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ABSTRACT:

The high pace of sustainable mobility has increased the urgency of complex Human -Machine Interfaces (HMlIs)
that enable drivers to make the most of the energy efficiency in Electric Vehicles (EVs). In the automotive
industry, although the energy-conscious systems have proven efficacious in raising the awareness of the user in
the daily environment a rigorous, quantifiable validation must be implemented to facilitate the increase of the
efficiency of operation and driver safety. This research focus on systematic framework of the validation metrics
specifically developed in the field of energy applications and driver efficiency feedback interfaces. The literature
synthesis of sensor data quality analysis research software energy consumption profiling research and contextual
awareness in advanced vehicle system research we establish a set of key performance indicators (KPIs) to assess
the effectiveness of the HMI. The metrics include the data interpolation validity modeling of the energy efficiency
in real-time by machine learning and the effect of the speed advisory system on power conservation under
behavioral consideration. The structure applies the principles of cross-layer design and heterogeneous-based
resource management to make sure that the HMI itself was energy-efficient without impacting the overall
performance of the core network of the vehicle. The standardized metrics, developers will be able to better
measure the effect of eco-feedback on a driver behavior, which will eventually increase the range of EVs and
make future grid-based mobility solutions more reliable.
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I. INTRODUCTION
Electric mobility does not only demand new development of battery chemistry, it also demands a radical change
in the interaction of drivers with energy-consuming infrastructures. Energy awareness which was initially a notion
of integrating smart eco-conscious systems into common objects [1], has become a serious element of automotive
Human-Machine Interfaces (HMIs). These interfaces should be effective in the sense that they can offer real-time
actionable feedback and this would require the creation of strong validation measures. Recent studies show that
driver feedback systems are essential to efficiency and safety [25], but the effect of driver feedback systems is
quite complex to measure. These interfaces can manage resources at the high level using online learning
frameworks that are energy aware that can adjust to, and heterogeneous platforms [2], but the underlying
communication infrastructure should be able to provide energy aware design and operation in core networks to
enable a smooth flow of data [5]. Also, the trustworthiness of energy applications is determined by the conceptual
and practical excellence of data that it is handling. The analyses of sensor data quality and interpolation
frameworks as offered by Valid.IoT are essential towards the time-varying quality of mobile opportunistic
networks [7] and richness of energy-conscious distributed protocols in heterogeneous wireless sensor networks
[4], particularly when dealing with the time-varying nature of sensor data. The energy model of such networks
has a direct impact on optimization of routing protocols [9] that, in turn, have the impact on the latency and
responsiveness of the HMI feedback loop. To make sure that the software that drives these interfaces, too, is not
a notable energy sink, developers need to follow green software guidelines and models of measurement, e.g.
random decision forest-based consumption profiling [24], and energy-aware performance testing of proprietary
mobile kernels [8]. More sophisticated modeling of energy efficiency through machine learning can be utilized to
characterize configuration-dependent tasks [15], whereas machine learning run locally on the edge can be energy-
efficient [19] to process the data of driver behavior at low latency. The most critical feature of human-advanced-
vehicle systems is contextual awareness [16], especially when introducing a system of speed advisories in the
field of electric transportation [17]. Such cyber-physical systems must have a cross-layer architecture to be
reconfigurable and perform effectively with different load conditions [18]. Outside the vehicle, localized energy
control is shown by energy-conscious agents to systems such as HVAC and smart grids [11], that can be scaled,
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when there is secure integration and authentication with the grid ecosystem [22]. In the case of the low-power
radio technologies employed in vehicle-to-everything (V2X) communications, the energy-conscious optimization
is needed to ensure connectivity and not to overpower the onboard resources [12]. Evidence of the energy-
conscious and secure routing [6] being confirmed with the stringent performance measures can be found even in
special applications, including multiflight planning of unattended vehicles [3] or the fuzzy-applied clustering of
IoT networks [14]. These energy-sensitive systems can be proven in grid evaluation using robot-based testbeds
[21] and then deployed commercially. Researchers can close the divide between theorized protocols and actual
implementations such as user-ready and evidenced-by-data EV interfaces by establishing measurability validation
metrics, ranging in terms of data accuracy and interpolation validity to behavioral changes among users and
software power footprints. Finally, these metrics will ensure that energy applications and driver efficiency
feedback interfaces will not only be informative, but also scientifically established to expand the vehicle range
and make the overall transportation ecosystem more sustainable.

