0.695 0.082 0.089 
 GetNearLocations 0.391 0.387 0.034 0.034 
 GetImages 0.372 0.367 0.034 0.032 
 RenderImages 0.420 0.412 1.060 1.054 
 GetSensorData 0.271 0.270 0.081 0.080 
 GetModel 0.280 0.272 0.085 0.084 
 ProcessModel-LR 0.431 0.426 0.044 0.041 
 ProcessModel-RF 0.737 0.729 0.070 0.065 
 ProcessModel-NN 0.511 0.498 0.047 0.045 
 RenderMap-Folium 1.028 1.006 0.068 0.063 
 RenderMap-Static 0.139 0.147 0.604 0.610 

composed of a specific number of operations. In addition, we can 
establish the number of functions that could perform those operations. 
Finally, we can configure the functions to consume different amounts 
of energy.

We have generated four applications for our experiments with 3, 
10, 100, and 1000 operations. Each application has a different num-
ber of functions that can perform those operations: 1, 10, 100, and 
1000. These variants of the FaaS application allow us to study the 
scalability of the FUSPAQ optimization process. To study the potential 
benefits in terms of energy consumption, we have two versions of 
these applications: one (ST1) in which it is not possible to save energy 
using alternative functions, and another (ST2) in which the energy 
consumption of the alternative functions ranges from 50% to 100% of a 
specific base consumption. We have performed 100 executions for each 
variant, obtaining the average consumption and the standard deviation 
of each of them. Results of these experiments regarding the time to 
select a function and the energy consumption are shown in Tables  3–5.

Firstly, we have analysed the scalability of FUSPAQ in terms of 
energy consumption and time for the optimization process, i.e., the time 
to select the most appropriate function to operate. In our experimental 
setup, the number of operations that made the applications and the 
number of alternative functions vary in the ranges mentioned below. 
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Table 3
Energy consumption (in Joules) and duration (in Seconds) of the FUSPAQ optimization 
process for benchmark applications.
 Operations Functions Energy (J) Duration (s)
 Mean Std.Dev. Mean Std.Dev. 
 
3

1 1.16 0.58 0.01 0.008  
 10 0.73 0.18 0.04 0.011  
 100 3.49 0.14 0.24 0.01  
 1000 26.56 0.08 2.16 0.007  
 
10

1 2.53 1.05 0.02 0.009  
 10 2.41 0.31 0.09 0.011  
 100 8.16 0.07 0.75 0.008  
 1000 86.75 0.18 7.27 0.015  
 
100

1 3.66 0.43 0.1 0.013  
 10 7.02 0.12 0.77 0.013  
 100 81.68 0.14 6.94 0.007  
 1000 915.05 0.1 76.72 0.029  
 
1000

1 6.76 0.75 1.02 0.017  
 10 39.66 0.28 7.82 0.023  
 100 863.23 0.27 75.41 0.021  
 1000 9143 0.32 770.3 0.059  

As we can see in the results shown in Table  3, energy consumption 
and time increase with the number of operations and the number 
of alternative functions. So, the experiment with the lowest energy 
consumption is the one with 3 operations and one function, and the 
one with the highest energy consumption and duration is the one with 
1000 operations and 1000 functions. The results are pretty stable, with 
a standard deviation of less than 1 J and 0.06 s for all experiments. 
For realistic scenarios, i.e., operations between 1 and 10 and functions 
between 1 and 100, the energy consumption of the optimization process 
is similar to the consumption of a regular function (around 10 J, 
see Section 6.3). However, for massive scenarios, i.e., 100 and 1000 
operations, the optimization process can have an energy consumption 
1000 times higher (i.e., 9143 J) than the consumption of a regular 
function. Analysing the time for these experiments, they are lower 
than 10 s but with 1000 operations and 100 and 1000 functions. The 
massive scenarios are uncommon, and we have used them to analyse 
the scalability of the FUSPAQ optimization process. Graphics in Fig. 
13 show the increase in energy consumption 13(a) and time 13(b) 
when the number of functions increases for scenarios with 3, 10, 100 
and 100 operations. As we can see in the graphics, the scalability 
in terms of energy consumption and time worsens when the number 
of operations increases. For example, for the experiment with three 
operations, when we increase 1000 times the number of functions, 
the energy consumption is increased by 26, and the time is doubled. 
However, in the scenario with 1000 operations, when we increase 1000 
times the number of functions, the energy consumption is multiplied by 
1357 times, and the duration is multiplied by 770. Even in the worst 
scenario, energy consumption and time grow linearly. In any case, FaaS 
applications with 1000 operations are unrealistic.

