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Growing exhaustion of fuel reserves and their harmful environmental impacts
have driven the shift towards the maintenance of renewable energy sources
like solar energy. PV systems, however, still face significant challenges while
integrating renewable sources into existing utility systems. Particularly,
environmental features like temperature, irradiance, and humidity are not
perfectly well coordinated with the power output, are always asynchronous in
nature, and affect the power prediction considerably. Close observation of
energy datasets from many PV plants revealed many intrinsic environmental
variables that are highly asynchronous. Many forecasting models learn
redundant features which might seem useful, and thereby the test performance
is overfitting. To address the nonlinear and asynchronous behavior of
environmental variables, there is a serious requirement for intelligent feature
selection algorithms guided by both correlation and temporal alignment
metrics. This research proposes a novel adaptive dynamic time warping
(A-DWT) feature selection with an adaptive forget gate (AFG-BILSTM) to
address the asynchronous issues. Experiments were conducted with varied
environmental asynchronous features, and the results of the proposed model
were compared with traditional BiLSTM and stacked BiLSTM models. In all
the experiments, the proposed model showed decreased error by (94.9%) on
Dataset-1 (0.069, 0.0035), by (94.6%) on Dataset-2 (0.078, 0.0042), and by
(90.9%) on Dataset-3 (0.069, 0.0061) when compared to stacked BiLSTM.
The MSE loss of the proposed method was observed to be between (0.3%)
and (11%) on four datasets.
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1. INTRODUCTION

The global shift towards the use of sustainable energy sources has remarkably accelerated the
development and deployment of photovoltaic (PV) plants. The continual depletion of fossil fuel reserves and
intense environmental concerns, solar energy today has emerged as a promising alternative for clean power
generation. Modern PV systems today enable both residential and commercial consumers to generate their
own electricity, transforming traditional consumers into prosumers. This dynamic drift has necessitated
redirection of conventional PV solar energy systems towards the use of more intelligent and smart
approaches for energy generation and maintenance of PV systems.
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A critical problem with solar power generation systems is its working under varied and intense
atmospheric conditions. The output of PV systems changes constantly due to dynamic atmospheric entities,
mainly because of asynchronous environmental features like irradiance, cloud cover, temperature, and
atmospheric humidity. The natural dynamic variability throughout the environmental cycles creates huge
difficulties for maintaining stable and reliable PV systems for efficient energy generation. The fluctuations in
PV plant energy can trigger critical issues like extreme voltage deviations, frequency irregularities, and
power conversion challenges, all of which compromise the integrity of PV networks.

Precise and timely forecasting of solar power generation has therefore become essential for effective
power management from PV plants. On the whole, to one hand, though multiple factors influence PV plant
solar energy generation, the primary factor could be understanding the deep-rooted relationships and dynamic
nature of atmospheric features such as ambient temperature, cloud cover, atmospheric dew, and technical
conditions of PV cells and inverters, which majorly impact the overall system prediction performance. The
multifaceted nature of these atmospheric features necessitates the need and usage of sophisticated prediction
models capable of capturing deep relationships between environmental entities and solar power output [1].

Deep learning-based bidirectional long-short term memory (BiLSTM) models render advanced
methodology for capturing both deep past and future dependencies in time series data, making them highly
effective and preferable for solar power forecasting. These models are good at capturing the temporal data
dependencies and retaining information over extended long-time sequences, thus making them well suited for
modelling the time-dependent nature of solar power prediction. Much of the research on BiLSTMs showed
better training accuracy but depleted test accuracy. Some of the explored reasons for depleted test accuracy
might be, that temporal misalignments may not have been studied well and that the models learned too many
redundant features unknowingly.

Temporal misalignment is especially critical in PV forecasting because solar power follows a tightly
deterministic diurnal cycle, so even small lags between meteorological inputs and the target signal can distort
the learned mapping. Particularly in PV datasets, there are many redundant features like humidity, point
humidity, cloud spread, cloud cover, irradiance, diffuse irradiance, horizontal irradiance, and even certain
temperature measurements, which exhibit strong mutual correlations and can introduce redundancy into
predictive models if not properly filtered [2]. These explored reasons are the focused, motivated objectives in
our proposed work.

This research proposes a model for PV power prediction by stacking multiple BiLSTMs, with a
novel feature selection of environmental variables. The BiLSTMs in this study are proposed to capture the
past and future time series data dependencies so as to raise the prediction accuracy. A feature selection
approach, adaptive dynamic time warping (A-DTW) with variance entropy weight, is proposed to address the
temporal misalignments and to achieve better correlations of the time series features with the target. Instead
of assigning identical weights to all features, A-DTW dynamically adjusts each feature's contribution
according to its local statistical variability. This enables the algorithm to emphasize features with strong
temporal relevance, thereby producing a more reliable warping path and improving the accuracy and stability
of feature selection for solar power forecasting.

Redundant features that are captured and selected in the A-DTW module are filtered using an
adaptive forget gate (AFG) with learnable weights, which is integrated into the proposed stacked BiLSTM
[31, [4]. Unlike conventional forget gates, the proposed AFG adaptively regulates memory retention based on
temporal feature relevance, thereby preserving informative features while suppressing redundant ones. The
novelty of the approach lies in combining A-DTW with AFG for feature selection and redundancy
elimination, which is not commonly addressed in prior works.