ILLITERATURE REVIEW
Casado-Mansilla et al. (2016): Considered how to integrate eco-conscious systems into the daily object to
enhance the energy consciousness of the user with intelligent feedback. Their most critical discovery is that
pervasive notifications have a strong influence on human behavior that is more towards conservation; they
however find a gap in long term behavioral sustainability among the different demographic groups. The paper
focuses on how digital prompts affect physical energy consumption. [1].
Mandal et al. (2020): Introduced energy-aware online learning framework on heterogeneous computing platforms
to manage the resources. They found out that dynamic task scheduling can save energy overhead by substantial
factors, but a considerable gap is still present in terms of adapting these frameworks to safety-critical real-time
automotive limitations. The study points at the opportunity of ML-based resources distribution in multifaceted
hardware. [2].
Eubank et al. (2017): Examined energy-conscious multi-flight planning of unattended seaplanes to maximize
long-range mission routes as well as battery savings. The paper establishes the fact that the incorporation of
environmental variables greatly increases the range of operation, though it observes a research gap in re-
optimization of real-time trajectory in situations where battery degradation occurs uncertainly. Their results offer
a basis of the mission-critical energy management in autonomous systems [3]. Kumar et al. (2015): The
distributed protocol of heterogeneous wireless sensor networks to improve on energy efficiency in transmission
of internal data. They find that with the help of clustering protocols, the network can be stabilized in terms of
longevity, but remain in a gap between the robustness of the protocol against high-mobility interference that is
typical of a vehicle. The article highlights the relevance of effective communication in supporting sensor telemetry
without draining power [4].
Idzikowski et al. (2016): Surveyed energy-aware designs of core networks based on minimizing power
consumption in large-scale communication architectures. Major conclusions indicate that adaptive link
management can save a lot of energy, although the authors note that there is a gap in uniting these strategies with
new 5G vehicle-to-everything (V2X) standards. The survey is used as a reference point towards a sustainable
network infrastructure development. [5].
Ahmed et al. (2017): The secure and energy-aware routing based on trust frameworks in the disaster response of
wireless sensor networks. They discovered that the mechanisms that are based on trust can block malicious data
and save energy, but there is a lack of scaling of such secure mechanisms to large-scale IoTs. Their study points
out the most important trade-off as network security and the length of operation power [6]. Kui et al. (2018):
Presented the temporal reachability graph to study the connectivity and energy awareness of time-varying mobile
opportunistic networks. Their research confirms that temporal analysis can enhance the rate of data delivery
success, yet it reveals a gap in the modelling of energy consumption of high-speed vehicular mobility conditions.
The results present a paradigm of keeping in touch with unpredictable topologies of mobile networks. [7].
Corral et al. (2015): To optimize the power of mobile and embedded devices, the energy performance of custom
Android kernels was evaluated. They found that background power consumption can be lowered by almost 10
percent with the help of kernel-level optimization, but there is still a research gap in normalizing such indicators
to different HMI hardware. The research gives a technical ground on the development of green software in mobile
ecosystems [8].
Del-Valle-Soto et al. (2020): Used a wireless sensor network energy model to optimize the routing protocols to
deliver data more optimally and efficiently. Their results show that proper modeling can increase the operating
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life of sensor nodes by a factor of two, but that they have identified a shortcoming in allowing dynamic traffic

loads. This study is critical in developing sustainable monitoring systems in complex technological setup. [9].

Auffenberg (2017): Designed a comfort-based and energy-sensitive HVAC agent that can be used in smart grids.

The paper emphasizes the ability of intelligent agents to provide thermal comfort and minimize peak comfort but

notes that a gap exists in multi-user preference negotiation in common cabin areas. The article is critical in

justifying the idea of user-focused energy management in EVs [11].

Suciu (2020): Examined the energy-conscious optimization of low-power radio to optimize the connection in the

IoT and vehicular system towards sustainability. The study demonstrates that radio optimization can save a lot on

transmission energy but there is still a disparity in the optimization of radio with multimedia demands of the high

bandwidth. The dissertation offers a strong framework of low-power communication validation in energy-

restricted machines. [12].

IILLKEY OBJECTIVES

The main Key Objectives in the development of validation metrics of the energy-conscious Human-Machine

Interfaces (HMlIs) in Electric vehicles (EVs) are as follows:

» Increase the awareness of the energy consumption of a driver: To set the standards of intelligent eco-aware
systems that will successfully raise the sensitivity to energy consumption of a user and bring about a
sustainable approach to driving [1] [25].

