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Abstract: Grid-connected battery energy storage systems are usually used 24/7, which
could prevent the utilization of typical diagnosis and prognosis techniques that require
controlled conditions. While some new approaches have been proposed at the laboratory
level, the impact of real-world conditions could still be problematic. This work investigates
both the impact of additional residential usage on the cells while charging and of inho-
mogeneities on the diagnosability of batteries charged from photovoltaic systems. Using
Big-Data synthetic datasets covering more than ten thousand possible degradations, we
will show that these impacts can be accommodated to retain good diagnosability under
auspicious conditions to reach average RMSEs around 2.75%.
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1. Introduction
Harvesting energy from the Sun using solar panels requires significant storage to

circumvent the natural daily and seasonal variations as well as the nocturnal cycle [1].
While large centralized PV farms associated with battery energy storage systems (BESS)
will play a central role, they require a lot of land, which could be problematic for islands [2].
Distributed generation mitigates the land issue but adds several new problems, including
the requirement for a significant number of smaller batteries to be connected to the grid,
which drastically increases the risk of failure. Monitoring these batteries will require
advanced state of health (SOH) estimation techniques [3,4] because the duty cycles will
be sporadic without any opportunity for controlled charge or discharge steps. While data-
driven methods [5–10] could offer a good solution to avoid downtime for diagnosis, their
training could be challenging, as the degradation the cells will experience in the field is
path-dependent [11–13] and largely unknown at the moment, although some data were
recently made available [14]. Gathering enough data under varied enough conditions to
replicate the wide range of possible uses for the cells and properly train algorithms will
be both experimentally complex and expensive. For voltage-based diagnosis methods, a
possible solution is to rely on synthetic datasets generated from different types of battery
models [15]. Exemplary datasets covering the totality of the degradation spectrum are
publicly available and have already been successfully applied in the training of machine
learning algorithms [16–28]. However, their main limitation is that they are generated
using controlled low-constant-current conditions, which are not representative of the usage
of deployed batteries.

In recent years, we proposed a methodology to generate synthetic data outside of a
constant current [29] and applied it to PV-connected batteries for nickel manganese cobalt
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oxide (NMC) [23,24] and lithium iron phosphate [25] chemistries to successfully diagnose
the degradation using an algorithm trained on clear sky irradiance (CSI) using auspicious
conditions. Since battery lifetime is supposed to be a decade or more, diagnosis does not
have to be performed on a daily, or even weekly, basis, and our work showed that, in the
example of a solar array located in Maui, USA, using only days with 50% or more clear sky
will allow accurate diagnosis of the degradation, with an average root mean square error
(RMSE) around 1.75%. However, this work also had its own limitations, as no additional
usage of the generated power was considered throughout the battery charge and as the
voltage response used for the simulation was the one of a single cell and not of a battery
pack. While useful for proof of concept, this simplification is unrealistic as a home will
be connected to a battery pack from which a significant amount of power will be used at
different times of the day for normal usage.

This work’s principal focus is to investigate the impact of these limitations and to
propose mitigation strategies. Looking first into the impact of the additional usage, it is
important to note that our approach involves using two distinct synthetic datasets for
training and validation, as shown in Figure 1. The power estimated from a modeled
CSI is used for training, whereas the power estimated from the observed irradiance (OI)
is used for validation. For the validation cycles, the daily additional usage of the cells
could simply be deducted from the power obtained from the daily observed irradiance.
However, this cannot be done for the training dataset since, ultimately, the training will
be completed before deployment and therefore without any knowledge of the actual daily
usage the cells will encounter. To investigate possible mitigation strategies, three datasets
were generated and used to train a machine learning algorithm that was tested on synthetic
data consisting of the OI minus simulated residential load for any given day within one
year (Figure 1). For training, the first dataset considered the CSI-generated power, similar
to what we proposed previously [23–25] without any accommodation for the additional
usage, the second dataset considered the CSI-generated power minus the average of the
yearly residential loads (|Load|), and the third dataset consisted of the CSI-generated
power minus the average of the yearly average residential load (||Load||), and thus a
constant value throughout the day. In addition, and to further address the impact of the
accuracy of the residential usage measurement, additional datasets were generated within
plus or minus 20% around ||Load||. This was tested because the residual loads will be
customer-dependent and thus hard to predict with accuracy without data monitoring.

