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Resume
Lithium-ion batteries power light electric vehicles such as electric bicycles, 
but end users typically lack reliable information about true battery health 
and instead rely on misleading indicators of remaining charge. In this paper 
is introduced a novel external plug-and-play diagnostic module that connects 
between the standard charger and a battery of a light electric vehicle. The 
system uses a precise discrete-time energy integration method during 
standard charging. It captures dynamic current fluctuations and estimates 
battery health from the partial charging data. Experimental validation on 
multiple battery packs demonstrates that the proposed algorithm reliably 
distinguishes between healthy and degraded batteries. This non-invasive 
system adds diagnostics to conventional charging, enabling users to assess 
actual capacity without full discharge cycles.
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sophisticated Battery Management Systems (BMS) with 
active thermal management and precise State of Health 
(SOH) diagnostics, the LEV category significantly lags 
in this area. In simple personal micromobility, BMS 
architectures are often limited to basic overcharge and 
overdischarge protection. The LEV users typically lack 
access to reliable information about the actual health 
and remaining capacity of their batteries. Instead, 
they must rely on a basic and often misleading State 
of Charge (SOC) indicator, usually based only on 
instantaneous terminal voltage [2]. This significant 
disparity in battery management underscores the 
urgent need for improved diagnostics in the LEV 
category. The lack of accurate SOH information leads 
to improper charging habits, which accelerate battery 
degradation and reduce overall lifespan. Therefore, 
there is a growing demand for diagnostic devices that 
are accessible, external, and flexible.

Accumulators, such as rechargeable batteries 
(also called secondary batteries), are a key technology 
in energy storage, enabling repeated charging and 
discharging through reversible electrochemical 

1 	 Introduction

The development of modern transportation systems, 
along with the need to reduce greenhouse gas emissions 
in urban areas, has driven the widespread adoption of 
electrically powered vehicles in daily life. The shift to 
electric transport has become central to sustainable 
transportation, with its success depending on the 
availability, performance, and lifespan of energy storage 
systems, especially lithium-ion (Li-Ion) batteries. Efforts 
to maximize battery lifespan hold immense economic 
value and critical ecological significance, as the production 
and recycling of battery cells represent a considerable 
environmental burden and require advanced lifecycle 
management. From the standpoint of technological 
complexity and infrastructure requirements, electric 
mobility can be divided into three main categories: 
mass and freight transport (electric buses and trucks), 
standard passenger transport (electric vehicles), and 
simple personal micromobility, commonly called light 
electric vehicles, such as e-bicycles and e-scooters [1]. 
While passenger EVs and public transport systems use 
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the battery’s lifespan and increase the risk of failure.
The aging of a Li-Ion battery is a complex 

process involving a combination of chemical, 
electrochemical, and mechanical phenomena within 
the cell. A distinction is made between calendar 
aging, which occurs even when the battery is not 
cycled, and cyclic aging, which is caused by repeated 
charging and discharging. The main manifestations 
of aging include the loss of active lithium inventory, 
degradation of electrode materials, an increase in 
internal resistance, and a reduction in the battery’s 
ability to deliver high currents. These processes 
are largely irreversible [7] and gradually limit the 
battery’s usability in its primary application.

1.1 	Safety aspects during the life cycle

The safety of Li-Ion batteries is critical throughout 
their entire life cycle. Improper operation, mechanical 
damage, or exceeding permissible temperature and 
voltage limits can lead to hazardous events such as 
overheating, cell swelling, or, in extreme cases, thermal 
runaway [8]. For these reasons, modern applications 
increasingly use protection and monitoring systems 
that continuously track key battery parameters and, 
if necessary, alert the user or restrict the operation of 
the system. Such continuous monitoring throughout 
the life cycle significantly improves the safety, 
reliability, and lifespan of battery systems.

The end of life for a Li-Ion battery is generally 
considered to be the point at which its usable capacity 
drops below a specified threshold, most commonly 
around 70 % to 80 % of its initial nominal capacity. 
In this state, the battery may no longer meet the 
requirements of its original application; however, it 
can still be repurposed for less demanding systems 
[9]. The conclusion of primary use is followed by a 
secondary use phase (second life) or recycling, aimed 
at minimizing the environmental footprint while 
recovering valuable materials. Efficient life cycle 
management of Li-Ion batteries is therefore crucial 
not only from a technical and safety standpoint but 
also from an ecological perspective.