» Check Sensor Data Quality: To provide the Valid IoT framework of sensor data quality analysis and
interpolation, it is necessary that the data the driver is fed with does not depend on inaccurate information of
low fidelity [20].

» Profile Software Energy Consumption: To apply random decision forests and profiling methods to quantify
the greenness of the HMI software itself, it is necessary to make the interface itself not much of a power drain
[24] [8].

» Optimize Real-Time Feedback Mechanisms: To assess how well speed advisory systems and driver feedback
loops can decrease the amount of energy used and still ensure the safety of the vehicle [17] [25].

» Apply Predictive Energy Modeling: To utilize machine learning and online learning systems to manage the
resources and model efficiency, enable the HMI to adjust to configuration-dependent driving situations [2]
[15]119].

» Assure Contextual and Cross-Layer Integration: To ensure that the HMI is capable of functioning in a
reconfigurable cyber-physical system, make use of contextual awareness to mediate driver comfort to energy
limitations [11] [16] [18].

» Standardize Secure Interaction: To establish measures of secure integration and authentication in the cases
where the vehicle is communicating with smart grid testbeds and wider IoT networks [21] [22].

» Enhance Resource Management on Heterogeneous Platforms: To set up quantifiable KPIs of the manner the
HMI allocates computational resources between various vehicle hardware tiers to remain efficient [2] [5].

IV.RESEARCH METHODOLOGY
The study procedure is a cross-layered, holistic approach of defining and testing measures of energy conscious
Human-Machine Interfaces (HMIs) in electric vehicles (EVs). This will start with the background study of the
concept of fitting intelligent eco-conscious systems into the daily items to enhance user energy consciousness [1]
and an overview of the current driver feedback systems aimed at efficiency and safety [25]. To solve technical
performance of the HMI software, the methodology includes green software requirement measures with random
decision forests of energy consumption profiling [24] and energy-sensitive performance checks of mobile kernels
[8]. The data integrity is also a huge part of the framework, as it uses the framework of Valid. IoT as the sensor
data quality analysis and interpolation [20], to guarantee the accuracy of the real-time feedback provided to the
driver. Additional energy efficiency modeling is achieved by machine learning in configuration-dependent tasks
[15] and edge machine learning [19] that is energy-efficient. Energy-aware core network design is used to verify
the HMI network and communication layer [5] time-varying mobile network temporal reachability graphs [7] and
low-power radio technologies optimization strategy [12]. System architecture is evaluated using the principles of
cross layer design of reconfigurable cyber-physical systems [18] and Internet based learning system of on-line
resource management in a heterogeneous platform [2]. The effects on behavior are measured through the research
of vehicular-communications-based speed advisory systems [17] and contextual awareness aspects in human-
advanced-vehicle systems [16]. Besides, the methodology approaches the issue of assessing the interface in the
context of the overall energy system via electric vehicles robot-based testbeds to assess grid operations [21] and
current technology authentication and flawless integration protocols in smart grids [22]. The fuzzy-applied

IJETRM (http://ijetrm.com/) [278]


https://ijetrm.com/issue/
http://ijetrm.com/

Volume-05 Issue 06, June-2021 ISSN: 2456-9348

Impact Factor: 5.004

IJETRM

International Journal of Engineering Technology Research & Management (IJETRM)
Journal Article
https://ijetrm.com/issue/

clustering [14] and energy-aware distributed protocols to heterogeneous wireless sensor networks [4] [6] [9] are
used to measure the routing efficiency in the IoT-connected vehicle environment. Lastly, niche types of
applications, including multiflight planning in unattended vehicles [3] and comfort-based HVAC agents [11] are
referred to as benchmarks of cross-domain autonomous energy management. This methodical combination of
software, hardware and behavior data make it straightforward to establish specific, quantitative metrics of
validation which can determine EV interfaces are successfully minimizing consumption and reliability remains
of the system.
V.DATA ANALYSIS