For the second limitation, some studies have already showcased that the imbalance
and cell-to-cell variations within a battery pack mostly increase the downward slope of the
voltage vs. capacity curves, which correspond to a broadening of the derivative peaks [30–43].
Investigating this issue further, recent modeling work on simulations of nine different types
of inhomogeneities [44], including loss of active material (LAM), resistance, state of charge
(SOC), and kinetics, showcased that most should not affect much the voltage response of the
pack. Considering the inhomogeneities that do affect the voltage response, the SOC ones
should not be present in battery packs with proper balancing. This leaves only resistance
inhomogeneities that were projected to broaden the derivate of the voltage response. This
is consistent with literature observations, and it can be handled in our model by increasing
kinetic limitations [29,45,46]. In this work, simulations were undertaken with three levels of
kinetic limitations for training and five for validation in order to assess the impact of different
levels of inhomogeneity on the accuracy of the diagnosis.
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Figure 1. Schematic representation of the dataset generated in this work to assess the impact of 
additional residential usage with (a) an example of the observed irradiance for four days within the 
one-year dataset. (b) The calculated clear sky irradiance of one randomly selected day, for which (c) 
presents the observed irradiance. (d) The simulated daily residential power usage for one year, with 
(e) presenting the average value and (f) the average of the average along with ±20% variations. (g–
i) Illustrates the three different training datasets and (j) the one used for validation. 

2. Materials and Methods 
2.1. PV Data Collection 

The PV data used in this work were gathered throughout the year 2017 at a test site 
located at the Maui Economic Development Board (MEDB) office on the southwestern 
coast of the island of Maui, Hawai‘i, USA. The panels were oriented at a 20° tilt with a 
197° N azimuth and instrumented with a Kipp & Zonen SMP21-A (OTT HydroMet B.V., 
Delft, The Netherlands) secondary standard pyranometer installed at plane of array. The 
data were collected at 1 s intervals and averaged to 1 min. Examples of the data are pro-
vided in Figure 1a,c. 

2.2. Clear Sky Irradiance Model (CSM) 

The CSM used in this work is the same that was used in our previous work [23–25] 
implemented in MATLAB (version 2024) based on the work by Ineichen and Perez [47] 
for a horizontal surface with modifications to estimate clear sky irradiance on a tilted sur-
face [48] and adding a ground-reflected irradiance source [49]. Examples of the simulated 
data are presented in Figure 1b. The clear sky percentage (cs%) was calculated as the per-
centage of common observations between the real irradiance to the output of the CSM. 

  

Figure 1. Schematic representation of the dataset generated in this work to assess the impact of
additional residential usage with (a) an example of the observed irradiance for four days within the
one-year dataset. (b) The calculated clear sky irradiance of one randomly selected day, for which
(c) presents the observed irradiance. (d) The simulated daily residential power usage for one year,
with (e) presenting the average value and (f) the average of the average along with ±20% variations.
(g–i) Illustrates the three different training datasets and (j) the one used for validation.

2. Materials and Methods
2.1. PV Data Collection

The PV data used in this work were gathered throughout the year 2017 at a test site located
at the Maui Economic Development Board (MEDB) office on the southwestern coast of the
island of Maui, Hawai‘i, USA. The panels were oriented at a 20◦ tilt with a 197◦ N azimuth and
instrumented with a Kipp & Zonen SMP21-A (OTT HydroMet B.V., Delft, The Netherlands)
secondary standard pyranometer installed at plane of array. The data were collected at 1 s
intervals and averaged to 1 min. Examples of the data are provided in Figure 1a,c.

2.2. Clear Sky Irradiance Model (CSM)

The CSM used in this work is the same that was used in our previous work [23–25]
implemented in MATLAB (version 2024) based on the work by Ineichen and Perez [47] for a
horizontal surface with modifications to estimate clear sky irradiance on a tilted surface [48]
and adding a ground-reflected irradiance source [49]. Examples of the simulated data are
presented in Figure 1b. The clear sky percentage (cs%) was calculated as the percentage of
common observations between the real irradiance to the output of the CSM.

