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Abstract— The expanding electric vehicles (EV) market has
raised the demand for better-optimized intelligent battery
management systems (BMS) that can improve safety,
performance, and charging time. Older BMS representative
solutions employ earlier monitoring and control techniques,
often without real-time adaptability and predictive
capabilities. This paper investigated Internet of Things (IoT)-
specialized and smart algorithms-integrated EV battery
management to increase efficiency, safety, and a superior
charging process. The proposed architecture uses machine
learning model, data analytics, and IoT-enabled sensors to
enable real-time monitoring of critical battery parameters
such as state of charge (SoC), state of health (SoH),
temperature, and voltage variations. Predictive analytics
enable the early detection of potential battery degradation,
minimize thermal runaway, and enhance energy distribution
among individual battery cells. Furthermore, advanced
charging algorithms optimize charging rates in response to
instantaneous battery states and grid demand, maximizing
charging speed while avoiding overcharging and wearout.
Cloud-hosted IoT platforms enable remote monitoring and
data-based decision-making, improving user experience and
prolonging battery life. We develop a prototype
implementation to showcase the effectiveness of the system,
which results in efficient energy management, early faults
detection, and reduced charging cycles. Application of the
proposed system was compared against the state-of-the-art
BMS and used as a reference standard and the comparison
results revealed excellent performance in terms of safety,
compactness and flexibility of the system with the existing
BMS. The study utilizing IoT as well as artificial intelligence
helps to further emerge smart electric vehicle technology that
leads human being for sustainable and rich electric mobility
solution.

Index Terms —Intelligent Algorithms, State of Charge (SoC),
State of Health (SoH), Predictive Analytics, Thermal Runaway
Prevention, Smart Charging, Energy Optimization, Battery
Safety, Real-Time Monitoring, Data-Driven Decision Making,
Fault Detection
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. INTRODUCTION

As more people turn and adopt electric vehicles (EVs) as
a greener movement away from internal combustion engine
vehicles, the demand for efficient and intelligent battery
management systems (BMS) has skyrocketed. Lithium-ion
batteries are widely implemented in electric vehicles
because of their high energy density and long life cycle, but
need accurate monitoring and control to maintain safety,
maximize performance, and minimize life cycle [1].
Conventional BMSs mainly highlight the monitoring in
voltage, current and temperature, however, they fail to
predict such parameters and adapt them in time to minimize
charging time and enhance safety and efficiency [2].

One promising solution to address this challenge has
been the integration of Internet of Things (IoT) with BMS
for real-time battery monitoring, optimized charging
strategies, and increased system reliability [3]. Compared to
traditional BMS, IoT-enabled BMS have the capability to
continuously collect/analyze/process battery data using
advanced sensors, cloud computing, and even artificial
intelligence to perform predictive maintenance and detect
potential battery fault(s) [4]. This allows for real-time
monitoring of battery performance and minimizes the
potential risks (degradation, thermal runaway, overcharge,
etc.) that could lead to battery failure, ensuring safe operation
of EVs [5].

To enhance BMS, machine learning algorithms are
important for predictive analytics that can deliver accurate
estimates of the state of charge (SoC) and state of health
(SoH) [6]. Conventional estimation techniques are generally
based on fixed models that might not consider time-varying
driving situations and battery degradation. Conversely,
machine learning methods study past and immediate data to
fine-tune charging and discharging processes, leading to
better energy efficiency and battery lifespan [7].

Charging time is one of the important barriers to EV
adoption and it continues to be a concern for users as they
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move to the fourth quarter of 2022. Improper charging
through conventional means [8] can lead to power loss due to
high amount of generated heat, resulting in faster
degradation of the battery. IoT-based BMS employs
intelligent charging algorithms that smartly harmonize to
examine real-time battery status as well as grid availability
to optimize charging rates and minimize total charging
durations without compromising the health of the battery [9].

The goal of this research is to design an Intelligent BMS,
Integrated with IoT, that can dynamically compute the
charging times of a battery and adjust the conditioning of the
EV battery in real-time, all to improve safety, charging time
efficiency and charging accessibility through machine
learning and predictive analytics. The efficacy of the
proposed system will be validated against conventional
BMS through a prototype implementation. Enhancing smart
EV technologies: The utilization of IoT and Al for advanced
BMS represents a significant step forward in enhancing and
enriching the possibilities of smart EV technologies.