The analysis of the energy-conscious Human-Machine Interfaces (HMIs) in Electric Vehicles (EVs) data shows
that there is a multi-dimensional validation requirement in terms of software performance, data reliability, and
behavioral impact. The preliminary evaluation stresses that the need to incorporate smart environmentally aware
systems into common objects of daily vehicles is critical to raising the user awareness about energy consumption
[1]. The proper validation of these interfaces requires measurement of the operating effect of driver feedback
systems which must be efficient but also safe [25]. The metrics of quantitative software is obtained using energy
conscious online learning models of managing resources, and the performance of specialized kernels, where the
HMI is not a power sink [2] [8]. Further measurements include such concepts as green software requirements and
energy consumption profiling through random decision forests to guarantee lean interface operations [24]. To
ensure high data integrity, the analysis will use sensor data quality and interpolation frameworks to eliminate the
possibility of erroneous feedback due to faulty IoT inputs and data [20]. Machine learning at the edge drives real-
time energy efficiency modeling that, being configuration-dependent, can give the high-fidelity predictive metrics
needed in dynamic feedback [15] [19]. In addition, energy-conscious temporal reachability graphs and speed
advisory systems tailored to the electric mobility use case are proven to justify the mobility context [7] [17]. The
system level analysis incorporates cross-layer designs to reconfigurable cyber-physical systems and the HMI
would be integrated to the core network of the vehicle and optimal routing protocols [5], [18]. The security and
authentication in the smart grid environment are also a critical measure of validation which makes energy data
exchange in the smart grid secure and reliable [22]. Fuzzy logic is also employed in energy-aware clustering of
IoT network to minimize the communication cost of the interface [14]. Lastly, robot-based testbeds in future grid
assessment offer a common physical reference point at which simulated energy models can be tested in a real-
world EV environment [21]. All these metrics together offer a complete validation framework of how successful
the energy-aware human-centric automotive systems.

TABLE 1: VALIDATION METRICS FOR ENERGY-AWARE HMIS IN EVS

HMI Primary Validation .
S. No Application Metric Technical Methodology Reference
s 1Al | Use Ere Embeddlng intelligent eco-aware systems
01 . into everyday dashboard interactions to [1]
Interaction Awareness Index .
track behaviour changes.
Heterogeneous Evaluating energy-aware online learnin
(0N} Computing Overhead & gy ) g
02 for resource management across different [2]
Resource (mW)
HMI hardware platforms.
Management
. . Applying multi-flight planning algorithms
03 Long—Range Trip Energy Consumptlon to EV navigation for unattended or [3]
Planning per Mission I
autonomous route optimization.
WSN-Integrated Distributed Protocol Measuring the energy cost of distributed
04 . protocols used to gather data from [4]
Telemetry Efficiency .
heterogeneous vehicle sensor networks.
Core Vehicle Network Operational Ass§551’ng s energy-aware dRzs o the
05 . . vehicle's core communication bus and its [5]
Network Design | Life .
impact on HMI latency.
Secure Trust-Based Routing Vall.datlng secure an.d energy-aware
06 Emergency routing for EV communication in disaster [6]
. Overhead .
Communication response scenarios.
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Mobile Using temporal reachability graphs to
. Temporal . . . .

07 Opportunistic Reachability Success validate connectivity for time-varying [7]
Networking Y mobile opportunistic vehicle networks.
Android-Based Kernel Eneray Comparative performance e?valuatlon of

08 . energy-aware custom Android kernels for [8]
HMI Kernels Consumption R .

vehicle infotainment tablets.
Sensor Network Routing Energy thlZl.ng spect alies. Gy moqels to

09 . optimize routing protocols within the [9]
Optimization Model Accuracy . .

vehicle’s sensor architecture.
In-Cab HVAC Comfort-to-Energy Deploying comfort-based, energy-aware

10 . agents to manage HVAC systems via the [11]
Smart Control Ratio ) . .

HMI in smart grid environments.
Optimizing energy-aware radio

1 Low-Power Transmission Power | technologies for low-power [12]
Telemetry Radios | Efficiency communication between the EV and

external sensors.
. . Applying fuzzy-applied energy-aware

12 Fuzzy Logic IoT Clus.te.rlng Energy clustering for routing data from IoT- [14]
Routing Stability .

enabled vehicle components.
ML—Ba.sed Model Prediction Modelhng. energy'efﬁmency' for Vehl.cle

