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Abstract—The prediction of bifacial photovoltaic (bPV) system
performance under variable conditions has persistently challenged
researchers and practitioners alike, largely due to the unstable and
imprecise irradiance measurements and the extensive training pro-
cesses required for machine learning-based methods. Addressing
these issues, this study introduces an innovative digital twin system
that integrates a novel circuit-long short-term memory (LSTM)
model with the newly proposed triangle-shading pattern estimation
method, eliminating dependencies on direct irradiance measure-
ments and historical data. Our approach uniquely combines the
adaptability of LSTM networks with circuit models, facilitating
real-time power prediction with unprecedented accuracy and ef-
ficiency. Comprehensive evaluations across various shading sce-
narios demonstrate the proposed model’s superior performance,
consistently reducing mean absolute error, mean squared error,
and root mean squared error by over 50% compared with existing
methods. This breakthrough offers a scalable, cost-effective solu-
tion for optimizing the deployment and management of bPV sys-
tems, marking a significant advancement in the field of photovoltaic
research.

Index Terms—Bifacial photovoltaic (bPV) systems, bifacial PV
circuit model, digital twin systems (DTS), long short-term memory
(LSTM) network, power prediction, shading pattern estimation.

I. INTRODUCTION

THE urgent need to counter global warming and air pol-
lution has accelerated the search for sustainable alterna-

tive energy sources. Photovoltaic (PV) systems are a promis-
ing source of renewable energy due to their sustainability and
abundance [1]. Bifacial PV (bPV) modules utilize transparent
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glass, permitting light to traverse and reflect off the ground
underneath. This reflected irradiance can be captured by the
module’s rear side. Moreover, this transparent covering results
in reduced working temperatures due to lesser infrared absorp-
tion compared with the traditional backsheet laminate [2]. The
combination of increased irradiance and cooler temperatures
enhances power generation in comparison to monofacial PV
panels. According to the International Technology Roadmap for
PV, bPV installations are expected to increase their market share
by 40% by 2033 [3].

Despite the increasing adoption of bPV technology, the eval-
uation of bPV systems remains a complex issue due to the
difficulty of accurately identifying the received irradiance from
various light sources. The dynamic nature of irradiance creates
significant challenges in controlling and managing PV systems,
especially in partial shading conditions (PSCs), resulting in
divergent evaluations of PV panels [4]. The challenges inten-
sify with bPV systems, as predicting back-side irradiance is
particularly complex due to the intricate influence of albedo.
Therefore, a necessity exists for a versatile real-time perfor-
mance prediction system capable of operating effectively under
diverse conditions to support the successful deployment of bPV
systems.

The performance of a bPV system can be predicted by circuit-
based and data-driven approaches. Equivalent electric circuit
models are commonly used to predict electrical characteris-
tics [4], [5], [6]. Based on the similarity of the characteristics
between monofacial and bifacial PV panels, several researchers
applied an improved single-diode model (SDM) with adjusted
parameters [7]. An equivalent irradiance method applied SDM is
proposed to estimate the irradiance based on measured front and
rear irradiance [8]. However, these equivalent methods predict
output-based solely on estimated parameters. To better present
the characteristics of bPV panels and increase the accuracy,
researchers applied two connected SDMs presenting each side
of the panel [9], [10], [11]. In the literature, the generated power
of a bPV panel is the sum of the power generated from both
sides of the PV modules. However, circuit-based modeling meth-
ods require accurate environmental information [12], which is
challenging to obtain, and unreliable during dynamic shading
conditions [13].