One of the major gaps in the modeling of deep learning algorithms is that many of the forecasting
models assume instantaneous effects of environmental variables in power prediction and fail to model
asynchronous and temporally misaligned relationships between environmental features and solar power
output [5], [6]. Real-time models lack temporal alignment frameworks that dynamically adjust the lags for
delayed impacts [7]. Both feature correlations and temporal dependencies are difficult for traditional
forecasting models to adequately capture [8], [9]. Failing to focus on the study of asynchronous and
imperfectly coordinated features critically affects the forecasting accuracy and model interpretability.

This study contributes to the field by addressing these gaps through the introduction of a novel
learnable dynamic time warping (DTW) module that discovers and adapts optimal temporal alignment paths
between environmental features and power output, effectively capturing the varying temporal scales and
inherent delays across different meteorological variables. DTW is a powerful algorithmic technique that goes
beyond traditional correlation methods.

In line with the identified gap, this research proposes the following objectives: develop a stacked
BiLSTM to understand and capture the past and future time series data dependencies from PV data; develop
a feature correlation method to capture the correlated environmental features with which the BiLSTM is
trained; develop a robust approach to filter the redundant environmental features of the PV data. The
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significance of the proposed framework, with its clearly defined objectives, lies in its contribution to the
research community by offering an efficient approach for temporal feature correlation and redundant feature
elimination in high-dimensional environmental datasets. Practically, the framework can enhance PV system
monitoring and performance analysis by improving data quality and supporting more reliable solar energy
management systems.

Tina et al. [10] and Lai et al. [11], in their work, presented a systematic assessment of different
machine learning methods for forecasting solar power. Their work emphasized the performance and
effectiveness of ensemble hybrid models in identifying relevant patterns in PV data. Tai et al. [12] in their
studies used convolutional neural networks (CNNs) along with bidirectional LSTM networks for capturing
time-series temporal relationships of solar energy and irradiance. Their methods showed a marginal (30%)
increase in forecasting accuracy compared to traditional algorithms when tested on different datasets.

Piantadosi et al. [14] and Kim et al. [14], in their studies, proposed a transformer-based solar power
prediction model. This model used a multi-head attention mechanism to find temporal patterns and trends in
solar data. The work of Stoean et al. [15] proposed various hyperparameter tuning approaches for optimizing
the performance of deep learning forecasting models. Their experimental studies showed a comparative study
where metaheuristic techniques often outperformed conventional evolutionary optimization algorithms, with
R2 of (0.604) and MSE of (0.014). Sulaiman and Mustaffa [16] introduced an efficient differential approach
for solar power forecasting with recurrent neural networks with optimized parameters. Their work proposed a
mutation algorithm that adaptively changes the search parameters according to the optimization progress. The
maximal error given by their approach stands at (7.303%). Fine-tuning deep learning models for time series
forecasting was proposed in [17]. Their work included an iterative, fine-tuning-based approach for parameter
optimization to avoid local minima while triggering a global exploration. The experimental studies showed
92% precision of the model.

Lightweight LSTM models were proposed for forecasting solar power, which has raised the
prediction accuracy [18], [19]. To quantize the lightweight model, the works used pruning and quantization
methods. Dao et al. [20] and Chang et al. [21] introduced lightweight embedded. An optimized extreme
learning technique was focused on by Behera et al. [22], which dynamically modified model complexity
based on the parameters. Their models under various operational settings incurred low computational cost,
with a MAPE of 2.94% at 15 min of time interval. Niu et al. [23], Qu et al. [24], and Huang et al. [25] used a
hierarchical attention model to capture historical trends at various time levels. Their approaches showed
greater accuracy with extreme meteorological volatile data. The work of Gan et al. [26] presented a unique
attention approach with a multi-headed mechanism for solar energy prediction with historical data. Their
approaches demonstrated high performance in comparison to traditional LSTM, reducing MAE by 38.53%,
and in multistep forecasting, a reduced MAE of 54.26% was observed.

Gensler et al. [27] in their work use a hybrid LSTM network for solar energy prediction in
comparison to RNN models and showed better performance with LSTMs in understanding the solar
irradiation feature. Their approach reduced absolute error, with a better performance of 87%. Yu et al. [28]
and Awais et al. [29] in their works used enhanced LSTM with attention layers, which have the capability of
understanding the past and present irradiance features with adaptive weights assigned. These adaptive
weights are then used to study the feature relevance. They conducted experiments under extreme weather
patterns and highlighted their model's high performance, raised by more than 15% when compared to
traditional LSTM methods. Zhong et al. [30] presented a BiLSTM model with temporal attention for
multistep lag study in forecasting irradiance. Chen et al. [31] modelled a sliced attention BiLSTM that uses
satellite data for regional solar energy forecasting. Their model exhibited high prediction accuracy with a low
MAE of 1.15. The work studied by Yu et al. [32] modelled a BiLSTM with double-decomposed layers for
solar power prediction. Especially for longer prediction horizons, these stacked layers proved better for
feature extraction and predictions, with reduced prediction error by 56.09% on cloudy days.

