This is the peer reviewd version of the followng article:

Human - Data Analytics Interaction Through Voice Assistance in Electric Vehicle’s Battery Testing /
Fikardos, M., Bousdekis, A., Haider, U., Aristofanous, G., Lepenioti, K., Mandreoli, F., Wellsandt, S., Taglini,
E., Mentzas, G.. - 731:(2024), pp. 278-292. (43rd IFIP WG 5.7 International Conference on Advances in
Production Management Systems, APMS 2024 Chemnitz, GERMANY SEP 08-12, 2024) [10.1007/978-3-031-
71633-1 201

Springer Science and Business Media Deutschland GmbH
Terms of use:

The terms and conditions for the reuse of this version of the manuscript are specified in the publishing
policy. For all terms of use and more information see the publisher's website.

14/06/2026 03:14

(Article begins on next page)




ResearchGate

See discussions, stats, and author profiles for this publication at: https://www.researchgate.net/publication/385336875

Human -Data Analytics Interaction through Voice Assistance in Electric
Vehicle's Battery Testing

Chapter - September 2024

DOI: 10.1007/978-3-031-71633-1_20

CITATIONS READS
0 40

9 authors, including:

Alexandros Bousdekis Katerina Lepenioti
National Technical University of Athens National Technical University of Athens
59 PUBLICATIONS 1,761 CITATIONS 24 PUBLICATIONS 982 CITATIONS
SEE PROFILE SEE PROFILE
Federica Mandreoli Stefan Wellsandt
University of Modena and Reggio Emilia Bremer Institut fiir Produktion und Logistik GmbH
174 PUBLICATIONS 1,869 CITATIONS 51 PUBLICATIONS 669 CITATIONS
SEE PROFILE SEE PROFILE

All content following this page was uploaded by Alexandros Bousdekis on 29 October 2024.

The user has requested enhancement of the downloaded file.