Energy saving: Regarding the potential benefits in terms of energy 
savings, we have seen that having functions with a variety of energy 
consumption contributes to energy savings in every scenario (see 
Table  4). To measure the benefit, we have calculated the percentage 
difference between ST1 and ST2, and the result is between 20% and 
30% for one alternative function and greater than 50% for the rest of 
the scenarios. It is interesting to note that the values of percentage 
difference are very similar when the number of functions is 10, 
100 and 1000. Therefore, having around ten alternative functions is 
enough to significantly reduce energy consumption, and we do not 
incur the overhead introduced when the number of functions is 100 
and 1000 (see Table  3).
14 
Table 4
Energy consumption for experiments ST1 and ST2 in relation to the number of 
operations and the number of alternative functions.
 Operation Functions Mean (J) Std. Percentage 
 ST1 ST2 ST1 ST2 difference  
 
3

1 70.46 50.99 0.90 5.39 32%  
 10 67.35 33.55 0.84 1.36 67%  
 100 68.78 31.66 0.80 0.2 74%  
 1000 71.46 34.82 0.67 0.24 69%  
 
10

1 231.20 168.51 1.37 0.9 31%  
 10 232.12 128.73 1.48 3.28 57%  
 100 241.15 120.88 1.63 0.36 66%  
 1000 231.07 126.74 1.62 0.39 58%  
 
100

1 2274 1777 5.19 31.14 25%  
 10 2390 1352 5.20 9.40 55%  
 100 2279 1273 3.35 1.10 57%  
 1000 2305 1271 3.08 0.90 58%  
 
1000

1 23019 17809 13.91 24.03 26%  
 10 23301 13794 10.14 7.84 51%  
 100 23169 12757 8.64 1.22 58%  
 1000 23647 12689 6.36 0.94 60%  

Table 5
Benefit in energy saving of ST1 compared to ST2 (in Joules) considering optimization 
cost.
 Operations Functions ST1 ST2 Optimization Benefit 
 
3

1 70.46 50.99 1.16 18.31  
 10 67.35 33.55 0.73 33.07  
 100 68.78 31.66 3.49 33.63  
 1000 71.46 34.82 26.56 10.08  
 
10

1 231.20 168.51 2.53 60.16  
 10 232.12 128.73 2.41 100.98 
 100 241.15 120.88 8.16 112.11 
 1000 231.07 126.74 86.75 17.58  
 
100

1 2274 1777 3.66 493.54 
 10 2390 1352 7.02 1030  
 100 2279 1273 81.68 924  
 1000 2305 1271 915.05 118.98 
 
1000

1 23019 17809 6.76 5203  
 10 23301 13794 39.66 9467  
 100 23169 12757 863.23 9575  
 1000 23647 12689 9143 1814  

Another interesting issue is the cost-effectiveness of FUSPAQ in 
terms of energy consumption.

FUSPAQ Energy consumption: We have compared the energy con-
sumption of ST1 and ST2 experiments and added to this last one the 
cost of the optimization process (see Table  5). We can see that there 
is energy saving in each scenario. So, using FUSPAQ is worth it, even 
for massive scenarios.

6.5. Energy consumption of our solution

To verify that our solution does not introduce high energy con-
sumption, we have measured the power consumed by our self-adaptive 
system during the experiments. Since Kepler only performs measure-
ments on containers or complete nodes, it is impossible to use it directly 
to measure the energy consumed by a specific application. So, we have 
estimated the energy consumption of FUSPAQ measuring node energy 
consumption during the execution of the application, using and without 
using our system. The difference obtained, therefore, corresponds to the 
consumption of the self-adaptive system.

We have implemented the FUSPAQ components in Python because 
it facilitates the development and modification of our prototypes. How-
ever, as a high-level interpreted language, Python’s energy consump-
tion is higher than other languages. We also collect and store mon-
itoring data, which represents additional consumption. So, we have 
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Fig. 13. Energy consumption and time for FUSPAQ optimization process.
developed alternative implementations of some parts of FUSPAQ in C, 
in order to estimate what the energy consumption of our solution could 
be in a real system. Specifically, we have implemented the ones that 
consume more energy in total: the Request Processor and the Energy 
Consumption Monitor. This is due to the frequency with which these 
components are used, as they are executed on each call to a function, 
while the configuration process is only executed when needed.

In addition, different strategies are carried out to minimize FUSPAQ 
consumption. On the one hand, its monitoring frequency is reduced. 
This is possible while maintaining the same intervals used for the aver-
ages since Prometheus continues to collect the values provided by Ke-
pler with the same frequency as before, we only change the frequency 
with which our software processes them. On the other hand, instead 
of monitoring every function when it is called, only the functions that 
have an alternative in the function database are monitored.

After applying these two solutions (the use of C for the two more 
demanding components and the optimization of the monitoring pro-
cess), we reduced 40 times the consumption of FUSPAQ compared to 
the initial pure Python version. Thus, the consumption of our system 
is approximately 1 kJ during the tests of 5000 executions mentioned 
above. This consumption is lower than the energy savings obtained in 
all the tests shown above. In any case, we must also take into account 
that these are experiments in which only one function had different 
implementations and that the differences between their consumptions 
were minor, so in other cases with more significant differences and a 
greater number of functions that can be optimized, the final energy 
savings will be more substantial, as we will check below.