Studies were presented by Xie et al. [33] and Gu et al. [34] by setting up a multi-layered stacked
BiLSTM with intermediate residual connections. Their experimental demonstrations showed that the proposed
model addressed the vanishing gradient and achieved considerable performance. Liu et al. [35] in their work
introduced a novel feature engineering method in a stacked BiLSTM model, with an accuracy improvement of
12.6%. Wavelet decompositions were used to break down time series into intermediate frequency components
for adaptive feature engineering. Sarmas et al. [36] and Gao et al. [37] explored and presented a transfer
learning approach to study highly variant solar data. Their experimental studies conducted on various datasets
showcased the model's capability in understanding complex patterns in limited data.

Conventional feature selection approaches such as principal component analysis (PCA) and
correlation-based methods have been extensively used for dimensionality reduction and redundancy analysis.
Nevertheless, PCA projects the data onto orthogonal components by maximizing variance without preserving
temporal dependencies, whereas correlation coefficients evaluate only linear relationships between
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synchronized observations and fail to capture time-lagged similarities [38], [39]. Consequently, these
methods are less effective for solar power forecasting, where meteorological variables often exhibit nonlinear
and temporally shifted interactions, motivating the adoption of DTW in this research for temporal alignment
and similarity-based feature selection. DTW has emerged as a powerful method for addressing these
limitations of distance metrics. Samara et al. [40] introduced DTW for time series analysis. Kim and Hong
[41], in their studies, included DTW for comparing patterns in time series historical data. They used DTW
within their proposed k-Shape clustering algorithm and experimentally showed 89% model accuracy in
forecasting time series.

2. DATA AND METHODOLOGY

Many of the current solar energy prediction systems perform poorly on variable data features
because the models are trained on one or two datasets with only a few environmental variables. This study
includes empirical analysis on 4 different solar datasets, with a considerable number of environmental
variables to understand the model behavior and variability with the features of the data. Dataset 1 is our
custom dataset collected from a PV plant installed on the rooftop of an organization. The dataset
encompasses around (105000) records collected over 2 years with 13 features. Most of the features in this
dataset are environment-related. Dataset 2 is real-time data, taken from one of the solar power generation
plants. The dataset has around (100000) records and 22 features. This dataset also has major environmental
features. Dataset 3 is an open dataset available from a Git repository. The dataset has around 1360 records
with 17 features. Dataset 4 is real-time data, taken from a PV plant power generation organization. The
dataset has around 69480 records with 38 features. These datasets are made available in the links provided in
the references.

Each dataset underwent a rigorous procedure of preprocessing, refining, transforming, and
scrutinizing the raw data to generate meaningful relationships among the environmental features. Missing
values were identified for each feature and imputed using forward filling for continuous meteorological
variables. Missing records constituted 0.6%, 1.4%, 0.7%, and 1.1% of the total observations in Datasets 14,
respectively. All continuous variables were normalized using min-max normalization, transforming every
feature into the range [0,1]. The correlation analysis was conducted to determine the strength of relationships
between environmental variables and energy output (power generated), establishing a foundation for
subsequent feature selection and model development.

2.1. Proposed methodology

Temperature, irradiance, wind speed, and other environmental variables may change due to weather,
geographic location, time of day, and seasonal patterns, making solar energy generation extremely variable.
The power output from PV panels can fluctuate rapidly and unpredictably over short or long periods, driven
by changes in external environmental conditions, thus causing the environmental variables to change
dynamically. Both feature correlations and temporal dependencies are difficult to capture by traditional
forecasting models under these variabilities.

Understanding the temporal dependencies is highly necessary to build models that can predict
changes in power generation. Our research proposes a novel three-stage hybrid model to understand these
temporal dependencies, which combines the contributions of: Stacked BiLSTM for capturing past and
present dependencies; A-DTW for feature correlation and selection; novel BiLSTM with AFG for redundant
feature elimination. We used two algorithms: one for feature selection and one for model training. Figurel
shows the flow design of the proposed methodology, which is elaborated in further sections. Better time
series learning, ideal feature selection, redundant feature elimination, and increased predictive accuracy are
guaranteed by these techniques.

2.1.1. DTW and A-DTW

A number of environmental conditions like temperature, cloud cover, and irradiation have a direct
impact on solar power output. The impact of these variables on power production is not always precisely
coordinated. For example, a scenario where irradiance spikes due to the sun appearing from behind a cloud,
but the AC power doesn't instantly spike because of delayed panel heating. This causes reduced efficiency
and can be really understood. Such scenarios may be indicators that there are different asynchronous delays
and non-linear interactions in how changes in environmental circumstances impact the production of solar
energy. Thus, a thorough understanding of the dynamic interactions between environmental features and
power generation is essential for accurate and precise forecasting. From the theory of statistics, correlation
analysis and lagged dependency exploration are preferred to analyze such behaviors.