13 Predictive Acourac configurations using machine learning [15]
Feedback Y comparative studies.

Surveying and validating contextual
Situational . . . awareness in human-advanced-vehicle
14 Awareness HMI Driver Reaction Time systems for improved safety and [16]
efficiency.
Micro-Mobility Range Extension Limpleemiisry P c2d) adVISOI"y gystems
15 Speed Adviso Percentage based on vehicular communications to [17]
P v & optimize electric bicycle/vehicle energy.
. System Validating  cross-layer  designs  for
16 Cyber-Phy.swal Reconfigurability reconfigurable cyber-physical HMIs to [18]
Configuration
Cost ensure hardware-software energy synergy.
. Implementing energy-efficient machine
17 f&i;ﬁgﬂpmmg Egienc Ll G learning on the "edge" (vehicle-side) to [19]
Y provide real-time driver feedback.
Sensor Data Data  Tnterpolation Utilizing the Vahd.‘IoT frame\york for
18 Inteerit Validit sensor data quality analysis and [20]
gnty Y interpolation to prevent false feedback.
Grid-to-Vehicle Robot-Based Testbed | iy MU (3 1ntegrat1qn throggh
19 (V2G) Testin Reliabilit robot-based testbeds for electric vehicle [21]
& Y feedback systems.
Secure HMI | Authentication Validating state-of-the-art authentication

20 and access control for secure HMI [22]
Access Control Energy Penalty . . .

integration into the smart grid.

Basic HMI and Behavior Metrics.

[1] User Awareness Index. It gives confirmation to the effectiveness of prompts in an interface that are eco-aware
to alter human behavior. This measure is used in an EV to determine how a driver decreases the energy use
following an alert on an HMI.

[16] The present research is concerned with Contextual Awareness. It sets standards of validation of the quality
of understanding of the state of the driver and his/her environment. An HMI is tested by the fact that it should be
able to offer the correct energy guidance when the correct time is needed and this should not be distracting to the
driver.
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[25] This is the standard of Efficiency vs. Safety. It confirms driver feedback systems by determining the
correlation of the saving of energy (eco-driving) and safe distances and speeds.

Performance and Software Metrics of the system.

[2] Gives the Approximation of Computer Overhead. The documentation of the energy cost of the software itself
is justified by the fact that HMIs are operated using complex hardware, and this research assures that the so-called
energy-saving app is not going to use more power than it will save.

[8] True or False Operating System Efficiency. It offers a way to test Android kernels that are usual in current EV
infotainment systems, with the emphasis placed on the energy usage of background processes.

[18] Presents Cross-Layer Reconfigurability. This confirms the ability of the HMI to be able to scale its power
consumption between various hardware and software layers if the batteries in the vehicle are drastically low.
[24] Gives Software Profiling Metrics. It enables developers using the energy footprint of HMI code before
deployment to verify the deployment using the "Random Decision Forests" that the software requirements are
green.

AI Metrics and Data Integrity.

[15] Defines Modeling Accuracy. To provide good energy guidance, the machine learning models behind an HMI
must be accurate. This paper confirms the predictive ability of energy-efficiency models.

[19] Mints Edge Inference Latency. As EV feedback must be real-time, this research paper quantifies the speed
and efficiency of machine learning to execute on the edge (within the vehicle computer) instead of on the cloud.
[20] Gives the Metric of Data Quality. It authenticates sensor data integrity. In the case when one sensor provides
noisy data, this framework can guarantee that the HMI does not provide the driver with incorrect energy-saving
recommendations.

Measures of connectivity and infrastructure.

[5] Tests Reliability of Core Network. It makes sure that the energy-aware communication protocols of the internal
network within the vehicle do not crash in case of a high-data HMI task.

[7] Uses Temporal Reachability. This checks the quality of connection of the vehicle to external networks (such
as charging stations or other cars) as it goes and this is important to the range-prediction accuracy of the HMI.
[17] Confirming Success of Speed Advisory. Considering electric micro-mobility, it is the

degree to which it can increase the range with the user adhering to the speed recommendations of the HMI.

[21] Provides Testbed Fidelity. It verifies the HMI designs through robotic testbeds to emulate the interaction of
a vehicle with the Future Grid (V2G) to ensure that the interface is properly configured to process grid feedback.
[22] Restates the Security Energy Penalty. It authenticates the power expense of security attributes (such as
passwords or encryption) in the HMI, in which case securing the data of the driver does not reduce the battery
intolerably.

Internet of Things and Special Energy Measures.

[3] It is built on seaplanes but offers the Mission Planning Metric, which proves how an HMI must display long-
range "multi-stop" routes to consume the least amount of energy.

[9] These authenticate Sensor Routing Efficiency. They give measurements of the efficiency of data packet
transportation between the battery and motor sensor of the car and the HMI display.