2.3. Residential Usage Simulations

Residential power consumption was simulated using the HOMER Pro software (ver-
sion 3.16.2), assuming a residential system with a 5.85 kW PV system associated with a
14 kWh BESS modeled with a ‘load following’ approach where PV generation is prioritized
for household consumption, and surplus energy is used to charge the battery. Daily energy
consumption was modeled with typical residential usage values. This modeling approach
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allowed for the replication of realistic usage profiles under various irradiance conditions.
The result of the simulations is presented in Figure 1d.

2.4. Battery Emulation

The battery electrochemical behavior emulation was described in detail in the first
publication of this project [23], and it will not be repeated here. The battery digital twin
was built in HNEI’s ‘alawa mechanistic battery model [45,50] implemented in MATLAB
using half-cell data from a commercial cell comprising a graphite (G) negative electrode
(NE) and an NMC positive electrode (PE) with a 1:1:1 stoichiometry. The model parameters
were obtained by fitting experimental data at different rates [23]. Inhomogeneities were
emulated by increasing the rate degradation factors (RDF) by up to 50% to match what
was observed in the literature [51]. To account for cell-to-cell variations and to avoid any
overfitting error, each simulation was performed with parameters randomly varied by ±1%
to be in the same range as the observed variations in commercial cells [52].

2.5. Synthetic Data Generation

As described in earlier work [15,17], each thermodynamic degradation can be charac-
terized by how much lithium, PE, and NE were lost. Therefore, scanning every combination
of these three degradation modes allows for the simulation of every possible degradation.
Four different experiments were simulated in this work to investigate different usages,
variations around the mean usage, the impact of inhomogeneities, and both at the same
time. For the first one, illustrated in Figure 1g–i, the same resolution step as in our previ-
ous work (0.025%) was used for the degradation paths with 1% degradation steps. This
corresponds to 861 unique triplets of the loss of lithium inventory (LLI), LAMPE, and
LAMNE with 50 simulations per triplet (from 0 to 50% degradation for each mode with 1%
increments), resulting in around 45,000 unique degradation per simulation for training. For
validation, Figure 1j, the resolution step was doubled to 0.05%, which lowered the number
of simulations to around 11,000 (231 unique triplets). Simulations typically lasted less than
4 days on a Windows 11 desktop with an Intel i9-14900 2 GHz processor and 64 GB of
RAM. Since the second and third experiments consisted of more duty cycles (seven for the
impact of variations around the mean usage and 16 for the impact of inhomogeneities), the
resolution step was increased to 0.0375% for the training and 0.075% for the validation, thus
keeping the 2:1 ratio between training and validation but reducing the number of triplets to
378 and 105, respectively. In addition, simulations were only undertaken to 25% maximum
degradation with a 1.5% step. Overall, this reduced the number of simulations by one order
of magnitude for the validation with calculations lasting less than 24 h per dataset while
still providing a good coverage of all possible degradation paths (Figure A1a,b). Finally, the
final simulations were undertaken to compare the initial approach to the one accounting for
the impact of additional usage and battery packs. For these simulations, the resolution step
was set at 0.02% for the training and 0.05% for the validation. This was undertaken to limit
the overlap between the training and validation datasets (Figure A1c), and the simulations
took around 4.5 days.

As proposed in [23,29], the non-constant current duty cycles were calculated by
simulating 100 different rates for each SOH. The duty cycles were constructed step by
step by using the voltage-rate couple matching the power request at the current SOC for
each step. Since the current was not constant, capacity and time are decorrelated and the
derivatives for both versus voltage (dQ/dV and dt/dV) were used for diagnosis.