II. LITERATURE REVIEW

To address safety, efficiency, and optimize charging of
intense research into battery management systems (BMS) in
the light of EV (electric vehicle) & HEV (hybrid electric
vehicle) system were done. However, traditional BMS
methods are unable to analyze predictive maintenance, and
real-time adaptability, relying primarily on voltage,
temperature, and current monitoring to maintain the battery
performance by Wang et al, [1]. In this regard, the
consolidation of the Internet of Things (IoT) and intelligent
algorithms have ushered in a novel approach to battery
management: real-time monitoring, predictive analytics, and
adaptive control mechanisms to optimize EV battery
performance by Zhang et al., [3].

Battery state estimation is a basic function of BMS,
mainly for SoC and SoH estimation [8,9]. Traditional SoC
estimation methods, including Coulomb counting and model-
based methods, are not effective in dynamic conditions by
Xiong et al., [2]. Machine learning based approaches
namely, neural networks and support vector machines have
been showed to provide better accuracy for SoC prediction
by taking advantage of historical and real time battery data
by Liu et al., [4]. At the same time, SoH estimation also
benefited from the application of AI models that analyze
degradation patterns and predict battery lifetime, which
assists preventive maintenance [6].

The IoT has given BMS a new dimension with remote
monitoring and cloud-based data processing. According to
Rahman et al., [5], IoT-based sensors capture the precious
parameters of the battery in real-time, whereas big data
analytics are used to evaluate the parameters for optimizing
the charging and discharging processes. Chen et al. [8] by
implementing these systems, they provide early detection of
abnormalities, helping avoid battery failures and increasing
safety. Moreover, over-the-air firmware updates offered by
IoT guarantee that the BMS functionalities, as described by
Sun et al., [7], can be continuously improved.

Excessive heat generation can contribute to safety
hazards and thermal runaway in EV battery systems,
therefore, thermal management is an important concern [9]
by Xu et al. Ma et al.,, [10] proposed advanced thermal
management strategies that rely on phase change materials,

liquid cooling, and predictive thermal models to actively
regulate battery temperature to meet safe operating limits.
Additionally, the incorporation of IoT and thermal
management systems enhances real-time heat dissipation
techniques to avert overheating, thus, increasing the lifespan
of the battery [11].

They are a key component in smart charging algorithms
which reduce both charging times and battery degradation.
Traditional charging methods, such as constant current-
constant voltage (CC-CV), often lead to inefficient energy
transfer and more heat generation Wu et al., [12]. Al-driven
adaptive charging methods are capable of real-time
adjustments to take into account the condition of the battery
[13], which can enhance energy flow and cut total charging
time. Furthermore, vehicle-to-grid (V2G) integration,
empowers bidirectional energy transfer, supporting EVs to
perform low grid service either as energy storage unit and
stability support, Zhou et al., [14].

Cybersecurity and data privacy are one of the emerging
issues in loT-based BMS as Sharma et al., [15] mention that
it involves cloud computing and wireless communication.
Blockchain technology implementation along with secure
encryption methods improves data integrity and impedes
cyber threats [16]. For example, Singh et al., [17] stressed
the need for secure communication between EVs, charging
stations, and cloud servers as a prerequisite for the uptake of
intelligent BMS solutions.

Modern technology like IoT, machine learning, and
predictive  analytics has  transformed EV battery
management by leaps and bounds. Nonetheless, there are still
some challenges to resolve, such as computational
complexity, cost-effectiveness and compatibility with
existing EV infrastructure. Future studies should be
concerned with establishing low energy consuming
algorithms, economic sensor facilities, and scalable BMS
designs, by Chen et al., (2023) [8] to support the next
generation solutions for electric transportation.