https://www.researchgate.net/publication/385336875_Human_-Data_Analytics_Interaction_through_Voice_Assistance_in_Electric_Vehicle%27s_Battery_Testing?enrichId=rgreq-3df3c9a8d9bda344f68b8db3073a866f-XXX&enrichSource=Y292ZXJQYWdlOzM4NTMzNjg3NTtBUzoxMTQzMTI4MTI4Njk2OTg2MEAxNzMwMTkwNjg1MzM4&el=1_x_2&_esc=publicationCoverPdf
https://www.researchgate.net/publication/385336875_Human_-Data_Analytics_Interaction_through_Voice_Assistance_in_Electric_Vehicle%27s_Battery_Testing?enrichId=rgreq-3df3c9a8d9bda344f68b8db3073a866f-XXX&enrichSource=Y292ZXJQYWdlOzM4NTMzNjg3NTtBUzoxMTQzMTI4MTI4Njk2OTg2MEAxNzMwMTkwNjg1MzM4&el=1_x_3&_esc=publicationCoverPdf
https://www.researchgate.net/?enrichId=rgreq-3df3c9a8d9bda344f68b8db3073a866f-XXX&enrichSource=Y292ZXJQYWdlOzM4NTMzNjg3NTtBUzoxMTQzMTI4MTI4Njk2OTg2MEAxNzMwMTkwNjg1MzM4&el=1_x_1&_esc=publicationCoverPdf
https://www.researchgate.net/profile/Alexandros-Bousdekis?enrichId=rgreq-3df3c9a8d9bda344f68b8db3073a866f-XXX&enrichSource=Y292ZXJQYWdlOzM4NTMzNjg3NTtBUzoxMTQzMTI4MTI4Njk2OTg2MEAxNzMwMTkwNjg1MzM4&el=1_x_4&_esc=publicationCoverPdf
https://www.researchgate.net/profile/Alexandros-Bousdekis?enrichId=rgreq-3df3c9a8d9bda344f68b8db3073a866f-XXX&enrichSource=Y292ZXJQYWdlOzM4NTMzNjg3NTtBUzoxMTQzMTI4MTI4Njk2OTg2MEAxNzMwMTkwNjg1MzM4&el=1_x_5&_esc=publicationCoverPdf
https://www.researchgate.net/institution/National_Technical_University_of_Athens?enrichId=rgreq-3df3c9a8d9bda344f68b8db3073a866f-XXX&enrichSource=Y292ZXJQYWdlOzM4NTMzNjg3NTtBUzoxMTQzMTI4MTI4Njk2OTg2MEAxNzMwMTkwNjg1MzM4&el=1_x_6&_esc=publicationCoverPdf
https://www.researchgate.net/profile/Alexandros-Bousdekis?enrichId=rgreq-3df3c9a8d9bda344f68b8db3073a866f-XXX&enrichSource=Y292ZXJQYWdlOzM4NTMzNjg3NTtBUzoxMTQzMTI4MTI4Njk2OTg2MEAxNzMwMTkwNjg1MzM4&el=1_x_7&_esc=publicationCoverPdf
https://www.researchgate.net/profile/Katerina-Lepenioti?enrichId=rgreq-3df3c9a8d9bda344f68b8db3073a866f-XXX&enrichSource=Y292ZXJQYWdlOzM4NTMzNjg3NTtBUzoxMTQzMTI4MTI4Njk2OTg2MEAxNzMwMTkwNjg1MzM4&el=1_x_4&_esc=publicationCoverPdf
https://www.researchgate.net/profile/Katerina-Lepenioti?enrichId=rgreq-3df3c9a8d9bda344f68b8db3073a866f-XXX&enrichSource=Y292ZXJQYWdlOzM4NTMzNjg3NTtBUzoxMTQzMTI4MTI4Njk2OTg2MEAxNzMwMTkwNjg1MzM4&el=1_x_5&_esc=publicationCoverPdf
https://www.researchgate.net/institution/National_Technical_University_of_Athens?enrichId=rgreq-3df3c9a8d9bda344f68b8db3073a866f-XXX&enrichSource=Y292ZXJQYWdlOzM4NTMzNjg3NTtBUzoxMTQzMTI4MTI4Njk2OTg2MEAxNzMwMTkwNjg1MzM4&el=1_x_6&_esc=publicationCoverPdf
https://www.researchgate.net/profile/Katerina-Lepenioti?enrichId=rgreq-3df3c9a8d9bda344f68b8db3073a866f-XXX&enrichSource=Y292ZXJQYWdlOzM4NTMzNjg3NTtBUzoxMTQzMTI4MTI4Njk2OTg2MEAxNzMwMTkwNjg1MzM4&el=1_x_7&_esc=publicationCoverPdf
https://www.researchgate.net/profile/Federica-Mandreoli?enrichId=rgreq-3df3c9a8d9bda344f68b8db3073a866f-XXX&enrichSource=Y292ZXJQYWdlOzM4NTMzNjg3NTtBUzoxMTQzMTI4MTI4Njk2OTg2MEAxNzMwMTkwNjg1MzM4&el=1_x_4&_esc=publicationCoverPdf
https://www.researchgate.net/profile/Federica-Mandreoli?enrichId=rgreq-3df3c9a8d9bda344f68b8db3073a866f-XXX&enrichSource=Y292ZXJQYWdlOzM4NTMzNjg3NTtBUzoxMTQzMTI4MTI4Njk2OTg2MEAxNzMwMTkwNjg1MzM4&el=1_x_5&_esc=publicationCoverPdf
https://www.researchgate.net/institution/University-of-Modena-and-Reggio-Emilia?enrichId=rgreq-3df3c9a8d9bda344f68b8db3073a866f-XXX&enrichSource=Y292ZXJQYWdlOzM4NTMzNjg3NTtBUzoxMTQzMTI4MTI4Njk2OTg2MEAxNzMwMTkwNjg1MzM4&el=1_x_6&_esc=publicationCoverPdf
https://www.researchgate.net/profile/Federica-Mandreoli?enrichId=rgreq-3df3c9a8d9bda344f68b8db3073a866f-XXX&enrichSource=Y292ZXJQYWdlOzM4NTMzNjg3NTtBUzoxMTQzMTI4MTI4Njk2OTg2MEAxNzMwMTkwNjg1MzM4&el=1_x_7&_esc=publicationCoverPdf
https://www.researchgate.net/profile/Stefan-Wellsandt?enrichId=rgreq-3df3c9a8d9bda344f68b8db3073a866f-XXX&enrichSource=Y292ZXJQYWdlOzM4NTMzNjg3NTtBUzoxMTQzMTI4MTI4Njk2OTg2MEAxNzMwMTkwNjg1MzM4&el=1_x_4&_esc=publicationCoverPdf
https://www.researchgate.net/profile/Stefan-Wellsandt?enrichId=rgreq-3df3c9a8d9bda344f68b8db3073a866f-XXX&enrichSource=Y292ZXJQYWdlOzM4NTMzNjg3NTtBUzoxMTQzMTI4MTI4Njk2OTg2MEAxNzMwMTkwNjg1MzM4&el=1_x_5&_esc=publicationCoverPdf
https://www.researchgate.net/institution/Bremer-Institut-fuer-Produktion-und-Logistik-GmbH?enrichId=rgreq-3df3c9a8d9bda344f68b8db3073a866f-XXX&enrichSource=Y292ZXJQYWdlOzM4NTMzNjg3NTtBUzoxMTQzMTI4MTI4Njk2OTg2MEAxNzMwMTkwNjg1MzM4&el=1_x_6&_esc=publicationCoverPdf
https://www.researchgate.net/profile/Stefan-Wellsandt?enrichId=rgreq-3df3c9a8d9bda344f68b8db3073a866f-XXX&enrichSource=Y292ZXJQYWdlOzM4NTMzNjg3NTtBUzoxMTQzMTI4MTI4Njk2OTg2MEAxNzMwMTkwNjg1MzM4&el=1_x_7&_esc=publicationCoverPdf
https://www.researchgate.net/profile/Alexandros-Bousdekis?enrichId=rgreq-3df3c9a8d9bda344f68b8db3073a866f-XXX&enrichSource=Y292ZXJQYWdlOzM4NTMzNjg3NTtBUzoxMTQzMTI4MTI4Njk2OTg2MEAxNzMwMTkwNjg1MzM4&el=1_x_10&_esc=publicationCoverPdf