[11] Trade-off between Comfort and Energy is confirmed. It quantifies the way an HMI ought to control HVAC
(heating/cooling) to conserve energy without making the driver too uncomfortable to be on guard.

[12] & [14] Low-Power Communication. They give the measurements of the usage of the Fuzzy Logic and the
low-power radio to make sure that the HMI is not disconnected to the devices of the IoT and the use of the
minimum level of energy is possible.

TABLE 2: REAL-TIME APPLICATIONS AND VALIDATION METRICS FOR EV HMIS
Real-Time

S. No c L. Validation Metric Implementation Strategy Reference
Application
Eco-Aware Embedding intelligent systems into HMI
01 Dashboard Awareness Index (%) | to alert drivers of wasteful energy habits. [1]
Notifications

Dynamic Task Using online learning frameworks to

02 . Resource Utilization | manage CPU/GPU load for infotainment [2]
Scheduling apps

03 Optimal Route | Energy per Mission | Calculating energy-efficient trajectories 3]
Planning (kWh) based on multi-stop mission parameters.
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Battery Telemetry | Transmission Energy Utilizing distributed protocols to gather

04 o sensor data from heterogeneous battery [4]
Monitoring Cost cells
Internal Network Ener Optimizing the core vehicle network to

05 | Communication . &y handle HMI data without power spikes. [5]
Bus Efficiency

. Secure, energy-aware routing for EVs
Disaster Response . . .

06 o Routing Trust Factor | operating in emergency or unstable [6]

Navigation
network zones.
V2X Connectivity | Temporal Yahdatmg HMI connef:twlty to

07 o infrastructure  through  time-varying [7]
Updates Reachability .

reachability graphs.
Smartphone-HMI | OS Power Footprint Evaluating the. energy consump ‘qon of

08 . custom Android kernels for mirrored [8]
Integration (mW) .

interfaces.
Real-Time Range | Model Accuracy Ap].)ly.lng spemﬁc oiegy edds i

09 .. optimize the routing of sensor data to the [9]
Prediction Index

HMIL
Predictive  HVAC | Comfort-to-Power Smart HVAC agents adJustlng Cabm

10 . temperature based on real-time smart grid [11]
Management Ratio data
Remote Sensor | Radio Power Opt'lmlzmg lon—power Faly il fpr

11 .. ) peripheral vehicle sensors (e.g., tire [12]
Connectivity Consumption

pressure).
IoT-Based  Fleet | Cluster Stability Using fuzzy-apphed. clustering 'for

12 - . energy-aware data routing across vehicle [14]
Monitoring Metric

fleets.
Predictive -y Machine learning models evaluating
. Prediction Mean . .
13 Maintenance vehicle configuration to warn of [15]
Error .
Alerts efficiency loss.
Augmented Reality | Contextual Va}lldatlng HMI overlays. that guide

14 drivers toward energy-efficient lanes and [16]

Overlays Awareness Score
speeds.
Adaptive . Real-time speed advisory systems that

15 Cruise/Speed Ié;n)ge LR inform the driver of the optimal cruising [17]
Advice i pace.

Hardware- Reconfigurability Validating cross-layer design that‘ allows

16 the HMI to scale down power during low [18]
Software Synergy | Overhead

battery.
Voice Edoe Inference Processing machine learning tasks locally

17 Recognition/Al Lai ne "on the edge" to provide instant driver [19]
Assistant Y feedback.

g | Semsor - Data | Datatnterpolation | {0 e ey enetey | [20]
Verification Validity stats play ’ Y &y
Vehicle-to-Grid Testbed Evaluation U;lng rObOt._ ORI (iR 1D Vahqate

19 Sy grid interaction feedback on the vehicle [21]
(V2G) Status Fidelity .

display.
Secure Driver | Security Energy Measuring the energy 1mpapt .of secure

20 . access control for smart-grid integrated [22]
Authentication Penalty HMIs

[1] Eco-awareness dashboards are received through a test of the awareness index of a user. The application aims
at instilling smart alerts that can remind a driver of the habits that consume a lot of energy. The system would
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measure the effectiveness of the HMI in promoting the development of eco-friendly behavior by monitoring the
change in driving patterns after the notification. This establishes a psychological reference point on the
understanding of how the digital feedback can be converted into the physical energy saving.

[2] Dynamic task scheduling is an online learning platform, which is used to run computational resources in
heterogeneous HMI platforms. It authenticates the use of resources by matching the processing requirements of
the infotainment applications to the power limitations of the vehicle hardware. The design of the interface will be
responsive, and it will not lead to power spikes, which will deplete the main battery. The metric emphasis is placed
on the reduction of the energy footprint of the background software running.