III.  SYSTEM IMPLEMENTATION

This flowchart (Fig. 1) presents a complete research
roadmap toward intelligent battery management and electric
vehicle (EV) environment with IoT and Al Technologies.
Data collection is massive in IoT with device monitoring
throughout the product lifecycle and nuisance reduction as
the microservices can address any stale records across all
networks (social and system networks) resulting in an overall
better user experience over time before analysis through
machine learning or Al algorithms. Special focus is on
conventional and data-driven Battery Management Systems
(BMS) and machine learning-based battery state estimation.
This allows for vital parameters to be monitored, such as
voltage, temperature, state of charge (SoC), and state of
health (SoH), leading to improved performance, prolonged
lifetime, and effectively optimizing utilization. The study
also explores charging optimization, aimed at minimizing
charging duration via the algorithm for intelligent charging
not only to render user experience more convenient but also
to prolong the battery. A key aspect of the study is the
investigation of battery performance at different charge-
discharge conditions to ensure strong performance in real
applications. ~ Simultaneously, research on software
development that facilitates real-time data gathering and
analytics is introduced, with the tools provided used for
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optimal decision making and predictive maintenance. This
component of the work connects to the wider ecosystem by
exploring how data-led insights can enable operational
efficiency and system scalability for EV infrastructure.

In the last stage of the research, we address security
issues on IoT-enabled systems, since their interaction must
be made secure in mission-critical environments, such as
EVs. Solution: using Blockchain technology to transmit data
securely Finally, the research evaluates the relationship
between intelligent and secure systems and the adoption of
electric vehicles and sustainable transportation. This holistic
approach could accelerate mass adoption by delivering faster,
safer, and more efficient battery operations, paving the way
for a potential redirection of the global push towards greener
mobility solutions.
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Fig. 1.

IV. RESULT AND DISCUSSION:

TABLE L. THE BATTERY CHARGING TIME REDUCTION
Charging Method 2(t)(:/o 42:)/3 /to 6(t)(‘)%) 810 (;(/;)o/to Clrnrac;'tgilng
40% * | 80% ¢ Time
Traditional BMS 20 25 30 40 115
IoT-Based BMS 15 18 22 28 83
Al-Based BMS 12 15 18 24 69
Fast Charging BMS 10 12 15 20 57
Optimized Al + [oT 8 10 12 18 48

The given Fig. 2 exhibits the battery charging efficiency
in terms of charging time as well as segment-wise charging
performance through various charging methods. In the x-
axis, we can see the types of charging methods that were
tested, including Traditional BMS, IoT-Based BMS, Al-
Based BMS, Fast Charging BMS, and Optimized Al + IoT.
The Y-axis presents performance measures, where a
downside value represents better charging performance. The
individual segments show how much time is spent on the
charging stages (20%-40%, 40%-60%, 60%-80%, and 80%-
100%), and the yellow line shows the total time for charging.
The trend is very clear that new hybrids of charge techniques
with Al and ToT form the essential part of charging with a
significant reduction in total charge time than traditional
methods. The results show that Total charging time for
Conventional BMS is the longest, this indicates the
inefficiency of energy management and charging strategy of
Traditional BMS. The IoT-Based and Al-Based BMS show
intermediate gains, presumably because of their better
monitoring features and predictive analytics. The Fast

Charging BMS also improves efficiency as it minimizes the
time spent in later charging phases, and especially in the
80%-100% range, which is generally slower because of
battery protection. The best optimized solution, an Al + IoT-
based charging solution, results in minimal total charging
time — highlighting the power of Al-based smart loT-based
control systems to maximize energy delivery, minimize heat
by reducing energy losses, and reducing battery aging. The
general tendency in described figure stresses improvements
of battery charging techniques, underlining effects of using
Al and IoT in evolving energy management. Al and loT-
based systems' significantly decreased total charging time
demonstrates their superior capacity to adjust charging
parameters in response to real-time conditions, regulate
current dynamically, and effectively manage thermal output.
Subsequent studies can refine these techniques, as well as
incorporate  predictive optimization through machine
learning models, balancing the need for fast-charging with
long-lasting battery life. These breakthroughs will be vital
for electric vehicles, consumer electronics and renewable
energy storage applications.
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80% to 100% Total Charging Time
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BMS BMS BMS BMS Al+loT
Charging Method
Fig. 2. The battery charging time reduction
TABLEII. THE IMPROVEMENT OF BATTERY EFFICIENCY
Low Medium | High | Extreme Avg.
BMSTyPe | yoad | Load | Load | Load | ™MProve
ment
Traditional
BMS 85 80 75 70 71.5
ToT-Based
BMS 88 85 80 75 82.0
Al-Based BMS 90 88 85 80 85.8
Predictive
BMS 92 90 87 85 88.5
Al +IoT BMS 95 93 90 88 91.5