The data-driven prediction approaches rely on weather data,
historical output records, or constructors’ datasheets. With the
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constructors’ datasheet, the generated power is calculated with
an analyzed method adjusting maximum power point (MPP) or
current at MPP under standard testing conditions (STC) [14].
However, the limitations of these models become evident when
dealing with limited data. To bolster their precision, the realm
of power prediction has recently turned to the application of
machine learning methods [15]. It is worth noting that while
these methods have been integrated into power prediction, their
application within bPV systems remains relatively unexplored.
One notable avenue of exploration involves leveraging the po-
tential of recurrent neural networks (RNNs) and long short-term
memory (LSTM) models in tandem. The literature showcases
instances of such deployment in power prediction, as highlighted
in [16], [17], [18], and [19]. An interesting development is the
fusion of LSTM and RNN methodologies, resulting in an LSTM-
RNN hybrid model, as chronicled in [20]. This innovation aims
to evaluate the effectiveness of various forecasting methods in
predicting the performance of PV plants. Furthermore, progress
has been achieved by combining LSTM with the Pearson coeffi-
cient for feature selection [21]. Qi et al. [22] developed a hybrid
model that combines a convolutional neural network (CNN)
with an LSTM, enhanced by power series and ramp series.
However, machine learning-based methods construct complex
models with numerous parameters, resulting in a significant
computational burden. Moreover, the accuracy of these models
primarily depends on the size of the training dataset, highlighting
the essential need for historical data during model training.
Meanwhile, both the circuit-based models and data-driven mod-
els rely on general irradiance information and are unlikely to
maintain accurate power predictions during dynamic shading
conditions due to their limited knowledge of local irradiance,
especially for PSCs.

To address the challenges of real-time power prediction for
bPV systems under dynamic conditions, we introduce a digital
twin system (DTS) for bPV systems that efficiently integrates
the triangle shading pattern estimation (T-SPE) method for
environment perception and the circuit-long short-term memory
(Circuit-LSTM) power prediction model. The primary contribu-
tions of this article are as follows.

1) Innovative digital twin framework: A DTS for bPV sys-
tems is proposed, which integrates multiple methodolo-
gies and efficiently consolidates diverse data streams for
real-time scenarios.

2) T-SPE method for environment perception: The T-SPE
method provides an environment perception mechanism,
enabling the estimation of front-side irradiance without
direct measurements. Its computational efficiency ensures
precise, real-time insights, pivotal for power forecasting.

3) Circuit-LSTM power prediction model: This method em-
bodies the principle of multimodel coupling by merging
circuit models with LSTM. The hybrid model does not
require historical data and effectively analyzes both long-
term and short-term data patterns.

The rest of this article is organized as follows. The electri-
cal characteristics of the bPV module are given in Section I.
Section II describes the structure of the proposed DTS with the
T-SPE method and Circuit-LSTM power prediction model. In

Fig. 1. BPV panel under partial shading: irradiance sources and corresponding
I–V curve steps.

Section IV, case studies and numerical results are discussed to
show the superiority of the proposed prediction model. Finally,
Section V concludes this article.

II. ELECTRICAL CHARACTERISTICS OF BPV MODULES UNDER

PSCS

Understanding the electrical characteristics of bPV modules
under PSCs is crucial for predicting their performance. The
bPV panels can absorb irradiance from both sides for power
generation. The main source absorbed by the front side of the
PV module is direct irradiance, which mainly depends on the
solar altitude angle and atmospheric transparency. The rear sides
receive diffused and reflected irradiance, which is normally
weaker than direct irradiance as shown in Fig. 1.

A distinctive feature of bPV modules is their dual-sided
energy generation. Consequently, the output from a bPV module
is the cumulative energy produced from both its front and rear
sides as described in [8]

I = If + Ir (1)

where the I is the output current of a bPV module, and If and
Ir are the current generated from the front side and the rear side.
The performance of each side can be modeled as a traditional PV
model based on received irradiance Gf , Gr, and temperatures{

If = (Isc,f +KiΔT )Gf/Gs

Ir = (Isc,r +KiΔT )Gr/Gs
(2)

where Isc,f is the short circuit current of the front sides, Isc,r rep-
resents the short circuit current of the rear sides, Ki is the short
circuit current coefficient, ΔT is the temperature difference
between experimental temperature (T ) and standard temperature
(25◦C), Gf and Gr denote the irradiance received by the front
and rear sides of the panel, and Gs is the standard irradiance
(1000 W/m2).