The SOC represents the ratio of the currently 
available battery capacity to its nominal capacity, 
usually expressed as a percentage. It is one of 
the most important parameters for both the user 
and the management system, as it indicates the 
remaining energy in the battery. However, the SOC 
cannot be measured directly and must be estimated 
using various computational methods. One of the 
most common methods is current integration, known 
as Coulomb counting, which tracks the amount 
of electrical charge supplied to or drawn from the 
battery during operation [10]. The main drawback 
of this method is the gradual accumulation of 
errors due to current measurement inaccuracies 

reactions. While this work primarily focuses on Li-Ion 
batteries, understanding their market position and 
scientific context requires a brief overview of the main 
competing technologies. Currently, Li-Ion batteries 
are among the most widely used energy storage 
systems in portable electronics, electromobility, and 
industrial applications. Their widespread adoption is 
mainly due to their high energy density, low weight, 
and relatively long lifespan compared to traditional 
accumulators. These characteristics have made 
Li-Ion batteries the standard choice for devices that 
require low weight, compact design, and high energy 
efficiency, including smartphones, laptops, electric 
vehicles, drones, and renewable energy systems. The 
energy density of Li-Ion batteries is approximately 
150 to 250 Wh/kg, a significant advantage over older 
technologies [3]. In addition, they have relatively low 
self-discharge rates, making them suitable for the 
long-term storage.

Although the charging and discharging process of 
a Li-Ion battery is theoretically reversible, practical 
applications involve gradual losses caused by side 
chemical reactions, the formation of passivation 
layers, and mechanical degradation of electrodes. 
These phenomena result in capacity fade, increased 
internal resistance, and a gradual reduction in the 
battery’s lifespan. Li-Ion batteries are produced in 
various mechanical designs. The most commonly used 
are cylindrical cells with a metal casing, prismatic 
cells with a rigid shell, and pouch cells with a flexible 
enclosure. Each type has specific characteristics 
regarding mechanical durability, cooling options, and 
integration into battery systems [4]. The selection 
of an appropriate cell type depends on the specific 
application, required power output, available space, 
and safety requirements.

The life cycle of Li-Ion batteries includes all 
phases from manufacturing, through operation, to 
end-of-life disposal. A proper understanding of the 
individual life cycle phases is essential for designing 
systems capable of effectively monitoring, protecting, 
and extending battery longevity. In battery 
monitoring systems, it is particularly important to 
track operational conditions, as these have a direct 
impact on battery degradation [5].

The operational phase is the longest and most 
significant part of the life cycle of a Li-Ion battery. 
During this phase, the battery is repeatedly charged 
and discharged depending on the application. Each 
charge-discharge cycle contributes to the gradual 
degradation of the cell, which appears as a decrease 
in capacity, an increase in internal resistance, and 
a deterioration of performance parameters [6]. The 
rate of degradation is significantly influenced by 
operating conditions, particularly temperature, 
charging and discharging current magnitudes, the 
operating voltage range, and the Depth of Discharge 
(DoD). Adverse conditions can substantially shorten 
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2 	 Materials and methods

Determining the SOH in practical applications 
is significantly more challenging than estimating 
the SOC, as it is a slowly varying parameter that 
cannot be directly measured by conventional physical 
sensors. The accuracy of SOH estimation depends 
heavily on the chosen mathematical model and 
the quality of the input data. Currently, the Li-Ion 
battery diagnostics primarily use methods based on 
tracking capacity degradation and internal resistance 
growth. The most straightforward approach is the 
direct capacity measurement method (Ah-method) 
[13], which compares the actual charge transferred 
during a full cycle with the nominal capacity of a 
new battery. Although highly accurate, this method 
requires a complete discharge and charge cycle under 
controlled conditions, which is often unfeasible in 
real-world operation. An alternative is monitoring 
the increase in Direct Current Internal Resistance 
(DCIR) [14], calculated based on the voltage response 
to a step change in current. The rise in internal 
resistance is a direct consequence of electrolyte 
aging and the formation of passivation layers on 
the electrodes. For applications requiring real-time 
SOH estimation, advanced model-based approaches, 
running directly within the BMS control unit, are 
employed [15]. These algorithms use Equivalent 
Circuit Models (ECM) that simulate the dynamic 
behavior of the battery with a network of resistors 
and capacitors. In state-of-the-art systems, data-
driven methods are gaining traction; these leverage 
neural networks to identify nonlinear correlations 
between operational data and battery degradation, 
eliminating the need for an in-depth understanding 
of the internal electrochemical processes of the  
cell [16].