Human — Data Analytics Interaction through Voice
Assistance in Electric Vehicle’s Battery Testing

Mattheos Fikardos?, Alexandros Bousdekis?!, Umair Haider?, George Aristofanous?,
Katerina Lepenioti!, Federica Mandreoli?, Stefan Wellsandt®, Enrico Taglini?,
Gregoris Mentzas*

! Information Management Unit (IMU), Institute of Communication and Computer Systems
(ICCS), National Technical University of Athens (NTUA), Athens, Greece
2 Department of Physical, Computer and Mathematical Sciences, University of
Modena and Reggio Emilia, Modena, Italy
3 BIBA — Bremer Institut fiir Produktion und Logistik GmbH at the University of Bremen,
Bremen, Germany
4 Reinova S.p.a., Soliera, Modena, Italy

Abstract. Voice assistants, alternatively mentioned as conversational agents or
Digital Intelligent Assistants (DIA), represent a new form of interaction between
humans and machines, providing fast, intuitive, and potentially hands-free access
to systems through voice-based interaction in order to increase the efficiency of
certain activities. While the literature has mainly focused on general applications
of voice assistants in diverse industries, their potential in manufacturing remains
mostly underexplored. This is despite the manufacturing sector is a key driver for
employment and plays a critical role in economic growth. Furthermore, enabling
human workers to interact with data analytics insights through voice interfaces is
key to realize a human-system symbiosis in an Industry 5.0 context. However,
there is limited literature regarding the data analytics potential integrated into
voice assistants and related implementations due to, among others, the challenges
of translating analytical results into easy-to-understand information for humans.
In this paper, we face these topical issues for DIA by presenting a voice assistant
equipped with data analytics functionalities to support human-machine interac-
tion in the manufacturing sector when there are data analytics insights that are
communicated to the user. We demonstrate this with a concrete instantiation in
Electric Vehicle’s (EV) battery testing use cases.

Keywords: Human-Al collaboration, Conversational agent, Data analytics, Ma-
chine learning, Li-lon battery.

1 Introduction

Voice assistants, alternatively mentioned as conversational agents or Digital Intelligent
Assistants (DIA), allow users to interact intuitively by using their natural language (e.g.
Apple’s Siri, Amazon’s Alexa, IBM’s Watson). These systems represent a new form of
interaction between humans and machines, a paradigm shift from the current Graphical
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User Interfaces (GUISs), allowing the user to interact using natural language, providing
fast, intuitive, and potentially hands-free access to systems through voice-based inter-
action and cognitive assistance, in order to facilitate, speed up and increase the effi-
ciency of daily activities [1-4].

In the industrial sector, the adoption of conversational agents has the potential to
drive the digital transformation of organizations, to improve both customer and user-
experience, and make their internal processes more efficient [5] by increasing the de-
gree of mobility, autonomy, and independence of operators as well as by entrusting the
most repetitive operations to these technologies [6]. In this sense, the development of
conversational agents is focused on supporting users in interacting with machines, da-
tabases, and information systems, and completing tasks, moving towards the notion of
smart operators. While the literature has mainly focused on general applications of
voice assistants in diverse industries, including banking, insurance, public transporta-
tion, retail, and customer relationship management, the aforementioned potential in
manufacturing is underexplored, although the manufacturing sector is a key driver for
employment and plays a critical role in economic growth [2, 7].

Further, enabling human workers to interact with data analytics insights through
voice interfaces is key to realize a human-system symbiosis in an Industry 5.0 context
[8]. However, there is limited literature regarding the data analytics potential integrated
to voice assistants and related implementations due to, among others, the challenges of
translating analytical results into easy-to-understand information for humans. The syn-
ergies between voice assistance technology and data analytics to provide validation of
their benefits in the real world is an important future research direction [7, 9].