As correlation only considers a one-time step, it may give a low result in capturing temporal
misalignments. This may end up selecting features that falsely indicate maximal influence on the target
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power generation variable. This is the case where we need a technique that could wrap the time delays of
various features, thus making them ideal for managing the asynchronous impacts of environmental features
on power output. As environmental features like ‘temperature’, ‘cloud cover’, and ‘solar irradiance’ do not
always have perfectly synchronized effects on power output, the warping technique becomes critical and
helpful in the context of solar energy generation and may lead to better model predictions.

DTW is a powerful technique that goes beyond traditional correlation methods. By enabling non-
linear alignment of time series data, DTW is a potent approach that surpasses conventional correlation
methods. Because of its exceptional ability to align temporally unsynchronized time series data, DTW is
ideally suited for managing the asynchronous impacts of environmental variables on power output. To find
the best alignment between two feature sequences, the DTW approach will compress or stretch time series, in
contrast to conventional correlation methods, and is given by: DTW(X, Y) =min ¥; yeparn 4 (i, yi).

DTW assumes all features equally contribute to time series similarity, thereby selecting all features.
The proposed adaptive DTW (A-DTW) expands on the idea of using dynamic weighting path analysis to pick
the most significant features. It offers a deep understanding of the complex relationships between many
environmental variables and solar power generation by calculating not only the distance but also examining
the alignment of features using a warping path (WP). The value of the warping path from DTW indicates
how close the two-time series are. By looking at the DTW distance, we can analyze how differently the time
series behave, and the path alignment score explores how consistently the features track each other. As a
whole, the algorithm determines correlation strength and provides information about which environmental
factors have the biggest effects on solar energy production.

s Algorithm1: Feature Selection 1

L

z

Input Raw

Compute Adaptive Weight Compute A-DTW path Y Select minimal
Data: [ o ALn I T e e HeEL Al ——»| distance features from
ref w) (q < _ '~ O . evaluated i
pIas = Wy=tt (04 +0o4 +E log(1 + 05 00) Distance (D) X

J=K)

S

Algorithm2: Model Training

\
! N |

i

Input Data: Calculate Total T :
Selected Define Stacked AFG- Initialize Training Calculate Losses @ CUS:S ot Minimize Final i
Features X/ BiLSTM Architecture (AFG, and Calculate | Lo(gror i) (A — DTW) & Lyse -] Eo = alp + [ Total Optimized i
From Bi-directional LSTM) Forward pass (AFG BiLSTM) m}r” o Loss? Model '
Algorithm 1 MSE !
i

i

|

!

/

Figure 1. Proposed methodology pipeline

2.1.2. Feature selection using adaptive dynamic time warping (A-DTW) with variance entropy weight

Given a target time series (T"¢) and a collection of K time series, X;(1<j<K),A-DTWaims to
find a time series X; € X¥ that is closest to T™¢/. Notations in (1) and (2) represent the A-DTW distance and
cumulative minimal ADTW distances.

dist(ti,xj) Q)

D(T™, X7) )
Mathematically, A-DTW is given by (3).

dist(ti,xj) = wy. (t; — x)° 3

Wheret; € T™,x; € X*:

Wi;=1+ (M) dog (1 + gy;. o) @

ij+0ti+5
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is the proposed adaptive weight based on variance. The warping path W is then constructed, where the
wrapping path W is a sequence of points that align two time series sequences T"¢ and X’by, minimizing the
cumulative distance as shown in (5).

W = {(i1,j1), (2sJ2)) wee ooe , (0 Jr)} )

Where (i,, j,) represents the alignment of ¢;, and x;,..

In adaptive DTW, the goal is to find the optimal wrapping path (W) between two time series
sequences by minimizing the cumulative distance given by (6).

D(l - 1,]) + Wij * dlst(tl,xj)
D(l - 1,] - 1) + Wij * dist(ti,xj')

These three minimal cumulative correspond to wrapping across vertical step, horizontal step, and diagonal
step. The weight w;; as shown in (4), is an adaptive weight that varies with the variance between the features
(ti x;). Higher weights are considered for (t; x;) with high variance. D(i,j) of (6) includes such low-
variance points to be included in the optimal wrapping path W. The DTW distance between the target and
selected time series feature D(T7¢/,X/) is the minimum cumulative distance (Euclidean) of aligning all
points along the warping path W. It is computed as (7).

D(T™, X7) = ¥ jyew dist(t;, x;) (7

This minimal distance from (7) shows X’is closest to T7¢/ and X/ are selected features with
importance. Figure 2 shows a sample of four F1, F2, F3, and F4 time series features compared to the target
feature Ty for similarity alignment. Figure 2(a) shows initially all features to be completely dissimilar to the
target; after DTW realignment shown in Figure 2(b), the features F2 and F3 are selected to be similar to the
target, which are shown in Figure 2(c). These selected features are shown in Figure 2(d) and are taken into
model training. Table 1 summarizes the symbols and abbreviations used in this paper.