2.1	 Basic quantities and principles of Li-Ion 
battery monitoring

Monitoring operational variables is a fundamental 
prerequisite for the safe and efficient operation 
of Li-Ion batteries. The most critical monitored 
parameters include electrical quantities - primarily 
voltage and current - as well as battery temperature. 
These data points provide vital information regarding 
the instantaneous state of the battery, its load, 
and potential operational risks. External monitoring 
devices are a distinct category of solutions connected 
to the battery without intruding into its internal 
architecture. These devices enable the measurement 
of voltage, current, and temperature during battery 
operation and often feature a visual user interface. 
The primary advantage of external solutions is their 
versatility and compatibility across various battery 
types.

and the absence of a precise initial SOC value. An 
alternative approach uses voltage-based methods, 
where the instantaneous voltage is compared to the 
cell’s characteristic open-circuit voltage (OCV) curve. 
While simple to implement, this method has limited 
accuracy, especially under load or during dynamic 
current fluctuations [11].

In addition to the SOC, another key parameter 
is the SOH, which quantifies the degree of battery 
degradation compared to a new cell. The SOH is 
typically defined as the percentage ratio of the 
current maximum available capacity to the original 
nominal capacity. The decline in SOH is a natural 
result of battery aging and long-term operation. The 
primary degradation mechanisms include chemical 
degradation of electrodes, loss of active lithium, 
and an increase in the internal resistance of the 
cell. Monitoring the SOH is essential for estimating 
the Remaining Useful Life (RUL) of the battery, 
enhancing operational safety, and planning for 
battery replacement or repurposing in less demanding 
applications. The SOH is estimated based on long-
term observation of charging and discharging cycles, 
capacity measurements, or analysis of changes in the 
battery’s internal resistance [12].

The primary motivation for this study stems from 
the need to determine the actual remaining capacity 
of commonly used lithium-ion batteries, since this key 
indicator of battery health is typically not available 
to end users. Therefore, the objective of this research 
was to design and implement an SOH estimation 
algorithm embedded within a dedicated health-
monitoring device for standard light LEVs, such as 
e-bicycles and e-scooters. The proposed system is 
designed to operate continuously during standard 
charging cycles. By analyzing dynamic charging 
parameters and specific battery characteristics, the 
device can accurately estimate the actual battery 
capacity.

The main goals of this research were:
•	 Design and implementation of a flexible, external 

data acquisition system: Development of a non-
invasive condition monitoring device capable of 
logging main operational parameters (voltage, 
current, temperature) for LEV lithium-ion 
batteries without interfering with the internal 
BMS.

•	 Comprehensive experimental evaluation of 
battery cycling:	 Execution of repeated 
charging and discharging cycles on standard 
micromobility battery packs (e.g., e-bicycles, 
e-scooters) to capture real-world degradation 
patterns and capacity fade over time.

•	 Development and validation of a practical SOH 
estimation algorithm: Proposal of an algorithm 
to accurately estimate the SOH and evaluate the 
remaining useful life of the batteries, validated 
against the collected experimental dataset.
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system also includes a graphical touch interface for 
the real-time visualisation of the charging status, 
current SOC, and the estimated SOH (for example, 
tested on a 4S Li-Po configuration).