In our PV system modeling, each module within a PV string
comprises a series of PV cells alongside one bypass diode,
reflecting a strategic simplification to facilitate precise perfor-
mance prediction at the string level. This configuration allows
for a focused analysis of nonactive diodes based on specific
shading conditions affecting the modules, thereby refining our
understanding of the system’s overall behavior under varied
environmental influences.
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The characteristics delineated previously portray the per-
formance of the bPV system under ideal uniform irradiance
conditions (UIC). However, real-world scenarios introduce com-
plexities, with factors like shading from adjacent elements, such
as trees, buildings, and clouds, pushing the PV system into PSCs.
In PSC scenarios, PV strings grapple with fluctuating irradiance
levels on their front side. This variability can result in imbal-
anced electrical loads and potential damage, particularly in cells
experiencing minimal irradiation that are susceptible to hotspot
formation. While the bypass diode mitigates these challenges, it
simultaneously introduces complexities reflected in multistair
current–voltage (I–V ) and multipeak power–voltage (P–V )
characteristic curves. The bypass diode possesses a forward volt-
age VB , which serves as the base voltage, introducing a voltage
drop VD in the PV system upon activation [23]. In addition,
bPV configurations must also consider the shadowing effects on
the rear side, further complicating performance evaluation and
optimization. Fig. 1 depicts I–V characteristic of a bPV string
under three different irradiance conditions. These conditions
result in distinct turning points (TPs) that region the curve into
three separate regions. Within each region, the active cells have
a consistent shading pattern. The location of the TPs and the
voltage drop VD, in the PV system, are affected by the forward
voltage of the bypass diode VB . As a result, (1) is reformulated
to (3), which describes the I–V correlation for the ith region [6]⎧⎪⎨

⎪⎩
IS,i = Iph,i − Io,i

[
exp

(
VS,i+IS,iRs

AiNSP,iVt,i

)
− 1

]
− VD,i

Rp

VD,i = VS + ISRs − Vtp,i + VBD +NB,iVB,i

Iph,i = If,i + Ir,i

(3)

where IS,i is the current flowing through the ith string; Iph,i is the
photo-generated current, which is the sum of currents generated
from the front (If,i) and rear (Ir,i) sides due to irradiance; Io,i
represents the reverse saturation current of the module; VS,i is
the voltage across the ith string; VD,i defines the voltage drop
across the diode; Rs is the series resistance and Rp stands
for the parallel or shunt resistance. Ai is the ideality factor,
indicating how closely the diode follows ideal behavior. NSP,i

is the number of series-connected cells in the ith string, while
Vt,i is the thermal voltage; Vtp,i signifies the voltage at TPs, VBD

is the forward voltage of a blocking voltage, and NB,i and VB,i

represent the number of bypass diodes and the forward voltage
across each diode, respectively.

III. PROPOSED DIGITAL TWIN FOR BPV MODULES POWER

PREDICTION

Digital twins, as virtual replicas of physical systems, are
becoming increasingly pivotal in enhancing the design, monitor-
ing, and maintenance processes of various engineering systems.
The main part of the proposed framework lies in the seamless
integration of the T-SPE method and Circuit-LSTM models. The
T-SPE method fuses physical and environmental data, enabling
comprehensive environment perception for a nuanced under-
standing of bPV module behavior. Meanwhile, real-time fused
data within the DTS facilitates dynamic data processing, leading
to real-time predictions. The DTS also provides a management
interface for real-time observation and management of data and

Fig. 2. Integrated workflow of the digital twin framework for bPV modules.

predictions. Therefore, the proposed DTS for bPV modules
promises significant advancements by leveraging principles of
data fusion, environment perception, and multimodel coupling.
This section details the intricate design and mechanism of a
digital twin precisely tuned for bPV modules, introducing a pro-
posed shading pattern estimation technique and the integrative
prowess of the Circuit-LSTM method for comprehensive power
prediction.