1
iF2 F2 ' -
(\f\’/\,- F1 r\/\-/\__ﬂ 5 F2 1) IF2
' ' ' 1 '
' ' ' 1 '
Temporal SJ:/ —S/:/ /\f\’/.\_’ '
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Figure 2. Sample time series feature selection in DTW alignment: (a) original features, (b) DTW realignment,
(c) selected similar features, and (d) features selected for model training
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Table 1. Symbols and abbreviations used in the paper

Symbol Description
Tref Target time series
w;j Adaptive weight
w Warping path
D(T"¢f,X/) DTW distance
faan(t) Proposed approach: forget gate
a Learnable parameter
) Small quantity
Y Shift smoothing parameter
Lprres xiy Differentiable loss function
Lyse Loss from the AFG-BILSTM
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Algorithm 1. Feature selection with A-DTW
Input: Time series target T7¢  and X/ (1 < j < K)
|°'xj_°'l:i|

U'xj+0'ti+€

1) Compute adaptive weights given W;; =1 + ( ) Jlog (1 + 0yj.0¢).

2) Compute warping path W by minimizing D (i, j) using:
D(i—1,j) + wyj * dist(t;, x;)
d(i,j) = min D(i,j — 1) + wy; * dist(t;, x;)
D(i—1,j— 1)+ 2*wy; = dist(t;, x;)
3) Compute D(T™,X7) = ¥; hew dist(t;, ;) ; (i,)) € W.
4) Select features X/, with minimal D(T7¢/, X/) from step 3.

2.1.3. Need for wrapping in time series solar power (energy) prediction with variance entropy weight

Measuring similarity between two time series features is challenging because of factors like
complexity, variability, and temporal nature. Time series data often have shifts in time, meaning the same
points may appear at different timestamps. Because of the temporal nature of time series, the features may
initially seem to be dissimilar, but close observation by stretching or compressing the time axes may really
help in identifying the relationships between these temporal features. In scenarios of solar energy prediction,
similarity analysis will fetch strong predictors. A-DTW with variance entropy weight aligns time sequences
by compression or stretching for better analysis of the data.

Our proposed A-DTW approach uses variance entropy weight, as solar power generation is
uncertain with most of the weather variables. If both variances are high, the weight term grows enormously,
which is not stable for the best feature selection. Our proposed approach penalizes this explosive behavior
with a log() term in the numerator, as shown in (4), making the model less sensitive to extreme variance.

The graph in Figure 3(a) shows the relationship between irradiance (blue curve) and power
generated (green curve), indicating the lag phenomenon. The power curve shows a slight lag, which could
reduce its similarity to irradiance. Figure 3(b) shows the realignment of the same lag points after applying
wrapping, showing how the peaks could be correlated for data similarities. Also, the differences between
these lags are minimized and made uniform.
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Figure 3. DTW alignment of irradiance and generated power: (a) before alignment and (b) after alignment

2.2. Proposed adaptive forget gate stacked BILSTM (AFG-BiLSTM)

For time series modelling, recurrent neural networks (RNNs) and their variants have been
extensively utilized. However, because of vanishing gradients, typical RNNs have problems with short-term
memory. By preserving long-range dependencies, long-short term memory (LSTM) networks help to
alleviate these problems. The LSTM uses three gates: forget (f), input (i;), and output (or) given by (8)-(10).

fl’ = G(fot + Ufhl'—l + bf) (8)

iy = o(Wix, + Uphe_y + by) )
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or = o(Wox; + Ughi—1 + by) (10)

But many of the current research works on PV data showed low performance with LSTM, as they failed to
analyze the past and present data dependencies of time series sequences, particularly when predicting power
generated with many of the environmental predictor variables.

In the proposed study, in order to improve the learning of both past and current dependencies, we
investigate stacked bidirectional LSTMs (BiLSTMs) to be trained with the features where many
environmental variables are involved. Conventional LSTM networks handle input in a forward orientation,
efficiently capturing previous dependencies while disregarding information that may become accessible in
the sequence in the future. By adding a second LSTM layer that processes the sequence in reverse,
bidirectional LSTMs (BiLSTMs) overcome this restriction and provide a more thorough comprehension of
sequential dependencies. Furthermore, hierarchical feature extraction is made possible by stacking numerous
BiLSTM layers, which enhances the expressiveness of the model.

Given an input sequence X = [xq, X3, X3, w v x7], a BILSTM computes hidden states (h:) in both
directions.

Zt = LSTM(Xt, Ht—l) (11)

Et: LSTM (xt, Et+1) 12)

Where k, and h, represent forward and backward hidden states at time t. The final representation at each step
is the concatenation of both, given by (13).

he = [Rehe] (13)