Battery specifications and charging protocol
The following batteries (Table 1) were used for this 

experiment.
A SkyRC1 charger was used for charging. It is 

used to manage LiPo/LiHV/LiFe/LiIon (1-6S), NiMH/
NiCd (1-15S) and Pb (2-20 V) batteries with capacities 
ranging from 100 to 50,000 mAh. The device provides 
a continuously adjustable charging current from 
0.1 to 10 A and a balancing current of max. 300 mA 
per cell. The charging power with DC power supply 
reaches 2 x 100 W, while with an AC mains power 
supply it offers a total of 100 W with the possibility of 
asymmetrical distribution between the two outputs. 
Secondary, the device can be used as a laboratory 
power supply with a fixed voltage of 13.8 V and a 
power of up to 100 W [17].

For lithium (LiPo, LiHV, LiIon, LiFe) and lead (Pb) 
cells, the charger uses a CC/CV (Constant Current / 
Constant Voltage) algorithm. In the first phase, it applies 
a constant current (CC) until the maximum threshold 
voltage is reached. It then switches to the constant 
voltage (CV) phase, during which the charging current 
asymptotically approaches zero. Voltage balancing: For 
1 https://www.skyrc.com/D100_v2_Charger

System architecture and hardware setup
The proposed external condition monitoring 

system was designed as an independent, non-invasive 
diagnostic unit. The core of the hardware architecture 
is the ESP32 microcontroller, selected for its robust 
processing capabilities and the extensive peripheral 
interface support. The ESP32 microcontroller is a 
part of the WT32-SC01 development board with a 3.5-
inch color touch screen with a resolution of 320x480 
pixels. To ensure the high-precision data acquisition 
during the battery charging process, a dedicated 
ADS1015 analog-to-digital converter (ADC) was used, 
rather than the microcontroller’s internal ADC.

The electrical parameters are monitored using an 
INA226 power monitor integrated circuit (IC), which 
is connected via the I2C bus. This sensor continuously 
measures the charging current and battery voltage 
with high accuracy. The temperature of the battery 
pack and the ambient environment is monitored 
using the BME280 sensor. To ensure accurate time 
integration for capacity calculations and precise 
temporal data logging, a DS3231 Real-Time Clock 
(RTC) module is included in the system.

During the charging cycle, all monitored 
parameters - voltage, current, temperature, and 
elapsed time - are sampled continuously and logged 
to an external microSD card via the SPI interface. 
This comprehensive dataset forms the primary input 
for the subsequent SOH estimation algorithm. The 

Figure 1 Principal block connection diagram

Table 1 List of used batteries

Label Battery Volage Capacity

B1..B4 CNHL 4S 16.8 V 22.2 Wh

B5 Turnigy 2S 7.4 V 13.32 Wh
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where ƞ represents the Coulombic and energy 
efficiency factor to account for thermal losses during 
charging. Finally, the State of Health is quantified 
by comparing the extrapolated real capacity to the 
nominal capacity (Enominal) provided by the user 
configurations:

SOH E
E

100
minno al

estimated #= c m .	 (4)

To account for initial manufacturing variances, 
where the new cells might slightly exceed their 
nominal specifications, the algorithm caps the 
maximum SOH output at 105 %.

When measuring the total SOC, it is important to 
identify when the battery has reached its maximum 
charge. The battery charging process was terminated 
when the following conditions were met: OCV ≥ 4.2 
V and charging current I ≤ 0.3 A The actual battery 
capacity is then calculated (according to Equation 
(1)) and the battery health is evaluated according to 
Equation (4).

3 	 Results and discussion

As was stated at the beginning of this paper, the aim 
of this project was to design and implement of a flexible, 
external data acquisition system with a practical SOH 
estimation algorithm. The basic architecture is shown 
in Figure 1. The design uses an ESP32 microcontroller 
with a built-in display, which is used as an information 
module during battery charging (Figure 2).

To verify the functionality of the proposed device, 
5 batteries were used (Table 1). The charger used had 
accurate power output measurements, which were 
used as reference values for the device.

The Final SOC values in Table 2 are calculated 
according to Equation (4). In the calculation, is 
considered a capacity of 22.2 Wh for batteries B1 to B4 
and a capacity of 13.32 Wh for battery B5.

Graphs in Figure 3 present comprehensive 
charging profiles - specifically, charging voltage and 
current as functions of time - for all five batteries 

lithium kits (from 2S to 6S), the voltage of individual 
cells is monitored and balanced via JST-XH ports using 
a passive balancing method with a limit current of  
300 mA.