2.6. 1D-CNN Implementation

This work used the same convolutional neural network (CNN) as in [23–25], as it was
shown to offer a good compromise between accuracy and ease of implementation [23]. It
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was originally developed by Kim et al. [18] and was implemented in TensorFlow (https:
//www.tensorflow.org/, accessed on 13 April 2025) [53] with 2 CNN-1D layers with
32 neurons each and 3 fully connected layers with 128, 64, and 3 neurons each. The batch
size, learning rate and the number of epochs were fixed to 64, 0.001, and 25, respectively.
Similarly to what was implemented in [23], the algorithm was trained, validated, and
tested on both voltage vs. capacity and voltage vs. time curves. They will be referred to as
Q-based and t-based diagnosis, respectively.

2.7. Statistical Metrics

The RMSE was defined as follows:

RMSE =

√√√√ n

∑
i=1

(yi − xi)
2

n
,

with yi being the prediction, xi the true value, and n the number of data points.

3. Results
3.1. Observed vs. Clear Sky Irradiance

Figure 2a presents the distribution of the OIs and CSIs throughout 2017 at the MEDB
site. The OIs varied between 67 and 651 W/m2 with a mean of 505 W/m2. Most of the OIs
were above 400 W/m2 with a median at 532 W/m2 with a 104 W/m2 interquartile range.
Unsurprisingly, the calculated average CSIs are higher with an average (and median) of
630 W/m2 with a minimum at 595 and a maximum at 666 W/m2. The distribution is less
dispersed than that of the OI (interquartile range of 45 W/m2), and is bimodal with a mode
around 600 W/m2 and another one around 650 W/m2. This bimodality can be explained by
the orientation and tilt of the panels [23]. Looking at the cs%, more than 80 out of 365 days
had less than 5% clear sky, whereas only 16 had 80% or more clear sky. Overall, the average
and median values were around 33%, with 22% of the days having 50% or more clear sky.
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Figure 2. (a) Distribution of the observed vs. clear sky mean irradiances through 2017 and (b) associ-
ated clear sky percentages.

3.2. Residential Load Simulations

Figure 3a presents an example of the residential load simulation obtained from the
HOMER software with a different mix of power units to match the demand throughout
the day. The day started with some grid usage early in the morning, followed by power
generation from the PV system as solar radiation increased from sunrise around 7 a.m.

https://www.tensorflow.org/
https://www.tensorflow.org/
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Once the PV system generated more power than required, around 8 a.m., the excess power
was used to charge the battery, and it was curtailed once the battery was fully charged
around 2 p.m. Past sunset, the battery supplied the necessary load until it was depleted
around 9 p.m., after which the grid took over. Figure 3b highlights the differences between
the power that would have been gathered from the clear sky irradiance (used for training
in our previous work [23–25]), the power actually gathered from the PV system (used
for validation in our previous work [23–25]), and the actual power used by the battery.
This illustrates the necessity to take this additional usage into account. For the algorithm
validation, this could be achieved by using the power obtained from the OI minus the
variable daily simulated residential load (Figure 3c). It is more complicated, however, for
the training data, as the daily usage is variable and, for a deployed application, might not
be known beforehand. A possible solution is to subtract the average daily load (|Load|)
from the clear sky power (Figure 3d), but this still implies some knowledge about the usage.
Another possibility could be to subtract a constant value that could be estimated to be close
to the average of the average load (||Load||), as shown in Figure 3d. The results of these
subtractions are presented, with the dotted curves in Figure 3b showcasing much closer
values to the actual charging power for the BESS.
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Figure 3. (a) Example of the residential load simulations for 1 January 2017, showcasing the mix of
origins for required power between the PV system, the grid, and the battery. (b) Comparison of the
power generated from the clear sky irradiance, the observed irradiance, and the one used to charge
the battery on 1 January with or without adjustments to accommodate additional loads. (c) Variability
of the simulated residential load as a function of the day of the year with (d) the associated average
usage, and the average of the average usage ± 20%.

3.3. Impact of Residential Usage

Figure 4 presents the average RMSEs for the 11,000 considered degradations over
365 days as a function of the clear sky percentage in 10% increments. The results are
presented as box plots where the size of the box represents 50% of the data, with the median
represented by the line. The whiskers represent a 3σ deviation from the median and the
circles represent the outliers. The top row presents the results for up to 50% degradation
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and the bottom one up to 25%. The left column shows the results from a Q-based diagnosis
and the right column shows the results from a t-based one.
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capacity loss based on time.