A. Overview of the Digital Twin for bPV Modules

The digital twin for bPV modules, depicted in Fig. 2, bridges
the bPV modules’ digital twin with its physical counterpart, em-
phasizing the relationship between data storage, fused methods,
and the real-world PV system. This integration enables real-time
monitoring and predictive insights.

The raw-data database within the storage section captures
real-time I–V and environmental outputs with Gr and T , from
the physical domain in 1-min intervals, which comprises a
bPV system with three panels operating under PSCs. This data
originates from a bPV system comprising three panels operating
under PSCs. Subsequently, the smart system undertakes rigorous
data-cleaning procedures to ensure accuracy and relevance. This
involves filtering out missing or erroneous entries and addressing
outliers, thereby maintaining the integrity and reliability of both
the I–V data and associated parameters.

With the data refined, the T-SPE method harnesses the ac-
quired data to discern the shading patterns that sway the bPV
module’s performance, an imperative step in environment per-
ception. Following this, the real-time parameter estimation fur-
ther refines the process, pinpointing the model parameters cru-
cial for the accurate representation of the bPV model. With the
established shading patterns and the essential model parameters,
a bPV model is crafted as the circuit diagram, capturing the
intricacies of the bPV model. Building upon this foundation, the
Circuit-LSTM couples the circuit-based model with the LSTM
methodology in the digital version. The hybrid model responds
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to real-time conditions and stores the results in the predicted
database.

B. Proposed T-SPE Algorithm

In the realm of bPV systems, understanding shading patterns
is crucial for accurately predicting system performance and
represents a form of environmental perception in DTS. Envi-
ronmental perception refers to the process by which a system
interprets its surrounding conditions, incorporating sensory data,
such as irradiance levels and temperature variations, to inform
decision-making and optimize performance. However, in the
bPV system, the front irradiance sensors are affected by dynamic
shading, such as clouds, and that is highly location-related,
which brings challenges for front irradiance measurement. To
tackle this challenge, we present the T-SPE method for shading
pattern estimation with only rear irradiance and temperature
based on the fact that the rear irradiance sensor shows less
variation throughout the whole plant.

The proposed T-SPE method leverages the Douglas–Peucker
(D-P) algorithm to accurately estimate the shading pattern of
a bPV array using characteristic points on the I–V curve. The
D-P algorithm, originally conceived for polyline simplification,
operates on the premise that a subset of a polyline’s vertices
can approximate it within a specified tolerance, ε [24]. This
approach allows for identifying characteristic points recursively.
Reference lines can be drawn, each potentially harboring a
TP. Given that TPs materialize around Vtp,i = i/(n)Voc − VD,
we define a set of selected points SPs as candidates of TPs
SPs = {SPi | i ≤ n}, with Vsp,i = i/(n)Voc − VD, where n is
the number of modules in the bPV string. To distinguish TP
from SPs, the reference points are chosen between adjacent SPs,
which are located atVrp,i = (Vsp,i−1 + Vsp,i)/2. Reference lines,
constructed with two adjacent reference point RPi and RPi+1,
are denoted by { �RLi : �RPiRPi+1 | i ≤ n}.

Building upon this foundation, the I–V curve of a bPV string
can be analyzed in regions delineated by TPs. For a selected point
SPi to be earmarked as a TP, it should fulfill two conditions. First,
the magnitude of this distance must exceed the threshold ε, set
as one in this case. The directed distance from a selected point
to its associated reference line is computed using

dis(SPi) =
1
2
· det(�vi, �wi)

‖ �RLi‖
(4)

where �vi = �RPi − �SPi, �wi = �RPi+1 − �SPi, and �RLi = �RPi −
�RPi+1. As illustrated in Fig. 3, both SP1,p and SP2,u are notable

due to their significant distances from their respective reference
lines �RLi. Second, the vectorial distance from SPi to its cor-
responding reference line �RLi must be positive, signifying its
location on the lower left. Therefore, only SP1,p is identified as
the TP.