Data acquisition and SOH estimation algorithm
To accurately estimate the initial State of Charge 

(SOCstart), the proposed system requires the battery to 
be in a resting state before charging. The external device 
measures the Open-Circuit Voltage (OCV), allowing 
the microcontroller to derive SOCstart using a known 
dependency model [18]. This resting state measurement 
mitigates estimation errors caused by voltage drops 
across the internal resistance.

Energy Integration
Once the charging process is initiated, the system 

samples the instantaneous terminal voltage Uk and the 
charging current Ik at a frequency of 1 Hz. The total 
delivered electrical energy, Edelivered (in Wh), is calculated 
using discrete time integration:

E U I tdelivered k k
k

N

1

T=
=

| 	 (1)

where N is the total number of samples during the 
charge cycle, and Δt represents the sampling period 
converted to hours [19].

Capacity extrapolation and SOH calculation - 
The measurement concludes when the charging current 
drops below a predefined cutoff threshold (e.g., 0.3 A 
during the Constant Voltage phase), indicating that the 
battery has reached approximately 100 % SOC. The 
change in the State of Charge (ΔSOC), supplied during 
the measured cycle, is defined as:

SOC
SOC

1 100
startT = - .	 (2)

Based on the partially delivered energy and the 
corresponding ΔSOC, the system extrapolates the 
estimated maximum actual capacity of the battery, 
Eestimated:

E
SOC

E
estimated

delivered

T=
$h ,	 (3)

Figure 2 Monitoring of battery charging process
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of approximately 16.8 V during charging. In contrast, 
battery 5 has a 2S configuration and operates at a 
significantly lower voltage level, with a maximum 
limit of around 8.4 V.

The graph in Figure 3 (bottom) clearly highlights 
the transition between the CC and CV phases. During 
the initial CC phase, the charging current remains 
relatively high and stable until it reaches the battery’s 

tested. The data confirm that the external monitoring 
system reliably records the standard constant current 
and constant voltage (CC-CV) charging protocol 
across different operating conditions and battery 
configurations. The voltage graph (top section) clearly 
distinguishes the architectures of the individual 
batteries. Batteries 1 to 4 have a 4S configuration, 
gradually approaching their maximum cut-off voltage 

Table 2 Charging results

Battery Start level Delivered E Final SOH

B1 0 % 18.95 Wh 89.8 %

B2 0 % 20.65 Wh 93.0 %

B3 15 % 18.8 Wh 99.6 %

B4 5 % 19.9 Wh 94.4 %

B5 33 % 4.8 Wh 53.8 %

Figure 3 The charging process monitored by our device

Figure 4 Accumulated delivered energy over time during a charging cycle for  
a healthy (Bat 2) and a degraded (Bat 1) battery, both starting from 0 % SOC
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relying solely on the standard SOC indicator. While 
the BMS reports a fully charged state for both 
batteries, the degraded cell holds significantly less 
actual usable energy for the electric vehicle. This 
finding strongly supports the need for the proposed 
external monitoring device, which addresses this 
information gap by calculating the true SOH based 
on actual energy integration.

Furthermore, the experimental data revealed 
discrete fluctuations and step changes in the charging 
current, particularly during the Constant Current 
(CC) phase. These variations are primarily due to 
the discrete regulation mechanisms of commercial 
switch-mode power supply (SMPS) chargers typically 
used for micromobility, which do not provide an 
ideal, continuous current output. The presence of 
these real-world anomalies strongly underscores 
the necessity and robustness of the proposed high-
frequency (1 Hz) discrete-time energy integration 
method. The used method of continuous sampling 
approach effectively captures dynamic fluctuations, 
ensuring high accuracy in calculating the total 
delivered energy and the subsequent SOH.

To demonstrate the practical applicability of the 
proposed solution, the physical monitoring module 
was constructed as a standalone, plug-and-play 
add-on device. Figure 5 shows the final hardware 
prototype in operation.

cut-off voltage. The charging process then transitions 
to the CV phase, where the current decreases 
exponentially until it falls below a predefined limit 
(e.g., 0.3 A), at which point charging is terminated.