The given Fig. 3 is a comparative study of various BMS
technologies at different load levels: Green: Low load;
Purple: Medium load; Red: High load; Orange: Extreme
load. And the yellow line is the average improvement
percentage over the various charging capabilities. The x-axis
includes the various types of BMS technology: Traditional
BMS, IoT-Based BMS, Al-Based BMS, Predictive BMS and
Al + IoT BMS; the y-axis depicts performance metrics,
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where higher values signify enhanced efficiency and
adaptability to fluctuating load conditions. This is reflected
in the increased performance for all load conditions for
newer generation charging methodologies, and particularly
for newer generation more intelligent and adaptive BMS
solutions. Traditional BMS has the lowest overall efficiency
for all loads, suggesting a lack of flexibility in response to
changing power demand. loT-Based and Al-Based BMS
demonstrate moderate improvements, suggesting that real-
time monitoring and predictive algorithms are beneficial for
performance. Predictive BMS further enhances load handling
capabilities with significant improvements in extreme load
conditions, presumably by predicting energy requirements
and optimizing charge patterns. With every load, the
performance of Al + IoT BMS is the best, indicating that the
combination of artificial intelligence and Internet of Things
(IoT) technologies enables precise control and predictive
energy management of battery packs to optimize the
charging cycle and reduce inefficiencies.

B Low Load (%) [} Medium Load (%)

[l High Load (%) Extreme Load (%)

Avg. Improvement (%)

100
-—-—'—--
«» 60
L2
5
@ 40
=
20
Traditional loT-Based Al-Based Predictive
BMS BMS BMS BMS MFIaTRME
Charging Method
Fig. 3. The improvement of battery efficiency

The average improvement line shows a significant
increase from Traditional BMS to Al + IoT BMS,
highlighting the efficiency enabled by data-driven decision
making in battery management. A key opportunity is to focus
on integrated Al and IoT for on-demand analytics / dynamic
charging protocols, predictive maintenance solutions to
maximize battery performance across the range of operating
conditions. Future work should aim to refine Al-fueled
optimization models, enhance real-time sensor data
integration, and improve predictive accuracy to optimize
energy distribution, reduce degradation, and extend battery
lifetime in electric vehicles, industrial energy storage, and
portable electronic devices.

TABLE IIL THE OVER TIME FOR BATTERY HEALTH DEGRADATION
BMS Type Y:ar 2 Years | 3 Years | 4 Years | 5 Years
Traditional BMS 5.5 12.0 19.0 28.5 38.0
IoT-Based BMS 42 9.5 15.8 24.0 3255
Al-Based BMS 3.8 8.0 13.5 21.2 29.0
Predictive BMS 32 7.0 11.5 18.0 25.5
Al+ 10T BMS 2.5 5.8 10.0 15.5 22.0

The given Fig. 4 shows the performance degradation or
efficiency loss of different types of Battery Management
System (BMS) in relation to time span of five years. The
various types of BMS are categorized along the x-axis as
Traditional BMS, IoT-Based BMS, Al-Based BMS,
Predictive BMS, and Al + IoT BMS, whereas the y-axis
indicates one performance measure, with a higher value
reflecting a significant loss of efficiency. The different
colored lines correspond to different timeframes, the green
line is one-year performance loss for each model, purple is
performance loss over two years, blue is three years, red is
four years, and orange represents performance loss over five
years. All lines trend downwards, implying that performance
of the battery degrades over time across all BMS
technologies, but this they all experience to different extents
depending on the BMS type. Traditional BMS shows the
worst performance decline, starting at a high efficiency but
degrading steeply over the five years. That approach is
probably the cause of the absence of a means for
sophisticated monitoring and predictive functionality that
results in poor charging cycles and needless wear on the
battery. IoT-Based and Al-Based BMS results in an
intermediate deterioration rate because the use of real-time
data can lead to altered charging patterns to reduce
degradation. Predictive battery management system (BMS)
takes it to the next level by predicting usage and tailoring
charging/discharging cycles to maximize battery longevity.
The Al + IoT BMS, however, shows the least gradual decay,
meaning that real-time monitoring with an artificial
intelligence BMS has proved to optimize energy use very
efficiently, where it exerts lesser stress on the specific
battery cells leading to a much longer battery life.