From a Q-based standpoint, the type of dataset used for training does not seem to have
a major impact as the results are close between the CSI, CSI-|Load|, and CSI-||Load||
datasets. Nonetheless, there seems to be consistent ordering, with the RMSE for the CSI
only being slightly higher than that for CSI-||Load|| and then CSI-|Load|. This ordering
is much more visible when the t-based diagnosis is considered (right column), where there
is a clear drop in RMSE between the CSI-trained data and the data trained with CSI minus
a load, which are close but still with an advantage for CSI-|Load|.

Figure 5a,b present the evolution of the average RMSE for both the Q- and t-based
diagnosis as a function of the training dataset for all days (black lines) and for days with a
cs% > 50% (blue lines). Figure 5a,b confirm the observations from Figure 4 with the worst
performance for the CSI-trained algorithms both for the Q- and t-based diagnosis with a
bigger difference for the t-based diagnosis. The average performance for the CSI-|Load|
and CSI-||Load|| is extremely similar and likely well within the margin of error for our
approach. Being around 2%, this performance is also just slightly higher than the 1.75%
obtained without considering additional usage [23,24]. Figure 5c displays the impact of
moving the value of ||Load|| by ±20% for days with more than 50% clear sky. These
variations have very little effect when days with >50 cs% are considered and only a mild
effect on the t-based diagnosis when all days are considered with the lowest RMSEs for the
−20% dataset.

3.4. Impact of Pack Imbalance/Inhomogeneities

Figure 6a showcases the impact of increasing the RDF on the derivative of the sim-
ulated electrochemical response of the cell at C/4. More information and details on the
significance of changing the RDF can be found in previous works [29,45,46]. The impact is
especially visible on the local minima around 3.8 V that become progressively filled when
the RDF increases by 50%. Additional effects can be seen between the low voltage and
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the main peak, where the two small graphitic peaks are no longer visible because of the
broadening of the peaks. These voltage changes might affect the algorithm’s ability to
recognize the different degradations. Figure 6b,c presents the average RMSEs associated
with simulations for different levels of inhomogeneities both for the training and validation
datasets. For the training datasets, the CSI dataset was used for generation with either the
initial cell, the initial cell plus 25% RDF, or the initial cell plus 50% RDF. The validation
dataset was generated from the OI minus the daily residential load using a cell with either
0%, 12.5%, 25%, 37.5%, or 50% increased RDF.
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The error associated with an increasing RDF for the validation cycles increases for
the algorithm trained on the initial cell and decreases for the algorithms trained with the
initial cell plus 50% RDF. For the algorithms trained with the initial cell plus 25% RDF, a
bell shape curve is observed for the Q-based diagnosis RMSEs, with a minimum for the
validation data with +25% RDF. This minimum was around 1% above the homogeneous
dataset average RMSEs. The bell shape is not observed for the t-based diagnosis, where the
highest error was observed for lower RDFs.

4. Discussion
Looking first into the impact of additional usage on the cells, it must be noted that

the HOMER-generated residential load profiles used in this work relied on empirical
consumption patterns, reflecting typical household behavior. While these profiles smoothed
over stochastic variations, such as those caused by individual occupant activities, we
believe this approximation was suitable for the synthetic data generated in this work.
Our simulations indicated only a small impact of the additional usage on the Q-based
diagnosis between the unaccommodated simulations and the accommodated ones, whether
by subtracting the average load or the average of the average load. Indeed, from Figure 5a,
it can be seen that the average RMSE decreased by less than 1% in the all-days scenario but
by less than 0.5% if only the days with 50% or more clear sky are considered, independently
of the extent of the degradation. For the t-based diagnosis, the impact is much larger,
especially for the larger capacity losses where 3 to 5% gain in RMSEs was calculated. As
discussed in [23], the difference between the Q-based and t-based diagnosis is not surprising.
Indeed, since the charge of the cells is overall rather slow, lasting more than 10 h, variations
in current do not significantly impact the voltage nor the exchanged capacity, but since
these variations will affect charging times, the t-based diagnosis will be affected. Since
the diagnosis accuracy in the cases of training using |load|, ||load||, and ±20% around
||load|| was rather constant (Figure 5b,c), this same impact of a slow charge seems to
remove the necessity of knowing the exact usage associated with each battery to be able to
accommodate their effect, which is good news for applicability.