In this paper, we propose an architecture for voice assistant integrated to data ana-
lytics functionalities and its application to a business case coming from battery manu-
facturing, one crucial manufacturing sector which can highly benefit from this kind of
technology. The increasing deployment of Li-lon batteries to satisfy the demand from
the Electric Vehicle (EV) sector pushes battery manufacturers to increase their effi-
ciency and productivity. One of the main objectives to this end is to optimize the exist-
ing battery testing procedures, which are time-consuming and costly, while they lead
to high scrap rates [10]. To do this, they have started adopting emerging technologies,
such as Artificial Intelligence (Al) and Machine Learning (ML) [10]. However, product
testing procedures require highly manual work on the shop floor by the operators [11],
thus making it inefficient to have complex visualizations on a GUI or extensive dia-
logues with a voice interface, especially when dealing with data analytics insights.

The developed voice assistant aims at tackling with human-machine interaction chal-
lenges when there are data analytics insights that are communicated to the user through
an analytics service module which can effectively adapt to the user requests and a voice
assistance module that is specifically designed to identify user intents and interact with
the analytics service module to support the dialogue with the user. In this way, opera-
tors can get useful insights about the testing procedures and prevent overheating and
potential explosions by closely monitoring the conditions of the batteries under testing.
The rest of the paper is organized as follows. Section 2 discusses the related works.
Section 3 presents the proposed architecture for human-data analytics interaction
through voice assistance. Section 4 instantiates the proposed architecture to an EV’s
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battery testing use case, describes its implementation, and demonstrates its results. Sec-
tion 5 concludes the paper and discusses our plans for future work.

2 Related Work

The literature has mainly focused on general applications of voice assistants in diverse
industries, including banking, insurance, public transportation, retail, and customer re-
lationship management. However, their potential for manufacturing has not been inves-
tigated extensively yet [7]. In the manufacturing context, voice assistants aim at sim-
plifying interactions between workers and complex machines, reinforcing workers’
physical and cognitive capabilities, reducing the human effort involved in performing
various tasks, and allowing the operators focusing on creative and value-adding activi-
ties [7], thus contributing to the realization of the Operator 5.0 concept [12]. Operators
can instruct voice assistants to perform certain tasks leaving them able to focus on ab-
stract tasks instead, and they can also obtain assistance from them in developing skills
and competencies, e.g. during on-the-job training [13].

The voice assistant’s tasks can be categorized into the following three macro-task
types: information management (querying, retrieving, consulting, or analysing infor-
mation), collaborative operations, (tasks in which voice assistants either instruct or as-
sist human workers or assume the responsibility of completing parts of a joint task),
and knowledge transfer (the involvement of voice interfaces in reducing human effort
for the acquisition of skills during real-life tasks). If voice assistants access multiple
information systems and provide analytics for decision-making, their use can shorten
task completion time and improve task efficiency. They can also support people ubig-
uitously, thereby increasing flexibility [7]. However, there are several challenges that
set obstacles towards this direction.

There is no agreement on the elements to be considered and developed for the crea-
tion of an industrial conversational agent, partly due to the absence of a reference stand-
ard and a general lack of mastery about their logical operation and characteristics. For
example, in [2], the authors identify 5 core modules, i.e. Automatic Speech Recogni-
tion, Natural Language Understanding, Dialog Manager, Natural Language Generation,
and Text-To-Speech, and two Interfaces: Conversational User Interface, and External
Devices Interface. Voice assistance technology introduces complexities that can arise
from intricate technical systems, for instance, accessing different user interfaces, inter-
preting structured, semi-structured, or unstructured data, or precise understanding of
speech. In addition, there are challenges related to the integration of voice assistants
into the existing systems as well as regulatory compliance [7].

At the same time, research has focused on Generative Artificial Intelligence (GAI)
with the use of Large Language Models (LLM) with promising results in human aug-
mentation, especially in industrial applications [14, 15]. Further, only a few research
works describe the data analytics potential of voice assistance technology (e.g. [16-18],
while the literature and the real-life applications on analytics-based voice assistance are
rather limited due to the challenges related to translating analytical results into easy-to-
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understand information for humans [2, 7]. Existing intelligent voice assistants mainly
rely on rule-based systems [2].

3 Architecture for Human - Data Analytics Interaction
through Voice Assistance

In our approach, the Digital Intelligent Assistant (DIA) aims to assist technicians and
engineers in a laboratory setting where machines are running tests on various devices,
referred to as Device Under Test (DUT), by serving data analytics upon user request
via voice. Real-time status updates and analytics are provided through the voice inter-
face to augment the user’s tasks with safety and efficiency.

The system architecture, depicted in Fig. 1, consists of three main modules: Voice
Assistant, Analytics Service, and the Use case Infrastructure. Interaction between the
user and the DIA is managed through the Voice Assistant module. This module uses
Mycroft as a natural language interface, prioritizing user privacy and customizability,
and identifies relevant Mycroft skills. A “Mycroft skill” is a Python program with spe-
cific functions and language-specific training data for intent classification and entity
extraction.