The proposed approach adds novelty to the stacked BIiLSTM model by using a learnable,
parametrized forget gate in the LSTM layers, which adapts to the data features selected from the A-DTW
module. The conventional forget gate in LSTM controls the amount of previous memory retained or
discarded using fixed learned weights and sigmoid activation functions. Its behavior remains generally
uniform across input features and does not explicitly consider temporal feature correlation or redundancy.
For example, because of multiple lag alignments of the features, in the A-DTW module, some redundant
features like humidity and point humidity, and wind speed and wind flow may end up showing a minimal
DTW distance and thereby be selected by the A-DTW feature selection module. With a conventional forget
gate, these highly correlated or redundant environmental features may still be propagated through the
memory states. The presence of redundant features can lead to model overfitting, adversely impacting model
performance. Our proposed adaptive forget gate layer uses a learnable parameter (o) that adapts to the data
features X/, selected from the A-DTW module. This parameter penalizes the redundant features. The forget
gate f,q,(t) in our approach is given by (14):

faap(®) = a(D(Tref,Xf)).a(fotj + Uphe_y + by) (14)

with a as a learnable parameter that adapts to the data features X/, selected from the DTW module. From (7),
D(T™/,X7) is the DTW distance between a feature (X’) and the target time series (T7¢/). The learnable
parameter o converts the DTW distance into a weight using (15).

a(D( T X)) = —— ey (15)

1+eD(TreLX))

For X)1,X12 € X two similar redundant features selected in the A-DTW module, they show nearly identical
weights, i.e a (D(Tref,Xfl)) ~ (D(Tref,sz)) and are classified as redundant. We define the redundant
feature discrimination condition (RFDC) as, for X/1, X2 € XJ two redundant features:

la (DT, X)) = & (D( T, %72)) | < & (16)

where 6 (<0.05) is a small quantity.

Unlike the conventional LSTM forget gate (8), which computes the memory retention coefficient
solely from the current input and previous hidden state, the proposed adaptive forget gate, as shown in (14),
explicitly incorporates the temporal similarity between each selected feature and the target time series
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through the adaptive coefficient o(D(T™f, Xi)). Consequently, the proposed gate can be expressed as
faap(t) = a(D(Tref, Xj))ft, indicating that it is a DTW-guided scaling of the conventional forget gate. When
a feature exhibits a smaller A-DTW distance to the reference target, indicating stronger temporal correlation,
o approaches unity, allowing the feature to retain most of its historical memory. Conversely, features with
larger A-DTW distances receive smaller adaptive coefficients, thereby reducing their contribution to the cell
state and preventing redundant or weakly correlated information from propagating through successive
memory updates. The proposed BiLSTM forget gate is trained to discard(forget) one among these two
features with minimal RFDC and maximum correlation between features XI. The BiLSTM forget gate, which
is shown in (14), iteratively trains itself on the error function given in (18). Figure 4 shows the architecture
of our proposed model. Figure 5(a) shows one cell state of the AFG BiLSTM forget gate (AFG). Figure 5(b)
shows the proposed A-DTW and AFG BiLSTM modules. The steps in the training process of AFG-BIiLSTM
are as shown in Algorithm 2. The correlation analysis as shown in Table 2 determines the strength of
relationships between environmental variables and energy output (power generated). The table includes the
analysis on two datasets. The table shows the correlation and A-DTW distances.
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Figure 5. Proposed adaptive forget gate (AFG) BiLSTM architecture: (a) AFG BiLSTM forget-gate cell state
and (b) proposed A-DTW and AFG BiLSTM modules

Algorithm 2. Model training: Stacked AFG-BiLSTM

Input: Selected features Xj from Algorithm 1

Train BiLSTM with adaptive forget gate given by fadp(t)
Calculate loss Ly, pretyiy from the A-DTW module in (17).

Calculate loss Lyg; from the AFG BiLSTM module in (18).
Calculate total loss, L;,q; from (19)
Repeat training to minimize the total loss

A
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Table 2. Correlation Vs A-DTW distance on Dataset-1 and Dataset-2

Dataset Feature Correlation Feature A-DTW distance
Dataset-1: Target irradiance 0.98 irradiance 0.49
feature- air_temperature 0.74 humidity 0.83
power_generated  ambient_temperatur 0.57 wind_direction 1.72

surface_temperature 0.53 wind_speed 181
dew_temperature 0.50 air_temperature 2.01
wind_speed 0.14 surface_temperature 2.14
atmospheric_pressur 0.13 dew_temperature 2.20
wind_direction 0.09 atmospheric_pressure 221
humidity -0.65 ambient_temperature 2.26
vapour_presure -0.91 vapour_presure 241
Cloud_cover -0.96 Cloud_cover 2.69
relative_humidity -0.97 relative_humidity 2.88
cloud_precipitation -0.98 cloud_precipitation 3.04
Dataset-2: target Solar irradiance 0.97 Solar irradiance 0.62
feature- power Diffuse solar radiation 0.68 Direct normal irradiance 0.97
generated Direct normal irradiance 0.65 Diffuse solar radiation 0.97
UV Radiation 0.62 UV radiation 0.97
Wet bulb temperature 0.13 Relative humidity 1.50
Wind gust 0.004 Atmospheric pressure 1.64
Visibility 0.0017 Wind speed 1.64
Dew point temperature 0.0015 Cloud cover (%) 1.64
Ground surface temperature 0.0014 Air temperature 1.64
Surface albedo 0.0011 Surface Albedo 1.65
Precipitation rate 0.0009 Total sky cover 1.65
Snow depth 0.0009 Heat index 1.65
Total sky cover 0.0006 Wind gust 1.65
Air temperature 0.0002 Dew point temperature 1.66
Wind direction 0.0001 Feels-like Temperature 1.66
Feels-like Temperature -0.0005 Precipitation rate 1.66
Heat index -0.0014 Visibility 1.66
Relative humidity -0.0023 Wind direction 1.66
Wind speed -0.0028 Wet bulb temperature 1.66
Cloud cover (%) -0.0035 Snow depth 1.67
Atmospheric pressure -0.0059 Ground surface temperature 1.67
Solar Zenith angle -0.6081 Solar Zenith angle 1.9