After the TPs are identified, the related characteristics are
obtained and analyzed based on the locus of TPs and stored in the
matrix SI with the characteristics mentioned in Section II. The
matrix is instrumental in storing the irradiance values derived
from different light sources impacting both sides of the bPV
panel. Under PSC, the front side of the PV module experiences

Fig. 3. Illustration of the T-SPE method: identifying TPs on I–V curves under
PSC and UIC.

notable irradiance fluctuations, with increases of approximately
200 W/m2 per hour due to shifts in the solar altitude angle,
while the rear side daily changes by less than 100 W/m2 [25].
This irradiance disparity makes accurate measurement of the
front-side irradiance complex, especially under PSC. The pro-
posed methodology allows for the determination of front-side
irradiance using rear irradiance, temperature, and total current
output, as represented in (5)⎧⎪⎪⎪⎨

⎪⎪⎪⎩

Gf,i = If,i/(Isc,f +KiΔT )Gs

If,i = Iph,i − Ir,i

Iph,i = Is,i + Io,i

[
exp

(
VS,i+IS,iRs

AiNSP,iVt,i

)
− 1

]
− VD,i

Rp

Ir,i = (Isc,r +KiΔT )Gr/Gs.

(5)

To provide a comprehensive representation of the shading pat-
terns, the number of activated modulesNSP and nonactive diodes
NB in each region is recorded in SI . NSP, can be derived from
the voltage differences at adjacent TPs. This is captured by the
relationship shown in (6)

NSP,i = round((VTP,i − VTP,i−1)/Voc). (6)

The number of nonactive diodesNB can be calculated fromNSP

as (7)

NB,i =

N∑
i=i+1

NSP,i. (7)

After combining the duplicate data, we can form the shading
information matrix SI with [Gf , Gr, T,NSP, NB ]. This matrix
serves as a concise representation of the shading patterns and
offers insights into the bPV system’s performance.

C. Proposed Circuit-LSTM Power Prediction Method

We introduce the Circuit-LSTM model for power prediction
within our proposed DTS, exemplifying multimodel coupling
to seamlessly integrate physical data and computational intel-
ligence, ensuring accurate bPV string power predictions even
without historical data. The Circuit-LSTM model leverages the
capabilities of LSTM networks known for their proficiency
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Fig. 4. Flowchart illustrating the operation of the Circuit-LSTM power
prediction method.

in capturing temporal dependencies in sequential data. Our
proposed DTS achieves robust power predictions even without
extensive historical data by integrating the LSTM’s ability to
remember long-term patterns with the circuit-based model’s
structural understanding of the bPV system. Fig. 4 offers a visual
representation of this intricate model, tracing from environment
perception from sensor output and shading patterns estimated
via T-SPE to the harmonized predictions produced by the col-
laborative dynamism of the circuit model and LSTM.

1) Accumulation Phase: Initially, the system predominantly
operates with the circuit-based bPV model in the accumula-
tion phase. A formidable challenge in this domain is acquiring
real-time environmental data in dynamic shading conditions. To
circumvent this, the data fusion process integrates the shading
information matrixSI derived from the T-SPE method, enabling
the circuit model to deliver preliminary power predictions with-
out historical data.

2) Iteration Phase With Feedback Mechanism: In the
Circuit-LSTM model’s Iteration Phase, the LSTM model pri-
marily uses the SI matrix derived from the T-SPE method as its
input. This SI matrix, encapsulating detailed shading patterns
affecting the bPV system, enables the LSTM to generate power
predictions by analyzing temporal trends in conjunction with
current shading dynamics. This process allows the LSTM to
forecast power output with a nuanced understanding of environ-
mental factors that directly impact the bPV system’s efficiency.