Voice Assistant Analytics Service

Mycroft Rasa PREVENTION
Free and open-source software Open-source machine learning Analytics-as-a-Service platform
virtual assistant that uses a framework for automated text automating the analysis
natural language user interface. and voice-based conversations. procedures.

Wrapper
A GraphQL wrapper that gives
access to real-time data from
machines and the database.

Database
System database where
all the sensor data are
stored.

Quality Personnel (User)

Use case Infrastructure
Fig. 1. DIA architecture for human - data analytics interaction through voice assistance.

The Voice Assistant module translates the user’s voice input into text and passes it
to Rasa, a conversational Al software for building text and voice-based assistants. Rasa
maps the user input to one of the defined intents and formulates a query with all the
necessary variables. Rasa’s responsibilities include interpreting the user input and gen-
erating queries for the Analytics Service, which responds with the required insights.

The analytics are handled by the PREscriptiVE aNalyTIcs for quality optimizatiON
(PREVENTION) component, which communicates directly with the use case infra-
structure to retrieve necessary data and perform analyses. The results of these analytics
are encapsulated into a response and sent back to the Voice Assistant. Based on the
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result context, an intuitive response is formulated and given to the user in both voice
and text formats.

3.1  Voice Assistant

The Voice Assistant module serves as the interface for user interaction and the link
between analytics and the user. It uses Mycroft for NLP tasks to translate voice inputs
to text and vice versa, and Rasa to map user inputs into intents, enabling digital assistant
functionalities. This dual-framework approach ensures accurate interpretation of user
queries and appropriate responses. With separate skills (Mycroft skills) for identical
functions and operations, it can provide a higher level of modularity. The information
flow among the voice interface components is depicted in Fig. 2. The Rasa server uti-
lizes machine learning models to understand and classify user queries, ensuring re-
sponses are both contextually relevant and technically accurate. The Rasa action server
is a component responsible for executing custom actions beyond the capabilities of pre-
defined responses, allowing developers to create Python code interacting with data-
bases, external services, or carrying out computations during conversations.

Android device

STT MYCROFT Al . K Kotlin gt TS
(Spesch-to-text) PICONOQICE MyCI’Oft Android App android (Textto-speech)
GO gle Mycroft backend GO gle
ocoqui L_,| Intent parser Intent | |
i | (Intent & Entity extraction) & handlers
m MYCROFT Al docker @ python I
| Rasa backend | Data exchange
i - n i
RasaNLU | .| RasaCore | & GraphQL  |(1 Bython,
(Intent & Entity extraction) (Dialog management) (Data integration) H

@ python

- I
idocker Rasa Action

@ puthon | Server [ @
Chatbot A
: H REST  Database Message
N 4

API broker

. docker

Fig. 2. The information flow among the various components of the voice interface.

3.2 Analytics Service

A crucial part of the functionalities of the described solution is the insights provided
by the analytics service module of the architecture, which are communicated to the user
via the voice assistant. Addressed by the PREVENTION component, the analytics
module follows the Analytics-as-a-Service (AaaS) paradigm [19], serving the voice as-
sistant with the need analytics and insights upon request. The architecture of the
PREVENTION component is depicted in Fig. 3.



6 M. Fikardos et al.

PREVENTION provides strict, yet dynamically configurable functionalities pro-
vided by the platform that augments the design and development of analytics and sim-
plify their deployment for generating the desired results. The data analyst can make the
configurations and select the building blocks for the analytics from the wide arsenal of
available algorithms, ML models, and methodologies to achieve the best results based
on the specific requirements and needs. Specifically, the platform can serve data-pro-
cessing methods to transform the raw data, descriptive analytics by employing aggre-
gation and group-by algorithms, as well as predictive and prescriptive analytics by im-
plementing ML models (supervised, unsupervised, and reinforcement learning). More-
over, two additional functionalities supported by the platform are the configurable de-
ployment of the models to continually update the produced results and a filtering mech-
anism that enables the users to investigate and pinpoint specific insights from the re-
sults.

Lifecycle Component Usage

2> DESIGN Analytics Manager

Analytics Runtime Engine

.
BUILD
Deployment Manager
CEEEe I )

Analysis Process Manager Process Enactment

.
4 #nEpLOY

Fig. 3. The PREVENTION architecture.

The core of the platform’s architecture consists of two modules: the Analytics Man-
ager and Analytics Runtime Engine. The Analytics Manager module is responsible for
the design of the analysis done manually by the data analyst. The first step for config-
uring the analysis is to define the entities needed to execute it, which are the Analysis,
Model, Data, and Deployment. These entities are essential for the robust implementa-
tion of an analysis as they define its scope and goal (Analysis), the algorithm to be used
(Model), the input raw data (Data), and how the analysis is deployed and served (De-
ployment).