Looking into the impact of transitioning from a single-cell model to a pack model
(Figure 6b,c), it appeared to be larger than that for the training datasets, with variations of
more than 2% in the average RMSE reported depending on the conditions. Training on a
single cell will work well for packs with little inhomogeneity but the RMSE will quickly
increase with an increase in RDF, especially for Q-based diagnosis. The opposite is true
when training on a model with significant inhomogeneities. The best compromise seemed
to be training on a cell with mild inhomogeneities (+25% RDF in our case). In such cases, a
bell-shaped curve was observed for Q-based RMSEs with less than 1% variation between
the minimum and the maximum.

To investigate the impact of combining both accommodations, the last experiment
consisted first of a dataset trained on the CSI without any accommodation and second
a dataset trained with the CSI-||load|| with also +25% on the RDF to account for the
impact of the additional usage and of inhomogeneities. The validation was performed
both on a dataset using the OI minus the residential usage and a random value for the
RDF increase between 0 and 50% for each day of the year. The results of these simulations
are presented in Figure 7. Unsurprisingly, the t-based diagnosis benefited the most from
both accommodations with an improvement in the average RMSE between 1.75 and 5.1%
depending on the conditions. The improvement was much more limited for the Q-based
diagnosis, where it stayed below 1%. Nonetheless, a closer investigation of the average
RMSEs as a function of the type of degradation (Figure 7c) showcased some improvement,
with lower RMSEs in the regions where the algorithm struggled the most. Looking at
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the Q-based diagnosis up to 50% (first column), and without any accommodations, the
diagnosis error is the highest for degradation paths with around 50% LAMNE (yellow area
on top left triangle indicating RMSEs around 10%). After accommodation, the yellow area
disappears, and the average error is much more consistent across the entire degradation
paths. The same can be observed for both t-diagnosis (3rd and 4th columns), where the
color distribution is much more homogeneous after accommodation, indicating an overall
better performance of the algorithm. This is promising for deployment, as this indicates that
the error is less dependent on the actual degradation and that, although the best diagnoses
were not improved much, the worst ones were.
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Overall, the accommodation of additional usage and battery packs only increased the
average RMSEs for diagnosis by 1% compared to the ideal scenario (2.75% vs. 1.75% for
training and validation on single cells without additional usage [23,24]). Looking to further
improve the diagnosability, possible improvements could include better emulation of PV
systems. In the example given, this could be accomplished by using a different model
integrating maximum power point tracking [54,55]. In addition, the addition of forecasting
for the global horizontal irradiance [56–58] could help to select the best days to perform
the diagnosis. Finally, a wide variety of voltage-based diagnosis algorithms have been
proposed in the literature [59,60], and some could potentially improve on the algorithm
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used in this work. Since this work was focused on data generation, scoping different types
of algorithms was out of scope.

5. Conclusions
Following on from our previous work where we proposed a proof-of-concept approach

for the diagnosis of PV-connected batteries without the need for maintenance cycles, this
work addressed the two main limitations of the initial approach, where only single cells
without any additional usage on the battery were considered. This work showed that, for
capacity-based diagnosis, these limitations have a limited impact of the diagnosis accuracy
and that they can be accommodated without adding much complexity to the approach
by subtracting the average usage from the clear sky irradiance and by accounting for a
medium level of inhomogeneities. These accommodations, while of limited impact for the
average capacity-based diagnosis, with around a 1% increase in the average RMSE for the
best-case figure, significantly improved the worst Q-based diagnoses and all the time-based
diagnoses by up to 5% depending on the conditions.

Overall, this study reinforced the potential of synthetic data generation and training to
enable Big-Data studies of the behavior of deployed systems experiencing sporadic usage.
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