Simultaneously, the output of the circuit model, which pro-
vides real-time power predictions based on current environmen-
tal conditions, is pivotal in updating the LSTM network for
future rounds of prediction. After each LSTM prediction cycle,
the circuit model’s latest outputs adjust the LSTM’s internal
parameters, ensuring that subsequent forecasts are informed by
the most recent physical data. This iterative updating mechanism
enriches the LSTM’s learning process, enabling it to adapt
its predictions in alignment with ongoing changes in the bPV
system’s performance and environmental conditions.

In essence, the Circuit-LSTM model exemplifies a ground-
breaking approach in the realm of bPV power prediction, lever-
aging the strength of multimodel coupling to enhance predictive

Fig. 5. Experimental setups: (a) front view and (b) back view.

accuracy. Through its innovative iteration phase with feedback
mechanism, it dynamically integrates the immediate insights
from the circuit model with the predictive prowess of the LSTM,
ensuring that each prediction is as informed and current as
possible.

IV. EXPERIMENTAL RESULTS

To validate the proposed DTS, we performed a series of
computational experiments. The simulations were carried out
on a consistent computing environment, specifically a com-
puter equipped with an Apple M1 Pro CPU, 32 GB RAM,
running macOS Ventura 13.4.1, and MATLAB R2023a. The
experimental data were sourced in Jiangsu, China, from an
EG-320M60-C/BF-DG PV panel, which can be regarded with 3
PV modules in 1 PV string. Under the STC of 1000 W/m2 and
25◦C, the panel exhibits a Voc of 31.53 V, an Isc of 8.10 A, a
Ki value of 0.039%/oC, and a Kv value of −0.295%/oC. The
experimental configurations are depicted in Fig. 5.

The proposed T-SPE method is pivotal in the DTS, demon-
strating the strength of environment perception. To understand
the effectiveness and accuracy of our DTS, we evaluated the
performance of the T-SPE method in predicting shading infor-
mation matrices SI under various environmental conditions as
Fig. 6. This figure provides the simulation results of the T-SPE
method for 150 randomly generated shading conditions grouped
in three different shading patterns, 50 cases for each shading
pattern. These conditions were spread across an irradiance range
of 100–1300 W/m2 to reflect a broad spectrum of possible
environmental situations. For the generation of these conditions,
we utilized a randomization process that introduced a minimum
irradiance variation of 150 W/m2 between individual test cases,
particularly for the PSC subsets with 2 or 3 regions. This
ensured that each generated shading pattern was distinct and
recognizable, thereby providing a stringent test of the T-SPE
method’s capabilities.

During the simulation, there were three cases that were
wrongly estimated, resulting in an accuracy of 98%. This is-
sue arises when neighboring regions exhibit similar irradiance
levels. For example in Wrong Case 2, the front irradiance matrix
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Fig. 6. Performance of shading pattern prediction under various environmental
conditions.

Fig. 7. Visualization of criteria std _ dev, drop _ magnitude, and drop _ interval
for four simulated shading patterns: Case #1, Case #2, Case #3, and Case #4.

of the bPV string with three regions (950W/m2, 900 W/m2,
and 500 W/m2), and the T-SPE method wrongly predicted the
matrix with two irradiance levels (950W/m2, 900 W/m2, and
500 W/m2), but still resulting in the same predicted power
of 213 W. The results validate the effectiveness of the T-SPE
method in estimating front-side irradiance without the need for
its measurement, making it suitable for real-time applications in
bPV systems.

In order to validate the efficacy of the circuit-LSTM method
integrated, we conducted simulation cases that encompass four
distinct shading scenarios based on the following criteria.

1) Standard deviation (std _ dev): Indicates irradiance vari-
ability. Higher values hint at turbulent atmospheric con-
ditions, whereas lower values suggest a stable irradiance
profile.

2) Drop magnitude (drop _ magnitude): Measures the extent
of sudden irradiance decreases. Zero implies clear skies,
while higher values point to significant shading events,
such as from cloud cover.