After the configuration, the Analytics Runtime Engine kick starts that can automat-
ically develop and deploy the respective building blocks of the analysis and produce
the specified results. First, the Deployment Manager creates, schedules and manages
the deployment of the analysis based on the Deployment configurations. Then the Anal-
ysis Process Manager first creates the process needed to execute the analysis, which is
then instantiated by the Process Enactment sub-module. First, the analysis is compiled
to prepare the needed inputs which are the data and the algorithms. The input data are
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produced by the Data Processor, by applying data-processing actions to the raw data to
transform them into the desired format. The algorithms are implemented with the help
of the Algorithms Library, giving them the configurations provided by the data analyst.
As soon as the data and algorithms are ready, the analysis is executed through the Anal-
ysis Executor, which runs the pipeline created for the analysis generating the results.

The results, as well as all the algorithm instances, are then saved to the database that
can be used to expose the results through an API and make their deployment independ-
ent of the building phase. Finally, the Analytics Results Query Engine is executed on
top of the stored results giving the user the functionalities of the filtering mechanism.
All the above functionalities and actions are communicated to the platform in the form
of requests that are exposed through the API and can be divided into two groups based
on their scope: (i) Analytics Management Queries: A set of CRUD queries that can be
used to create, read, update, or delete the six main entities of the component’s database;
and, (ii) Analytics Process Queries: Requests that serve the analysis results and are
enhanced with the filtering mechanism.

3.3 Use Case Infrastructure

A key ingredient that enables the utilization of the aforementioned technologies is data
that are stored by the use case, usually at an on-premises infrastructure due to security
factors. This data, that drives the insights generated by the analytics and the dialogue
designs for the voice assistant, can be accessed either through an API or directly from
the database. API access allows seamless integration with other components, while di-
rect database access provides detailed information for data analysts to design effective
analyses.

4 Application to EV’s Battery Testing

The architecture presented in Section 3 has been implemented for a business case com-
ing from an Italian SME specialized in developing, testing and validation of electric
and hybrid powertrain components. In the following, we provide an overview of its
working environment, describe the intents and entities defined for the specific business
case, and, finally, present the flow of information for two representative case studies.

41  The Reinova Business Case

Reinova operates a well-equipped facility with a focus on chambers and battery testers
for conducting various tests. These include Vehicle Climatic Chambers, Walk-in Big
Climatic Chambers, and Walk-in Small Climatic Chambers. Each chamber transmit
different sensor data including temperature, humidity, and electric power consump-
tion. This data is used to create tests for the customers as well as several safety mecha-
nisms that prevent dangerous situations to be occurred (e.g. fire hazards). Chamber’s
sensor data is continuously sent to a SQL DBMS where it is stored through a dedicated
communication protocol.
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Moreover, Reinova owns an important set of testing and safety instruments, the so-
called “battery testers”, which are devices that provide sink and source for high voltage
battery packs. The output of these testers is forwarded into the test volume of the cham-
bers, where the DUTSs undergo evaluation. Similar to chambers, battery testers’ infor-
mation is managed via Programmable Logic Controllers (PLCs). The readings from
various buttons and sensors (maintenance and emergency button, CO2/H2/02 concen-
tration, and others) are constantly available to the PLC, that uses them to perform cer-
tain actions and ensure safety. The architecture of Reinova’s infrastructure is depicted
in Fig. 4.

Wrapper
AGraphQL wrapper that
Reinova gives access to real-time
Safety PLC data from machines and the
database.

Climatic Chambers
Chamber Status
Information

Battery Testers

Battery Tester Status
Information

Database
System database where
allthe sensor data are
stored.

Device Under Fire & Gas
Test Central Unit

Fig. 4. The architecture of Reinova’s infrastructure.

The DIA is set to be deployed in the laboratory environment where all the testing by
technicians and engineers occurs with the aim being the streamline of two core func-
tionalities of interest that can significantly enhance the laboratory’s efficiency, respon-
siveness and guidance through problem resolution: (i) the "alarm and emergency noti-
fication" function that is designed to alert users about critical incidents, including
alarms triggered during tests and emergencies related to devices, such as fires, gas
leaks, sensor faults and more; and, (ii) the "machine status request" function that allows
the users to query about the condition of a specific machine or receive an overview of
the laboratory's operational status. The DIA responds with detailed information about
the machine's current state (running of a test, not running, ready, emergency) alongside
the status of the sub-item of the machines (sensor readings). Moreover, in the event of
a malfunction of the machines, the assistant notifies the user about necessary actions to
restore the machine to its operational status.