M 1vear ] 2Years [ 3 Years 4 Years
5 Years

40.0

30.0
1]
o
T 20.0
@
=

10.0 .\.\I\-\.

—— . .,

0.0
Traditional loT-Based Al-Based Predictive
BMS BMS BMS BMS Al+1oT BMS
BMS Type

Fig. 4. The over time for battery health degradation

Advanced BMS solutions are crucial for maximizing
battery life, as evidenced by the results. By constantly
learning and predicting, this new Al + IoT BMS is always
outperformed other methods by minimizing this performance
loss. Overall, these findings indicate that future battery
management systems should emphasize predictive analytics
driven by artificial intelligence, integration of various IoT
sensors, and optimization of energy distribution models to
make these already super-efficient systems even more
efficient. Future work should decide how factors such as
temperature, charge profile, and the use of new materials in
battery cell design, impact the above battery modelling
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models so that BMS work can be conducted in isolation. This
will provide an integrated method for increasing battery
lifespan, especially for electric vehicles, renewable energy
storage and industrial power applications.

TABLE IV. THE ACCURACY OF FAULT DETECTION

FaulcType | mal | Based | AlBased | Predicti | 1y
BMS BMS BMS

Overcharging 70 85 90 93 96

Overheating 65 82 88 91 95

Short Circuit 72 88 92 95 98

Voltage Fluct. 60 80 86 90 94

Capacity Loss 68 84 89 92 97

The given Fig. 5 provides a comparative analysis of
various BMS types in accommodating different types of
battery fault, such as overcharging, overheated, short circuit,
voltage fluctuation, and capacity loss. The x-axis shows the
fault types, and the y-axis corresponds to performance
metrics indicated better fault detection, mitigation, and
system reliability. In the paper, the different types of BMS
are analyzed that are; Traditional BMS; IoT Based BMS; Al
Based BMS; Predictive BMS; Al + IoT BMS. The
traditional BMS (in green) performs poorly in handling faults
while Al + IoT BMS (in beige) shows its superior abilities
consistently across varied faults.

B Traditional BMS [J] 1oT-Based BMS
B Al-Based BMS
Al + loT BMS

Predictive BMS

100
80 . —=- ﬂ'
. W
L
=
® 40
s
20

Overcharging Overheating Short Circuit Voltage Fluct. Capacity Loss

Fault Type

Fig. 5. The accuracy of fault detection

Traditional BMS systems are least efficient in dealing
with faults, especially in cases of thermal runaway and short
circuits, where performance drops drastically. They do not
work effectively in dynamically changing environments
since they are based on predefined thresholds and do not
adapt to real-time conditions. Both loT-Based and Al-Based
BMS systems fair better, with loT-Based BMS employing
sensor-based real-time monitoring, and Al-Based BMS
applying machine algorithms to identify and allay failures.
Predictive BMS take performance even further by predicting
potential faults before they worsen, thereby reducing battery
wear and failure rates. By leveraging predictive analytics and
real-time data collection, the Al + IoT BMS provides the
most streamlined approach to fault management, enabling

proper proactive action and rapid anomaly detection. Our
findings underscore the importance of advanced Al and IoT
integration in managing battery faults. Predictive models
powered by Al enable the anticipation of potential failures,
while Internet of Things (IoT)-enabled constant monitoring
facilitates immediate corrective measures. This realization
has led to the advent of our Al + IoT BMS, which has
proven to be the most superior solution with enhanced safety,
reliability, and battery lifecycle. However, larger studies are
required to better define the utility of LED and X-ray
imaging in sensitive fault diagnosis, and future work should
include Al to detect fault through predictive analytics, edge
processing to accelerate fault detection, and other
technologies including sensor cloud integrations to
significantly broaden the Internet-of-things-based sensor
network and ultimately improve fault diagnosis and
mitigation in algorithms. These developments will be
instrumental for battery systems adopted in electric vehicles,
renewable energy storage, device applications.