[3] Optimal route planning involves the use of energy conscious algorithms to find the most efficient route to use
during long distance missions. This application justifies the energy used on individual missions by overlaying
vehicle specific data on top of topographical data on the HMI. It gives an analytical navigation system in which
the focus on battery life is put, instead of mere distance. The aim is to make the vehicle have a maximum range
in its operations by intelligent pathfinding.

Battery telemetry monitoring represents a distributed protocol that is used to control the flow of information
between a network of heterogeneous sensors. It authenticates the cost of energy of transmitting information, and
the monitoring system does not waste a lot of power. The application allows a stable and efficient representation
of the state of charge of the battery by enhancing the transmission of sensor data to the HMI. This will make sure
that the driver is updated in real time without straining the internal vehicle network.

[5] Application Internal communication bus is concerned with the structural design of energy-aware core networks
to facilitate HMI data. This justifies network efficiency in the minimization of the energy footprint of high-
bandwidth data transfers in the vehicle. The plan averts network overload which may cause delays in safety critical
power gauges. It provides a strong hardware-software base of real-time feedback systems of drivers. The
navigation in disaster response uses a trust-based secure routing system to maintain the reliability of HMI in the
emergency areas. When the infrastructure has been compromised it justifies the trust aspect of information given
to the driver. This application will make the energy-aware routing stable under load, which will increase the
survival time of the vehicle. The metric focuses on data reliability and security in environments that have high
stakes.

[6] Forceful routing Disaster response navigation is a reliable routing that uses a trust-based model to guarantee
the reliability of HMI within emergency regions. It confirms the trust aspect of the information presented to the
driver when infrastructure is destroyed. This application makes sure that the energy-aware routing can be used
under stress to increase the survival time of the vehicle. The measurement focuses on trustworthiness and safety
of data at high-stakes settings.

Time reachability graphs are used by [7] V2X connectivity to authenticate the ways an HMI can sustain a
connection with mobile opportunistic networks. The application quantitatively determines connectivity success in
conditions where the external data signals are variable in time or discontinuous. It will verify the quality of external
data sources to enforce the range-prediction features on the dashboard, and make sure that it is accurate. The
metric aims at making the reachability as large as possible and the signal-search energy as small as possible.
FA-8 Use of Smartphone-HMI uses a performance assessment of custom Android kernels to unify the power
footprint of vehicle displays. This app authenticates the energy usage of the operating system in which the
interface is utilized, aiming at the efficiency of background processes. Through kernel refinement, the developers
will be able to lower the parasitic power consumption of the vehicle primary infotainment display. It offers a
software level measurement of energy conscious mobile to vehicle connectivity.

[9] Predictions of real time range make use of certain energy models to optimize the transmission of sensor
telemetry to the dashboard. The application confirms the accuracy index of the model by comparing the predicted
range with the real consumption by the vehicle. It gives a reliable distance to empty indicator to the driver which
varies according to the prevailing driving conditions. The approach is concerned with reducing the latency of data
to maximize the predictability of results.

[11] Predictive HVAC management in smart grid systems, smart agents are used to control climate, based on
comfort, through the HMI. It authenticates the comfort to power ratio by matching passenger thermal requirements
to the energy range accessible in the vehicle. The interface gives the driver an indication of the effects of climate
settings on total range to make informed trade-offs. This will consider that efforts to save energy will not affect
driver alertness and comfort in the cabin.

[12] Remote sensor connection optimizes low-power radio to vehicle peripherals such as tire pressure sensor or
environmental sensor. It checks the radio power consumption and reliability of the signal of the links being fed to
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the HMI display. This makes sure that the interface gets a holistic picture of the state of the car without paying
much energy. The software is based on ensuring the sustainability of a high density of internal IoT sensors.

[14] ToT-based monitoring of fleet uses fuzzy logic to group energy-sensitive data transmission among several
vehicle nodes. It confirms the stability of clusters and routing performance to avoid the rapid battery exhaustion
in individual components of network. The application is important to control the cumulative energy consumption
of a fleet through a centralized HMI. The measure of the lifespan of individual nodes is measured, and data flow
is maintained.