4.2 Implementation Procedure

Defining Entities. In the previous Section, we described why the intents of the voice
assistant are essential to explain the entities that make it up. Entities are crucial compo-
nents that the system identifies and uses to provide a context-specific response. These
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entities are usually used as parameters to query data from the APIs. For the intents, the
entities are presented in Table 1.

Table 1. Definition of the entities.

Entity

Explanation

chamberld

batteryTesterld

defconValue

startDate
endDate
relativeDate
topValues

specificDate

A unique identifier for a chamber within the system. It allows the system
to fetch and provide data for a specific chamber. (Example: B1, B2, B3).
A unique identifier for a battery tester. It enables the system to retrieve
and communicate the battery status for the specified tester (Example:
BT1, BT2, BT3).

It is used to catch the DEFCON level of the chamber. DEFCON level
refers to the status of the chamber. (Example: Ready, Alarm, Mainte-
nance)

It is used in the show_defconlevel_date_filter intent to apply a filter in the
query.

It is also used in the show_defconlevel_date_filter.

It is used in the show_defconlevel_relative_date_filter entity to catch rel-
ative time occurrences in the conversation related to DEFCON levels.

It is used in the show_defconlevel _sum_filter intent to catch the count.

It is used in show_defconlevel_complex_filter intent to store a specific
mention of date and time in the conversation.

Intents Understanding. An intent represents the purpose behind a user's input. In the
system under examination, intents are categorized based on the type of information the
user is seeking from the status monitoring. The primary intents identified in this use
case are presented in Table 2.

Table 2. The identified intents.

Intent Explanation
This intent is triggered when a user inquiries about the general
status of a chamber. It is designed to provide a comprehensive
Status Query g P P

Temperature Test
Battery Status Query
Chamber List Query

Battery List Query

update on the chamber's condition based on the incoming data
from the APIs.

When user asks about the temperature of a specific chamber, it
is invoked to fetch and relay temperature details.

It is invoked when the user wants to know the current battery
status of a specific tester.

It relates to the action which is responsible for fetching the list of
all the chambers.

Like the chamber list intent, it relates to the action to fetch the
list of battery testers available.
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Criticality Status Query

Show DEFCON Levels

Show Specific DEFCON
Levels

Show DEFCON Levels
with Date Filter

Show DEFCON Levels
with Relative Time Filter

Show DEFCON Levels
with Count Filter

Show DEFCON Levels
with Complex Filter

It is part of the analytics component and indicates the criticality
of an inquired chamber. It uses the chamberld entity to fetch the
results.

It is part of the analytics module. Its purpose is to handle the que-
ries related to the DEFCON levels of the chambers.

It will handle the queries related to specific DEFCON levels, i.e.,
Alarm, Ready, and Maintenance. It uses defconValue as an entity
in the conversation.

It is used while querying DEFCON level's occurrence with a spe-
cific date and time. It can also involve the startDate and endData
entities in the conversation.

It is used to resolve the relative date and time mentioned in the
conversation while asking about the DEFCON levels. It uses rel-
ativeDate entity in the conversation.

It is used to resolve the count of DEFCON level occurrences.

It can contain both DEFCON level and time filter in it. It can
catch both defconValue and specificDate or relativeDate entities
to apply the filters and to get the answers.

Available Analytics. After acquiring and analyzing the business requirements, we nar-
rowed down to four analytics processes that had the most value for the flow of work
inside the Reinova laboratories. The selected analytics processes were also defined ac-
cording to the aforementioned intents and are explained in Table 3.

Table 3. The selected analytics processes.

Analysis Explanation

It groups and counts the recorded entries from the Chamber dataset
Group By .

based on their status (defconlevel) per day.

The duration of the flagged alarms are calculated. For each chamber,
Duration the start and end timestamps are recorded for each status, and the dura-
Of Alarm tions are calculated in two formats: i) as a timestamp (HH:MM:SS) and

ii) in seconds.

The duration of all the chamber statuses are calculated. For each cham-
Defconlevel ber, the start and end timestamps are recorded for each status, and the
Duration durations are calculated in two formats: i) as a timestamp (HH:MM:SS)

and ii) in seconds.

The percentages of all the chamber statuses are calculated inside a cer-
Defconlevel tain time frame, in our case a day. For each chamber, the start and end
Percentages timestamps are recorded for each status, and the percentages are calcu-

lated in two formats: i) as a timestamp (HH:MM:SS) and ii) in seconds.
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4.3 Demonstration

This Section demonstrates the flow of information for the designed analytics targeted
to the use case under examination.