We have also carried out a study of the consumption when executing 
the benchmark application. We have obtained separately the consump-
tion of the application and the configuration processes. As we can 
see in Fig.  13(a), the consumption of the modelling and optimization 
processes is increasing and depends on both the number of operations 
performed by the application and the number of alternative functions 
that can perform each of these operations. It can be observed that, while 
this energy consumption is proportional to the number of operations 
performed, the increase in consumption due to the increase in the 
number of alternative functions is much smaller.

Suppose we compare the consumption of the configuration process 
with the consumption of the application in experiments ST1 and ST2. 
We see that, although with low values of the number of operations and 
functions, the energy consumed by the configuration process is much 
lower, as these increase, the energy levels begin to rise. At this point, 
it is essential to consider that the number of operations and functions 
considered are much higher than those of a real case. Usually, we can 
have two or three alternative implementations of a function, maybe up 
to 10. In addition, we must consider that the configuration processes 
are carried out infrequently compared to the number of executions of 
the application. For example, if it were performed once for every 100 
executions of the application, the energy that the configuration process 
would contribute to the total would be an average of 10 J per execution 
of the application, considering 100 alternative functions per operation, 
for the worst case that we have studied, that is, an application that 
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performs 1000 operations. In this case, the consumption of the appli-
cation was 12 KJ, so the consumption of the configuration processes is 
negligible.

7. Threats to validity

This section briefly discusses the internal validity, construct validity 
and external validity of our study [46]. The internal validity intends 
to explore whether the results obtained are influenced or not by other 
factors. Threats to construct validity concern the completeness of our 
study, as well as any potential bias. Finally, external validity analyses 
whether we can generalize the experiment results.

A critical threat to the internal validity of our study is the accuracy 
of the results provided. In our case, we have discussed the challenges 
of getting accurate results for the energy consumption of containers. 
We aim to have results that compare different implementations for the 
same task and to use this information to adapt the deployment. The 
second experiment demonstrates that this is possible. Additionally, our 
experimental setting facilitates the reproduction of our results.

One of the threats to the construct validity of this work is the lack 
of comparison with other approaches. As we can see in Section 2, other 
approaches do not focus on self-adaptation using energy in the context 
of FaaS. So, this comparison is not possible, and our experiments focus 
on illustrating that our extension of FUSPAQ actually works. Another 
threat is the stochastic factors present in the experiments. In our case, 
we do not control when the container process is executed or the other 
processes running in the container node. As we have discussed in 
Section 5 and in [43], this randomness and other factors make moving 
averages necessary to make the information provided by Kepler useable 
for self-adaptation.

Regarding the external validity of the results, we have presented 
two illustrative examples of the use of FUSPAQ and a benchmark 
application to study the behaviour with more complex applications. 
We have demonstrated that the approach works, but our system does 
not consider the node in which the functions are deployed. This could 
produce more significant variability in the measurements, especially if 
the environments are not homogeneous. However, it is a feature we are 
already working on.

8. Conclusions

In this article, we have presented FUSPAQ, a solution for the 
self-adaptation of FaaS applications considering energy consumption. 
FUSPAQ exploits the existence of different implementations of the 
same operation to reduce energy consumption. We have analysed the 
behaviour of the energy measurements obtained using Kepler. This 
software uses a hardware sensor (RAPL), and we have studied how to 
adapt it to the needs of a self-adaptive system. To test the operation of 
the system and its capabilities, we have carried out a case study on a 
facial recognition application. As stated in the results section, the im-
plemented system can select the best function implementation from an 
energy point of view. Still, it can self-adapt, reducing the application’s 
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energy consumption even if the consumption of implementations varies 
over time.

Our approach may present some limitations due to the characteris-
tics of FaaS systems. These applications are often deployed on private 
infrastructures we cannot access. This is an advantage from the point 
of view of administration and maintenance costs but limits the use 
that can be done. Access to energy data through the RAPL interface 
is limited to internal use from the machine itself, so it is currently 
not possible to access said data in a private Cloud through Kepler or 
similar. Therefore, to use the system presented, it would be necessary 
to use estimation tools. Another limitation of our system is that it does 
not consider the node in which the functions are deployed. This could 
produce more significant variability in the measurements, especially 
if the environments are not homogeneous. Using information about 
our infrastructure can also be beneficial if it has nodes powered by 
green energy, allowing us to prioritize the selection of these nodes for 
the deployment of the most costly functions in terms of consumption. 
However, these are features we are already working on.

As a line of future work, we plan to study the energy behaviour of 
each replica that is running and its dependence on the infrastructure to 
make more optimal decisions. There is a strong relationship between 
sustainability and reduction of energy consumption. It is commonplace 
that energy consumption significantly impacts environmental sustain-
ability by influencing greenhouse gas emissions and resource depletion. 
Conversely, renewable or green energy consumption improves ecologi-
cal sustainability by reducing emissions and promoting cleaner energy 
practices. So, another line for future work is to integrate information 
about the carbon footprint of the energy used by functions in a given 
moment to make more sustainable decisions. This approach is espe-
cially advantageous when the FaaS function can be executed in edge 
nodes powered by a renewable energy source.
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