3. RESULTS AND DISCUSSION

All experiments are run on the deep learning framework PyTorch, which allowed flexibility in
designing, training, and evaluating models. The implementation was carried out in Python, with pandas and
Scikit-learn libraries for data preprocessing and evaluation. Experiments were conducted on a computer
equipped with an NVIDIA GPU and CUDA support to accelerate training.

The model configurations and their hyperparameters are set as follows: BiLSTM with one BiLSTM
layer with 128 hidden units, regular forget gate, dropout 0.3, RMSprop optimizer with fixed 0.001 learning
rate, and MSE loss; Stacked BiLSTM uses 128 units per layer, 3 layers of BiLSTM, the usual forget gate,
dropout 0.3, RMSprop with 0.001 learning rate. The proposed AFG-BILSTM is an adaptively optimized
stacked BiLSTM with a forget gate, tuned to 128 units, 0.3 dropout, fine-tuned with the Adam optimizer, and
trained for 100 epochs. A 70-30 train-test split was adopted for each dataset, with the first 70% of the time-
series observations used for training and the remaining 30% used for testing.

The mean squared error (MSE) metric was used to compare the performance of the models. The
performance of the Ada-BiLSTM method with AFG was studied through comparison against four datasets as
discussed in section 2. The correlations and the A-DTW distance are extensively studied across the target and
the feature variables for all four datasets. The feature selection is studied under two scenarios: feature
selection with correlations; feature selection with A-DTW distance.

The experimental results of correlations and A-DTW distances on each dataset are recorded in
Table 2 highlights the following insights: in Dataset 1, some of the essential features like ‘humidity’, ‘cloud
cover’, ‘wind speed’, and ‘wind direction” were observed to be very weakly correlated with the target power
generation and are not among the top-5 strongly correlated features. But upon applying A-DTW alignment,
these features are in the Top-5, highlighting the performance of our novel feature selection approach.
Whereas in dataset 2, essential features like ‘air temperature’, ‘cloud cover’, ‘relative humidity’, ‘wind
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speed’, and ‘wind direction’ look very weakly correlated with the target (power generated) and are not in the
Top-10 strongly correlated features. Applying A-DTW alignment on the dataset, these features were in the
Top-10. These insights show that, for time series data, in order to understand the features that most impact
the target solar energy, it is essential to study the warping alignments along with correlations for key feature
selection. Errors may occur while arriving at the optimal warping path from among the available time lags.
Our proposed approach uses a smooth, differentiable loss function to study the loss of the A-DTW module
and is given by (17).

. p(rref xJ .
Lycrrer iy = 1in T pew exp (- 220y p(T7es, x0) (17)
wWEP

Where y is the shift smoothing parameter, weP is a warping path from the set of all possible warping paths
P. The loss from the AFG-BILSTM module is given by (18), where we use MSE to judge prediction
accuracy. The total loss of the approach is expressed by (19).

1 A~
Lysg = T ZZ:l(tref - tref)z; for trer € TTef (18)
Liotar = LD(TTef,XJ') + Lyse (19)
Table 3 shows the loss of the proposed model as per (19), which is the aggregated loss from the A-
DTW and AFF-BIiLSTM modules. Table 4 presents the training MSE loss of the baseline models and the
proposed model, and these results showed our proposed A-DTW feature selection and AFG redundant

feature elimination reduced validation error in comparison to the chosen traditional models, emphasizing the
importance of relevant features for solar energy modelling.

Table 3. Loss of the proposed model as per (19)

Dataset A-DTW loss (LD(Tref'Xj)) AFG-BIiLSTM loss (Lysk) Total l0ss (L;otar)
Dataset-1 2.722e-05 0.0035 0.0035
Dataset-2 2.569e-06 0.0042 0.0042
Dataset-3 2.011e-02 0.0061 0.0061
Dataset-4 5.946e-03 0.1052 0.1111

Table 4. Loss of the proposed model vs baseline models

Dataset Loss of BILSTM (L) Loss of stacked BiLSTM (L ysg) Proposed model-total loss
Dataset-1 0.086 0.069 0.0035
Dataset-2 0.096 0.078 0.0042
Dataset-3 0.067 0.069 0.0061
Dataset-4 0.185 0.167 0.1111

Figure 6 shows the training loss of the proposed approach in comparison to traditional BiLSTM and
stacked BiLSTM models, where these baseline models were trained with all the dataset features. As observed
from Figure 6, the proposed model loss was huge across dataset 4. This was due to the features in the dataset.
A close observation of Dataset 4 features showed that many features were not relevant to energy prediction.
Also, even the correlated and proposed A-DTW alignment technique did not pick the top 10 features to be
very relevant compared to other datasets, as observed from Table 2. This could be the reason for the huge
loss of the approach with Dataset 4. These comparisons show the importance of environmental feature
selection for better solar power prediction.