Status aggregation. As part of the insights provided by the analytics, aggregation al-
gorithms can be used to group and count different aspects of the available data points.
In this case, we opted to make aggregations based on the statuses of the machines that
have the most importance for the users. The grouping of the data was implemented
across all the different statuses and machine IDs, and the smaller time frame of record-
ing was per day. In the example given in Fig. 5, the user requests the recorded statuses
of Maintenance per day, in a specified time interval, while also specifying that only the
top 3 records are selected. The voice assistant maps the user’s input to the appropriate
intent and generates the query to be sent to the analytics component, by filling in all the
necessary variables. The analysis results are filtered with the given parameters and the
requested insights are sent back to the voice assistant to be displayed back to the user.

Generated Query

Hey Wasabi! Which
arethe
of recorded

User Speech

Intent mapping
and query
generation

The  dayswith
recorded

LI Response

Analytics Results I

Fig. 5. Flow of information for the “status aggregation” analysis.

Status duration. The goal of this analysis is to provide the user with the aggregated
durations of the different statuses recorded by the machinery sensors. The results of this
analysis aggregate the status durations from all the available machinery while recording
the start and end timestamps as well as the duration in seconds. Due to the immense
volume of results generated, the filtering mechanism functionalities of the component
can be utilized to extract specific information of interest. In the example depicted in
Fig. 6, the user requests the status duration for a specific machinery (chamber Al) and
a specific time frame (since August). Based on the input, the VVoice Assistant maps the
user’s request to the respective intent, extracts the parameters, and automatically trans-
forms the given time frame into filtering parameters needed for the query. After the
query is generated and populated, it is sent to PREVENTION where it is processed and
the specified results are returned to the Voice Assistant. With the retrieved insights, the
response text is formulated and sent back to the application where it is displayed to the
user as text and also narrated with voice.
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Generated Query
User Speech Query Response
query alarms( "data®: (“res
Ferul thequest (request
. . :;E“R;;xéw_cp_cmm_muwmv
Voice Assistant requastFrom: "DA”

requestEilters: [{

7
dateFilvers:(
name: "Da

action: "greater"
start: =2023-08-01%
unit: TALL"

Response e

results

reason
1
3

Analytics Results I

Fig. 6. Flow of information for the “status duration” analysis.

Status Percentage. A similar example to the previous one, in addition to the aggregated
durations of the statuses an analysis was implemented to calculate the percentages of
each status per day. Alongside the percentage for each day, the durations were also kept
in order to adjust the numbers in cases where the filtering mechanism was used for a
different time interval. In the dialogue of Fig. 7, the user requests the percentages of
the status Alarm of a specific chamber A1, while also specifying to the analytics to
return the results for the top 3 records for the first two months of 2024. The voice as-
sistant maps the user’s input to the defined intents and generates the query for the ana-
lytics component, which returns the requested analysis results with the specified in-
sights.

Generated Query
v

query "data”s ["reaultRequest
2lazms {resulthequest (request: | "ehambernams

User Speech

Voice Assistant

U/
umberOfValues: "3}

Response ssmariicera: (

start: =2024-01-01"
ead: "2024-02-28" 1) {
results e

easen] | "remson": [1}11}

Analytics Results I

Fig. 7. Flow of information for the “status percentage” analysis.

5 Conclusions and Future Work

This paper presented a voice assistant integrated to data analytics functionalities in or-
der to support human-machine interaction when there are data analytics insights that
are communicated to the user in EV battery testing use cases. We designed and
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developed the architecture and we described how we implemented it in the EV battery
testing use case.

In our future work, we will embed additional data analytics functionalities, in order
to fulfill more business requirements, and to incorporate Large Language Models
(LLM) for user interaction. Moreover, we will conduct an extensive evaluation of the
proposed solution in real-life scenarios derived from the Reinova business case. This
evaluation will focus on both quantitative and qualitative aspects. For the quantitative
evaluation, we aim to measure the performance of the trained Rasa model in identifying
intents and entities. As a part of our evaluation process, we will leverage the Rasa mod-
ule’s testing framework which processes test stories and produces a comprehensive set
of performance metrices, i.e. precision, recall, F1 scores, confusion matrix, and confi-
dence histogram model. For the qualitative evaluation, instead, we aim at implementing
the evaluation methodology for Al-based digital assistants, proposed in [20], which
consists of 4 dimensions: system usability, cognitive workload, business benefits, and
Al trustworthiness. DIA testing will be performed on-premises and tailored towards
tasks ypically carried out by technicians and engineers in the laboratory, which are ex-
pected to benefit from the introduction of the DIA. Standard usability evaluation sur-
veys, such as System Usability Scale (SUS) [21] and NASA Task Load IndeX [22],
will be administered to the operators after several weeks of usage to collect statistically
relevant measures on system usability and cognitive workload. Business benefits will
concern with Key Performance Indicators related to the performed tasks while Al trust-
worthiness will be measured with the Assessment List for Trustworthy Artificial Intel-
ligence (ALTAI) questionnaire. The collected statistics will be assessed to contribute
to the continuous improvement of the developed DIA.
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