3) Drop interval (drop _ interval): Dictates shading event
frequency. Shorter intervals indicate frequent shading,
whereas longer ones suggest occasional obstructions.

These criteria replicate real-world scenarios bPV systems
face, accounting for environmental variability. The simulated
configurations for each shading pattern are presented in Fig. 7.

The simulated shading patterns are delineated as follows:
Case #1 emulates an environment with moderate irradiance

Fig. 8. Comparative power prediction performance across diverse shading
patterns among proposed Circuit-LSTM model, circuit model, and LSTM model
under (a) Case #1, (b) Case #2, (c) Case #3, and (d) Case #4.

variability, average-magnitude shading events, and medium
frequency occurrences; Case #2 portrays a stable irradiance
scenario devoid of shading events, epitomizing the calmest
condition; Case #3 is characterized by average variability, pro-
nounced shading occurrences, and high-frequency events; and
Case #4 represents a highly turbulent environment marked by
significant variability, average-magnitude shading events, and
frequent occurrences.

These diverse scenarios ensure our system is well-calibrated
to handle a range of real-world conditions. As illustrated in
Fig. 8, the strength of the circuit model has been proved due to
its consistency, meanwhile, the hybrid model still demonstrated
its adaptability to moderate fluctuations and shading events, also
in stable conditions. While in the relatively stable scenario, the
LSTM model struggles in the beginning, then its adaptability
becomes evident as it closely follows the simulated data trends.
The possible reason is that LSTM models have an initial state
that may not align perfectly with the data at the beginning
of the sequence. Case #4 with a turbulent environment and
high variability, tested all models’ limits. The hybrid model’s
advantage is evident, providing accurate predictions amidst this
variability.

Fig. 9 presents a meticulous comparison of the proposed
Circuit-LSTM model with other prediction models. For a com-
prehensive evaluation, we have incorporated the modern time
series-based LSTM, CNN-LSTM model [22], RNN-LSTM
model [26], and the traditional machine learning approach,
artificial neural network (ANN) model [27]. The benchmark for
this comparison hinges on the power output prediction of a bPV
system located in Jiangsu, China, on 31 October, 2022, with Case
#5, a sunrise condition with fewer clouds, and Case #6, a more
cloudy moving scenario. To ensure a fair and robust compari-
son, specific hyperparameters have been meticulously selected
and applied across all models, with their details provided in
Table I. The chosen hyperparameters are pivotal in optimizing
each model’s ability to accurately predict power output, reflect-
ing a balance between computational efficiency and prediction
precision. The same hyperparameters underpin the models in
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Fig. 9. Power prediction performance comparison among the proposed
Circuit-LSTM model, LSTM, CNN-LSTM [22], RNN-LSTM [26], and ANN
model [27]: (a) accumulation phase, (b) iteration phase in Case #5, (c) accu-
mulation phase, and (d) iteration phase in Case #6.

TABLE I
HYPERPARAMETERS FOR MODEL COMPARISONS IN BPV SYSTEM POWER

PREDICTION

additional experiments, including two-day predictive scenarios,
ensuring consistency and comparability of our results.

A significant observation is made in the UIC environment
of Case #5. Notably, the Circuit-LSTM model has the unique
ability to predict without relying on historical data. This feature
sets it apart from other prediction models, as evident in Table II
for the Accumulation Phase, other models are denoted with
“N/A,” elucidating their inherent limitation of sole training
without simultaneous prediction during the accumulation phase.

TABLE II
COMPARISON OF RMSES (W) FOR POWER PREDICTION RESULTS

Furthermore, under the UIC environment, other models ex-
cept the proposed model consistently tend to underestimate
predictions, especially when power levels are above the mean
value. Such predictions gravitate toward the average rather than
the true value, leading to escalating errors over time. This
phenomenon might be attributed to these models’ predilection
for conservative predictions, potentially due to their inability to
handle nonlinearities and intricate patterns in the data. This also
hints at the challenges faced when not effectively fusing data
sources and knowledge from various domains.