The superior performance of the proposed A-DTW and AFG-BILSTM framework stems from the
complementary integration of variance-aware temporal feature selection and adaptive memory learning.
While A-DTW identifies temporally relevant features, the Adaptive Forget Gate selectively retains
informative temporal patterns by eliminating further redundant features from A-DTW, enabling the BiLSTM
to learn more discriminative representations and achieve higher forecasting accuracy than the conventional
stacked BiLSTM. By removing redundant and correlated features, A-DTW reduces the input dimensionality
and mitigates overfitting.

Figure 7 shows the MSE comparisons of the methods on the actual PV power generated on the four
datasets, on a common day of 24 hours. Across the four datasets, the proposed model yielded the smallest
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mean squared error (MSE), on average. In all the experiments, the proposed model decreased error by
(94.9%) on Dataset-1 (0.069, 0.0035), by (94.6%) on Dataset-2 (0.078, 0.0042), and by (90.9%) on Dataset-3
(0.069, 0.0061) when compared to the stacked BiLSTM. The most difficult observation is from Dataset-4,
where the error of the proposed approach increases significantly. This was due to the features in the dataset.
These comparisons show the importance of environmental feature selection for better solar power prediction.
Even on Dataset 4, the proposed model is, however, optimal with a (33.5%) decrease compared to the
stacked BiLSTM (0.167,0.1111), Taken together, the findings show the proposed approach generalizes well
across all the datasets considered.
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Figure 6. MSE loss of proposed model compared to BiLSTM and Stacked BiLSTM
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Figure 7. Validation loss of models in comparison to the baseline on four datasets

3.1. Limitations of the proposed study

Although the proposed AFG-BILSTM demonstrates superior forecasting accuracy across four
benchmark datasets, several limitations should be acknowledged. First, the framework has been validated
using offline experimental datasets and has not yet been deployed in real-time photovoltaic systems or
hardware platforms such as smart converters, embedded controllers, or energy management systems. Second,
the comparative analysis primarily focuses on LSTM-based architectures, as the objective of this study is to
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investigate the effectiveness of bidirectional temporal dependency learning using the proposed AFG-
BiLSTM framework. Consequently, recent Transformer and attention-based forecasting models were not
included in the comparative evaluation. Their integration and benchmarking will be considered in future
work to further assess the generalization capability of the proposed framework. Although consistent
improvements were observed across multiple datasets, further validation on geographically diverse solar
plants and unseen operating conditions is required to establish broader generalization.

4. CONCLUSION

A close observation of Solar Energy datasets from many PV plant organizations revealed many
intrinsic environmental variables that are too asynchronous in nature. Whether all such features are essential
for energy prediction systems is the point of motivation for this research. Also, many forecasting models end
up learning redundant features that might seem useful, and thereby the test performance is bitter in
overfitting, thereby stating the need for intelligent feature selection algorithms guided by both correlation and
temporal alignment metrics. In this research, we developed a framework to address asynchronous features
with an adaptive dynamic time warping (A-DWT) feature selection approach and model overfitting using
stacked BiLSTM with AFG-BIiLSTM.

Experiments were conducted on four datasets with varied environmental asynchronous features, and
the results of the proposed model were compared with baseline BiLSTM and Stacked BiLSTM models. In all
the experiments, the proposed model showed decreased error by (94.9%) on Dataset-1 (0.069, 0.0035), by
(94.6%) on Dataset-2 (0.078, 0.0042), and by (90.9%) on Dataset-3 (0.069, 0.0061) when compared to
stacked BiLSTM. The loss of the proposed method was between (0.3%) and (11%) when trained on the four
datasets. With the proposed approach and the experimental results conducted, we support the importance of
adaptive feature selection methods for solar energy modelling it still has limitations.

The proposed framework is evaluated using specific PV environmental datasets, which may limit its
direct generalization to different geographical conditions and diverse sensor configurations without further
validation of this heterogeneity. As a future scope, the proposed approach may be applied to more
heterogeneous datasets in terms of geographic and climatic regions, thus testing its flexibility. It could be
further improved by integrating hybrid feature selection frameworks using A-DTW to increase the relevance
and strength of features. This research conducted experiments on feature selection using A-DTW and an
AFG-based BIiLSTM framework. Future work will extend this approach to broader renewable energy
applications, including solar forecasting, grid stability analysis, and energy storage scheduling, with
integration into smart converters, renewable energy control systems, and power electronic converters for load
balancing and real-time optimization. Future work will extend the proposed framework to multi-step
forecasting, evaluate its scalability on large-scale PV farms with heterogeneous sensor networks, and
compare its performance with Transformer-based temporal alignment and multi-head attention architectures
for capturing long-range temporal dependencies. In addition, real-time deployment on edge devices, smart
converters, and renewable energy control systems will be explored to support intelligent energy management
and load balancing.
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