In addition, different lengths of the charging 
cycles directly reflect the different initial charge 
states (e.g., battery 3 started the measurement at 15 
% SOC, while battery 2 started at 0 % SOC), as well 
as the different levels of degradation and capacity 
loss of the individual cells.

Graph in Figure 4 shows the accumulation 
of delivered electrical energy during a charging 
cycle for two different battery packs, both starting 
from a completely discharged state (0 % SOC). As 
charging progresses, continuous discrete integration 
of electrical power reveals a significant difference in 
the total absorbed energy.

Although the charging cycle for both batteries ends 
when the current drops below the cutoff threshold - 
indicating 100 % relative SOC-the absolute energy 
capacity differs substantially. The healthy battery 
(Bat 2) accumulates a total of 20.65 Wh, while 
the slightly degraded battery (Bat 1) absorbs only 
18.95 Wh before reaching the maximum voltage  
limit.

This 1.7 Wh difference clearly demonstrates 
capacity fade caused by battery aging. More 
importantly, it highlights the critical limitation of 

Figure 5 Prototype of the external condition monitoring module,  
functioning as an intermediary diagnostic interface between  

a standard charger and the Li-Ion battery
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ion batteries, specifically targeting light electric 
vehicles such as e-bikes and e-scooters. By serving 
as an independent diagnostic interface between the 
standard power supply and the battery pack, the 
proposed module effectively addresses the lack of 
operational transparency in conventional charging 
setups. The implemented SOH estimation algorithm, 
based on partial charging extrapolation and discrete 
energy integration, demonstrated high reliability. It 
successfully distinguished between healthy battery 
packs and those with significant capacity fade, without 
requiring the user to perform time-consuming full 
discharge cycles.

While the current hardware prototype with 
a large graphical interface validates the concept, 
future development will focus on optimizing the 
device for broader practical deployment. Proposed 
improvements for future iterations include:

Cloud-Based Analytics. Leveraging IoT capabilities 
for remote data collection and implementing data-
driven predictive models to estimate the Remaining 
Useful Life (RUL) with even greater precision.

Mobile Application Integration. Exploiting 
the native Bluetooth Low Energy (BLE) and Wi-Fi 
capabilities of the ESP32 microcontroller to transmit 
data to a dedicated smartphone application (iOS/
Android). This app would serve as the primary user 
interface, offering detailed diagnostic insights, long-
term charging history, and degradation trends.

Figure 6 shows the app’s settings: battery type 
selection (Li-Po or Li-Ion), number of cells, and total 
battery capacity specified by the manufacturer.

The system is designed to connect in series 
directly between a conventional charger and the 
lithium-ion battery pack. A significant economic and 
practical advantage of this topology is its versatility. 
It operates on the premise that a basic, standard 
charger, serving solely as a power supply, is sufficient 
for the charging process, as all intelligent monitoring, 
data acquisition, and diagnostic algorithms are fully 
handled by the proposed external module.

During the charging cycle, the integrated 
graphical user interface (GUI) provides the end user 
with continuous, real-time feedback. It displays the 
instantaneous charging parameters, the dynamically 
calculated SOC, and the total accumulated energy 
delivered to the battery. By making these previously 
hidden metrics visible, the module transforms any 
standard charging setup into an advanced diagnostic 
station, giving users a clear, real-time understanding 
of their battery’s actual condition.

4 	 Conclusion and future work

In this paper are presented the design, 
implementation, and practical validation of a flexible 
external condition monitoring system for lithium-

Figure 6 Graphical user interface of proposed 
solution - setting of parameters
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The proposed external monitoring concept 
transforms a standard charging routine into a 
reliable diagnostic process, empowering users to 
maximize the lifespan, safety, and performance of 
their micromobility energy storage systems.

Future development will include further 
discussion of specific calibration requirements and 
device durability under various environmental 
conditions to streamline integration with commercial 
charging systems. Additionally, to validate the 
general applicability and evaluate measurement 
uncertainties, subsequent research will involve 
sensitivity analysis, testing on a broader dataset of 
diverse battery chemistries, and a direct comparative 
assessment with integrated BMS solutions.
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