Transitioning to the hybrid UIC and PSC environment of Case
#6, while the LSTM and CNN-LSTM models show good per-
formance, the proposed Circuit-LSTM model still outperforms
all models. This could be credited to the Circuit-LSTM’s supe-
rior data processing capabilities, allowing it to capture intrinsic
patterns and variations in the data across both environments more
proficiently. The success of the Circuit-LSTM model in this
environment underscores its efficacy in multimodel coupling,
offering accurate predictions.

In a comprehensive two-day experiment spanning 5–6 Febru-
ary, 2023, the study encompassed data between 6:00–18:00 on
each day as presented in Fig. 10. Notably, 5th February, is a
sunny day, while, the next day is cloudy with partial shading,
which causes a salient observation. Following an initial midday
zenith, the power output displayed a sharp decrement, only to
recover subsequently. At this juncture, the traditional models,
namely, LSTM, CNN-LSTM, RNN-LSTM, and ANN, mani-
fested conspicuous errors, although their predictions remained
congruent. This observed deviation can be ascribed to potential
anomalies in light measurement values, further exacerbated by
the complexities of PSCs. The proposed Circuit-LSTM method,
embedded in the philosophy of data fusion, deviates from tradi-
tional approaches. It merges the electrical domain with environ-
mental factors, minimizing the sole reliance on direct sunlight
measurements.

For a more granular understanding of model performance,
error metrics were collated. A heatmap representation in the
top-left corner of subfigures in Fig. 10 elucidates these metrics,
offering a visual comparison of the models. In both cases, the
proposed Circuit-LSTM method consistently outperforms the
LSTM, CNN-LSTM, RNN-LSTM, and ANN methods, with
significant improvements of over 50% in MAE, MSE, and
RMSE, indicating its superior predictive accuracy as given in
Table III.

For managing a real-time bPV power prediction system, the
web interface of the proposed DTS, is displayed in Fig. 11. In the
left and right top corners, there presents a live camera feed and
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Fig. 10. Two-day power prediction analysis: (a) sunny day and (b) cloudy day.

TABLE III
PERFORMANCE METRICS ON SUNNY AND CLOUDY DAYS FOR DIFFERENT

MODELS

Fig. 11. User interface of the DTS.

the virtual bPV model. On the left-hand segment of the interface,
users can access a comprehensive suite of information about
the PV system’s technical parameters, presented in an intuitive
and accessible manner. The main highlighted sections include
real-time representations of the I–V relationship and a time-
based power graph that encapsulates the system’s performance.
Moreover, the real-time sensor data and the recent average
electrical output generated by the PV system are systematically
displayed, allowing users to promptly review and analyze the
system’s efficiency.

Once initiated, the interface starts computations for the time-
based power prediction curve and updates the current data in
recent data matrixes, reflecting the efficient data fusion at work.
After the program concludes, users can extract the simulated
PV data, downloadable as a CSV datasheet, facilitating further
analysis using myriad data tools.

V. CONCLUSION

This study introduces a digital twin framework for real-time
bPV systems performance prediction under various shading
conditions. Through efficient data fusion, it offers real-time
environment perception with the proposed T-SPE method, which
negates direct irradiance measurements and enhances prediction
accuracy. The proposed Circuit-LSTM model is unique with the
ability to predict without historical data during the accumulation
phase sets it apart from counterparts, such as LSTM, CNN-
LSTM, RNN-LSTM, and ANN, which lack this capability. In
the iteration phase, our proposed Circuit-LSTM method consis-
tently outperforms the CNN-LSTM and RNN-LSTM methods,
with notable improvements of over 50% in MAE, MSE, and
RMSE, accompanied by an impressive R2 value exceeding 0.97
and 0.95 of the whole day prediction results on February 5–6.
The integrated digital twin framework, combined with the fusion
of the T-SPE method and Circuit-LSTM, offers an enhancement
in solar power prediction, setting a potential new benchmark for
future research.
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