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Abstract: The sustainable integration of distributed energy resources (DER) into distribu-
tion networks requires accurate forecasting of hosting capacity. The network and DER
variables alone do not capture the full range of external influences on DER integration.
Traditional models often overlook the dynamic impacts of these exogenous factors, leading
to suboptimal predictions. This study introduces a Sensitivity-Enhanced Recurrent Neural
Network (SERNN) model, featuring a sensitivity gate within the neural network’s memory
cell architecture to enhance responsiveness to time-varying variables. The sensitivity gate
dynamically adjusts the model’s response based on external conditions, allowing for im-
proved capture of input variability and temporal characteristics of the distribution network
and DER. Additionally, a feedback mechanism within the model provides inputs from
previous cell states into the forget gate, allowing for refined control over input selection
and enhancing forecasting precision. Through case studies, the model demonstrates su-
perior accuracy in hosting capacity predictions compared to baseline models like LSTM,
ConvLSTM, Bidirectional LSTM, Stacked LSTM, and GRU. Study shows that the SERNN
achieves a mean absolute error (MAE) of 0.2030, a root mean square error (RMSE) of 0.3884
and an R-squared value of 0.9854, outperforming the best baseline model by 48 per cent in
MAE and 71 per cent in RMSE. Additionally, Feature engineering enhances the model’s
performance, improving the R-squared value from 0.9145 to 0.9854. The sensitivity gate also
impacts the model’s performance, lowering MAE to 0.2030 compared to 0.2283 without the
sensitivity gate, and increasing the R-squared value from 0.9152 to 0.9854. Incorporating
exogenous factors such as the time of day as a sensitivity gate input, further improves
responsiveness, making the model more adaptable to real-world conditions. This advanced
SERNN model offers a reliable framework for distribution network operators, supporting
intelligent planning and proactive DER management. Ultimately, it provides a significant
step forward in hosting capacity analysis, enabling more efficient and sustainable DER
integration within next-generation distribution networks.

Keywords: artificial intelligence; hosting capacity; distributed energy resources; PV; EVs;
battery energy storage systems; sensitivity gate; contextual input; sensitivity-enhanced
recurrent neural network (SERNN)

1. Introduction
The increasing share of distributed energy resources (DER) like photovoltaic (PV),

electric vehicles (EVs) and battery energy storage systems (BESS) in the power supply mix
presents a great potential to reduce reliance on fossil fuels [1]. To ensure sustainable DER
integration and reliable network operation, accurate forecasting of network capabilities
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is essential [2]. Hosting capacity analysis and forecasting can provide accurate system
information and operational data for informed operational planning and sustainable DER
integration [3]. The intermittent nature of the DER [4] output complicates grid management
and integration planning [5]. Forecasting hosting capacity, the maximum DER integration
capability of the network that maintains system reliability and stability [6], is essential for
grid planning, operational decisions, and ensuring a reliable energy supply. Advanced
hosting capacity forecasting models are required to capture the dynamic characteristics of
the DER and their impact on distribution networks. Both conventional and data-driven
hosting capacity analysis approaches [6] depend on network analysis. Therefore, these
approaches are unsuccessful in capturing the inherent complexities of the dynamic network
condition. The dynamic and time-sensitive nature of DERs and network variables, coupled
with the limitations of existing methods to adapt to these factors, necessitates the develop-
ment of an advanced model capable of capturing temporal dependencies and non-linear
relationships. This study introduces the Sensitivity-Enhanced Recurrent Neural Network
(SERNN) model that can dynamically adapt to time-sensitive and contextual variables
while maintaining high predictive accuracy across diverse network conditions.

Different studies have highlighted challenges for DER integration through hosting
capacity analysis of distribution networks. The researchers have considered different net-
work and DER constraints like over-voltage, under-voltage, thermal violations, equipment
power rating limitations, reverse power flow, inverter control capabilities, DER technology
types, and spatial impacts on power quality [7]. Voltage profile was considered as the
limiting factor for hosting capacity analysis in [8,9]. Besides voltage profile, researchers
considered constraints like line current and transformer overloading in [10,11]. Voltage
profile and thermal violation were examined in [12]. In [13], authors considered voltage
profile, thermal violation and transformer overloading as constraints for hosting capacity
analysis. Active and reactive power losses and voltage deviation were studied in [14]. The
authors in [15] highlighted network stability issues. PV was considered in many studies
including [16,17]. Due to the increased share of EVs in the transportation fleet [18], different
studies considered various aspects of EV hosting capacity. Authors in [19,20] considered the
impact of EVs on the distribution network in their study. The authors in [21] investigated
the coordinated active and reactive power control approach of DERs and found better
overvoltage and overcurrent management in distribution networks. In recent days, hosting
capacity analysis using the historical network and DER data has gained much attention
among researchers.