The machine learning method in predictive maintenance alerts makes use of machine configuration to identify
vehicle losses in energy consumption. The application is used to check the prediction mean error by detecting
mechanical problems that consume more energy before it can be serious. The HMI informs the driver about
proactive maintenance notifications to avoid the increase of the range. It creates a technical standard of Al-based
diagnostic systems in the current electric cars.

[16] AR overlays legitimize the performance of contextual consciousness of sophisticated human-vehicle
interaction structures. This application compares the contextual awareness score to determine the extent of digital
overlays which direct drivers towards energy-efficient behavior. The HMI enhances efficiency without inducing
cognitive overload since it marks the best places to decelerate or use lanes that conserve energy. The validation
under consideration is concerned with the security and understandability of the given energy recommendations.
[17] Adaptive cruise and speed advice systems are the vehicular communications, which give real-time optimal
speed advice. The application qualifies the percentage of range extension attained when the drivers comply with
the recommended pace of cruising when the HMI is used. It is especially efficient in the city setting, where power
wastage due to unnecessarily braking can be greatly minimized with speed advisory systems. The measure directly
correlates feedback of HMI to actual reduction of energy.

[18] Cross-layer designs of reconfigurable cyber-physical systems such as EV dashboards are proven to be
hardware-software synergy. The reconfigurability overhead in this application is measured by changing the
complexity of the graphical depiction of the HMI as the battery levels change. It also makes the interface
operational in the low-energy states with priority on critical driving data. This confirms the dynamism of the
power state in the system.

[19] Voice recognition and Al assistants run energy-efficient machine learning at the edge to receive orders. The
application confirms the edge inference latency, which means that the driver gets real-time responses without
making use of energy-intensive cloud communication. It is also responsive and intelligent, as well as consumes
less power in natural language processing. The metric is concerned with the trade-off between the Al functionality
and power consumption.

[20] Data quality analysis and interpolation framework is used to verify sensor data to get HMI accuracy. The
application confirms interpolation validity of the data, which blocks out the noisy and false sensor data before it
gets to the driver. The HMI guarantees high data integrity to avoid misleading feedbacks which might result to
the making of bad energy management decisions. This is an extremely important reliability measure of the whole
interface.
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VI.CONCLUSION

The design and deployment of energy-conscious Human-Machine Interfaces (HMIs) to the area of electric vehicle
(EV) should be regarded as a multi-dimensional validation framework that successfully bridges the gap between
the technical system performance and human-focused behavioral change. The initial quantitative measure of
validation, as determined in is the quantifiable change in a user in the way of the increased energy awareness via
intelligent, eco-conscious prompts that effectively alter the driving behaviors. The feedback systems, which are
addressed in also support this behavioral component because they prove the two objectives of road safety and the
efficiency of operations. Technically, when energy apps are validated, the cost of computation of the software
itself needs to be considered; online learning frameworks to manage resources and optimized operating system
kernels are metrics used to make sure that the interface is not a parasitic burden on the vehicle battery. Also, the
survivability of the data network is tested under energy-efficient core networks and secure and trustful routing
protocols that ensure that the data network will not collapse in severe conditions. Predictive accuracy can be
considered an important validation criterion, in which machine learning models and edge-computing inference
are tested on predicting real-time and high-fidelity energy advice with the latency and power overheads of relying
on the cloud. The quality of sensor data is also used to ensure the integrity of the feedback provided by the driver
and use interpolation to remove noise to offer a robust range estimate. The navigation and planning measures are
justified through implementing multi-stop planning logic and temporal reachability graphs to make sure that HMI
can handle the connectivity of mobile environments with time-dependent features. There is also the speed advisory
system which uses vehicular communications to give a direct measure of the range extension depending on
whether the driver is following cruise suggestions. The validation model would also be applicable in the
infrastructure integration where robot-based testbeds and secure authentication protocols are used to determine
how the vehicle-to-grid interaction influences the performance of the HMI. The comfort-based metrics make sure
that the energy-saving HVAC agents do not affect the state of the driver adversely, whereas the principles of
cross-layer design prove the reconfigurability of the system when the energy constraints change. Lastly, the
mandatory benchmarks of the underlying code would be suggested by the green software requirements and
software energy consumption profiling whereas the IoT-based clustering and low-power radio technologies would
guarantee the stability of the data flow in the sensor network of the vehicle. With the combination of such a wide
range of metrics, the developers will be able to create the standardized validation protocol that will guarantee
energy-conscious HMIs to be both technically efficient and operationally secure in the dynamic environment of
sustainable mobility
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