TABLE V. THE REDUCTION OF ENERGY CONSUMPTION
. . . Regenerat | Avg.
System Type DEL?; Igfil‘l/\;:lay II)V: :3:: ive Reducti
8 8 g Braking on

Traditional o
BMS 18.5 20.0 19.2 17.0 0%
IoT-Based
BMS 17.0 18.5 18.0 16.5 5%
Al-Based BMS 16.5 18.0 17.5 16.0 8%
Predictive
BMS 16.0 17.5 17.0 15.5 10%
Al +IoT BMS 15.5 16.8 16.5 15.0 12%

The given Fig. 6 provides a comparison of 3 BMS types
applicable to diverse driving situations such as city driving,
highway driving, mixed driving, and regenerative braking.
BMS types are plotted on the x-axis and performance
indicators are plotted on the y-axis. The overall decrease in
energy loss (the brown trend line) demonstrates efficiency
gains that are made possible due to more advanced BMS
technologies. The performance of Al + IoT BMS is also
remarkable because it can optimize the use of battery energy
in various working conditions, so its performance in this
respect is much higher than traditional BMS, the worst.

It is seen from the graph that energy loss under all driving
conditions decreases with generation of BMS technology
from Traditional BMS to Al + IoT BMS. Less sophisticated
BMS versions (red) are more likely to lose energy in city
(green) & mixed cycle (red) driving because there are so
many more acceleration/deceleration cycles. Highway
driving (purple) shows a much steadier energy efficiency
trend, since the battery isn't seeing as much load variation.
The benefits of Al-powered BMS in terms of regenerative
braking (brown trend line) are also striking: these systems
find the most optimal use of braking energy, such as reuse
instead of energy waste.
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Fig. 6. The reduction of energy consumption

The clear winner is Al + IoT BMS as it can adapt to
various driving conditions dynamically, optimally utilize
stored energy and make charging as efficient as possible at
the same time help maximize regeneration. Al-driven BMS
provide predictive analytics and real-time monitoring
capabilities that help in energy management and can lead to
significant energy savings. Further studies should aim to
advance Al implementation for optimal battery management,
implement vehicle-to-grid communication for intelligent
energy management and improve regenerative braking
settings for additional efficiency. Such advancements will be
mission-critical in prolonging battery life and improving
electric vehicle sustainability, all while keeping costs in
check.

V. CONCLUSION

IoT technologies, coupled with intelligent algorithms,
enable intelligent electric vehicle (EV) battery management
systems (BMS) to provide better Safety, Efficiency, and
Charge optimization. Conventional BMS solutions typically
utilize legacy BMS or BMS-C systems that communicate
only basic real-time information such as voltage,
temperature, and current, leading to limited predictive
accuracy and shallow adaptability to dynamic operating
states. Utilising loT-enabled sensors and cloud computing for
the detailed analysis of battery usage analytics using artificial
intelligence (Al), modern BMS solutions provide real-time
monitoring, fault detection, predictive maintenance, and
adaptive control mechanisms to improve overall battery
performance. Data-oriented methods such as machine
learning algorithms have been successfully employed to
estimate state parameters of the battery such as state of
charge (SoC) and state of health (SoH) with better accuracy
to achieve optimized energy distribution and extended
battery life.

IoT-integrated intelligent BMS has a bright future ahead.
This combination of 5G and LPWAN will optimise
connectivity and ensure the efficient transfer of data between
EVs, charging stations, and grid operators. The adaptive
BMS framework will facilitate innovative solutions to the
rapid advances in battery chemistries (e.g., solid-state
batteries) and the need to efficiently manage new energy
storage technologies. Additionally, future work should

consider the polygenic self-healing power of Al to promote
batteries’ auto-detect and fix small problems, thereby
increasing the battery’s cycle life and lowering maintenance
costs.
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