Artificial intelligence (AI) can significantly enhance the integration of DER by pro-
viding real-time monitoring and forecasting capabilities. Different AI algorithms like
Spatial-Temporal LSTM (ST-LSTM) [22], Support Vector Machine (SVM) [23] and whale
optimization algorithm [24] were investigated for hosting capacity analysis of distribution
networks with DER. In [22], the authors proposed a sensitivity gate and dual forget gate to
capture the temporal and spatial impact. The authors in [23] studied the support vector
machine (SVM) highlighting the grid-based features. In [25], the authors investigated
the regression and classification-based machine learning algorithms. The study found
classification-based algorithms like support vector machine (SVM) more promising for PV
HC analysis. Hybrid PSO-GD Algorithm in [26] and the deep reinforcement learning-based
approach applying the coordinated voltage control scheme in [27] were investigated to
evaluate the enhanced hosting capacity of the network. In [24], the authors considered
the thermal violation, voltage deviation, voltage fluctuation and short-circuit current for
estimating network hosting capacity using the whale optimization algorithm. The multiple
linear regression model was investigated using the operational data in [28]. Different
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machine learning models were investigated in [29] for the distribution network’s hosting
capacity analysis and forecasting.

The model-free approach using the smart meter data for calculating network capa-
bility to accommodate additional DER has gained attention to replace the model-based
approaches. This approach estimates the maximum amount of PV systems to integrate
with the distribution network without violating voltage limits. The voltage constraint was
considered for calculating PV hosting capacity in different studies. The voltage profile was
prepared using the smart meter data to calculate network hosting capacity by the univariate
linear regression algorithm in [30] and locational hosting capacity analysis algorithm in [31].
Real-time customer voltage data and solar irradiance data were utilized in [32] deploying
the deep reinforcement learning-based algorithm. The neural network deployed in [33] for
hosting capacity determination from the smart meter data considering the over-voltage
constraint. The study in [34] derived the voltage sensitivity coefficient from the smart
meter data and estimated the locational voltage-constrained hosting capacity by deploying
the linear algebra and optimization technique. The authors in [35] estimate the hosting
capacity using the probabilistic evolution method by using the time variability of load and
PV generation derived from the smart meter data.

Table 1 compares the relevant studies on hosting capacity analysis and forecasting of
distribution networks with DER. This comparison highlights the methodologies used, focus
areas of the research, constraints and factors considered for analysis, results or findings
achieved and limitations encountered, establishing the foundation for the proposed hosting
capacity analysis and forecasting model.

Table 1. Comparison of Hosting Capacity Analysis Methods.

Ref. Methodology Focus Area Factors Findings Limitations

[8] Spatio-temporal
Analysis

Hosting capacity
optimization Voltage profile

Estimated 33% and 39% HC
for IEEE-37 and IEEE-123
test network, respectively

Static and
Scenario-based
analysis, Limited to
PV systems

[9] Reconfiguration
Algorithm

Low voltage
feeder capacity

Voltage, thermal
constraints

Increased hosting capacity
due to configuring PV in
low-voltage feeders

Static and
Scenario-based
analysis, Limited to
PV systems

[10] Hybrid Optimization DER placement
optimization

Cost, power
losses and voltage
deviation

Increased both single and
multiobjective optimization

Limited
generalizability

[11] Stochastic
Probabilistic Analysis

Hosting capacity
under uncertainty

Voltage, thermal
limits

Improved accuracy under
uncertain scenarios

Scenario-based static
analysis

[12] EV Hosting Capacity
Management

Low voltage grid
management

Voltage, Line
congestion,
transformer
capacity

Identified under voltage as
the most restrictive EV
impact

Limited to EV
charging scenarios

[16] Stochastic analysis Planning risks
Voltage,
consumption and
PV output

Less strict planning risks
requires more investment

Static analysis,
limited to PV systems

[22] Spatio-Temporal
LSTM

Temporal and
spatial impacts on
hosting capacity

Voltage profile
and DER
variability

Decrease the percentage
error by 7.9 per cent

Computationally
intensive, limited
adaptability to
dynamic data
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Table 1. Cont.

Ref. Methodology Focus Area Factors Findings Limitations

[23] Support Vector
Machine (SVM)

Grid-based
feature analysis

Voltage,
Equipment
overloading

Achieve almost 90 per cent
accuracy

Reliance on expert
observations, limited
adaptability to real
data

[24] Whale Optimization
Algorithm

Hosting capacity
assessment

thermal violation,
voltage profile
and short-circuit
current

Error reduction by 12.3%
High computational
cost, low convergence
and static analysis

[28] Multiple Linear
Regression

Renewable
energy hosting
capacity

Voltage
constraints

Achieved R-squared value
0.9218

Limited to linear
relationships

[30] Smart Meter Data
Model-free PV
hosting capacity
estimation

Voltage profile Accurate PV hosting
capacity estimation Narrow scope

[32] Deep Reinforcement
Learning

Real-time PV
hosting capacity
assessment

Voltage,
irradiance

High adaptability to
real-time conditions

Extensive training
data required

Despite significant advancements, the traditional models face critical challenges in
capturing the influence of external environmental factors and managing long-term de-
pendencies on hosting capacity analysis and forecasting. Conventional approaches such
as voltage-constraint analysis focus on static network parameters overlooking contextual
and time-sensitive variables, thus failing to dynamically adapt to contextual variables or
manage long-term dependencies in sequential data effectively. Model-free approaches
leveraging smart meter data, while promising, focus narrowly on voltage constraints and
overlook dynamic temporal impacts of external factors critical for hosting capacity forecast-
ing. Furthermore, conventional AI-based models like LSTM, GRU, and ConvLSTM, though
capable of sequential learning, struggle to retain long-term dependencies, leading to the
loss of critical historical information and resulting in suboptimal forecasting accuracy over
extended horizons. Additionally, most models lack mechanisms to dynamically incorporate
contextual variables, limiting their effectiveness in capturing the dynamic variability of
DER and network conditions. For instance, LSTMs excel at retaining long-term depen-
dencies but do not account for real-time contextual variability, which is crucial for hosting
capacity forecasting. GRUs streamline computations by reducing gate complexity but
do not effectively incorporate exogenous influences, thereby limiting their adaptability in
dynamic responses. ConvLSTM improves spatial-temporal learning but remains insensitive
to external temporal variables and struggles with long-term dependencies. Addressing
these limitations is essential for accurate and responsive hosting capacity forecasting in
next-generation distribution networks. These limitations underscore the need for a novel
approach that integrates contextual sensitivity and dynamic adjustment mechanisms to
address the complexities of hosting capacity forecasting in modern distribution networks.
The Sensitivity-Enhanced Recurrent Neural Network (SERNN) model addresses these gaps
by introducing a sensitivity gate that dynamically modulates responses to time-sensitive
and contextual inputs critical for hosting capacity. By seamlessly integrating these inputs
into the memory cell architecture, the model makes it better suited for dynamic scenarios in
distribution networks. The model enhances its adaptability and effectiveness in handling
the dynamic scenarios of distribution networks with DER.
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This study explores the impact of external factors on the dynamic characteristics of
networks and DER integration for hosting capacity analysis and forecasting by introducing
the contextual sensitivity gate into the neural network memory cell architecture. The
sensitivity gate output, combined with the previous cell state, modulates the input gate
output to capture the impact of contextual factors and long-term dependencies on network
and DER variables. The modified forget output controls information flow, reflecting the
impact of contextual factors on hosting capacity analysis and forecasting dynamics. With
modified neural network architecture, the proposed model enhances predictive capabilities
and flexibility in handling complex time-series datasets. The sensitivity gate improves
forecasting performance by addressing the distinct influence of contextual variables, cre-
ating a more robust and adaptable hosting capacity analysis and forecasting model. The
contributions of the study can be summarized as follows:

(1) Improved Accuracy in Forecasting Network Hosting Capacity: The sensitivity gate of
the forecasting model helps to adjust the influence of the network and DER variables
dynamically to achieve higher accuracy in network hosting capacity forecasting. The
model captures complex dependencies and non-linear characteristics of the data
through improved responsiveness to temporal patterns and external factors that
impact the network hosting capacity.

(2) Enhancing Network Hosting Capacity Forecasting through Effective Long-Term De-
pendency Management on Network and DER Data: Incorporating a sophisticated cell
state update mechanism with forget and input gates, alongside sensitivity adjustments,
the model effectively manages long-term dependencies on Network and DER data. By
optimizing the retention of relevant historical information while discarding irrelevant
data, the model improves hosting capacity forecasting performance.

(3) Improved Adaptability to Contextual Variables for Hosting Capacity Forecasting: The
model supports extensive fine-tuning of hyperparameters, layers, and configurations
to optimize the model’s performance in varied DER deployment scenarios. Its flexibil-
ity in integrating contextual variables like time of the day enables effective adaptation
to diverse datasets and scenarios, accommodating the intermittent nature of the DER
output.

The rest of the paper is organized as follows: Section 2 describes the methodology and
forecasting model, Section 3 illustrates the results and discussion, and Section 4 contains
the conclusion of the study.

2. Methodology and Forecasting Model
This section outlines the methodology and model description for forecasting the future

value of the distribution network’s hosting capacity. Figure 1 shows the different stages
of the proposed Sensitivity-Enhanced Recurrent Neural Network (SERNN) model. The
process begins with a power flow analysis of the distribution network with DER like
PV, EVs, and BESS. The power flow analysis provides the time series data containing
the network hosting capacity and the network and DER variables. After cleaning and
processing, the data fit into the hosting capacity analysis and forecasting model. The
feature engineering step provides additional features that enhance the dynamic response
of the model [36]. After training, validation, and testing, the hosting capacity analysis and
forecasting model will provide the future value of the network hosting capacity for reliable
network operation and sustainable DER integration.
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Figure 1 illustrates the adaptive HC forecasting process in distribution networks with
integrated DER. The figure provides a high-level overview of the methodology, showcasing
time-series data preparation, input data processing, and hosting capacity forecasts through
the SERNN forecasting model. The process begins with input data acquisition, such as
the network parameters, DER data, and weather information. The power flow analysis
provides the time-series input data required for the forecasting architecture. The forecasting
architecture includes data processing and feature engineering techniques that enhance the
time-series data. The processed data is then fed into the SERNN model, which incorporates
a sensitivity gate for dynamically adjusting the response to time-sensitive and contextual
inputs. Sequential processing is performed through LSTM and dense layers, which manage
long-term dependencies and non-linear relationships in the data. The model then forecasts
the hosting capacity which is evaluated using standard performance metrics like MAE,
RMSE, and R-squared value. This comprehensive process ensures accurate and robust
predictions of hosting capacity under dynamic network conditions.

Figure 1. Process Flow Diagram of the SERNN Model.

The following sections outline the methodology and forecasting model development
stages with necessary mathematical equations.

2.1. Hosting Capacity Analysis and Time-Series Data Preparation

To calculate the hosting capacity, network, and DER variables, the required time-series
data gathered by power flow analysis of the IEEE-123 distribution network with DER like
PV, EVs, and BESS considering over-voltage, under-voltage, thermal limits, and transformer
overloading constraints. The power flow analysis was conducted by OpenDSS [37]. The
hosting capacity analysis and forecasting model was derived from the distribution network
with DER using Python. Data exchange between OpenDSS and Python was performed
using the py-DSS-interface application.

The impact of the DER on the network hosting capacity was analyzed using the PV
and BESS models of OpenDSS. The initial PV system capacity was considered 10 kVA at
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unity power factor. The PV output was calculated using irradiance and temperature data
from the Bureau of Meteorology, Australia. The EV battery specifications for the study
were calculated based on the Tesla Model S, with a nominal capacity of 100 kWh and an
effective capacity of 95 kWh. The EV charging and discharging were coordinated under
grid-to-vehicle (G2V) and vehicle-to-grid (V2G) [38] modes. The rated capacity of BESS
was considered 300 kWh and 100 kW, with charging, discharging, and reserve capacities
set at 30%, 40%, and 20%, respectively. DER was connected to the distribution network
with randomly selected buses.

The hosting capacity analysis began with reading network and DER data. Power flow
analysis evaluated the selected constraint violations as shown in Equations (1)–(3). As
long as constraints remained within limits, DER capacity was incremented, and constraints
were re-evaluated. When constraints were violated, network hosting capacity and required
variables for the forecasting model were collected for the hosting capacity analysis and
forecasting model training and testing.

(a) Voltage constraint:
vupper ≥ vi ≥ vlower such that ∀iϵN (1)

where the upper and lower limit of the ith node voltage vi are vupper and vlower,
respectively.

(b) Thermal constraint:
Ii ≤ Irated (2)

where Ii is the current passing through the lines i and Irated is the rated current of
the conductor.

(c) Transformer overloading:
Px f ormer ≤ Px f ormer_rated (3)

where Px f ormer is the power delivered by the distribution transformer and Px f ormer_rated

is the rated capacity of the distribution transformer.

2.2. Time-Series Data Preparation

The historical time-series data for network and DER variables were collected through
power flow analysis of the IEEE- 123 test network with DER like PV, EVs, and BESS by
the open-sourced network analysis software OpenDSS. The network and DER variables
were further analyzed using Python to calculate the network hosting capacity. The py-
DSS-interface application integrated the OpenDSS with Python to exchange the data of the
power flow analysis for developing the hosting capacity analysis and forecasting model.

2.3. Data Processing

Data consistency, accuracy, and completeness of the data are crucial for better perfor-
mance of the hosting capacity analysis and forecasting model. The time-series data was
cleaned using statistical tools to conform to the model. The ’datetime’ module performed
time-stamping of the dataset. Following the required feature engineering and removing
the missing values, outliers, and duplicates, the data were used for the training and testing
of the model.

2.4. Feature Engineering

Feature engineering extracts relevant information from the raw data to improve the
performance of the model. The presence of cyclic features affects the cyclic relationship
of the model when they are transformed to ordinal, interval, or categorical encoding [39].
The time of the day plays a vital role in accurately predicting the network’s capability to
integrate renewable resources. The time of day that indicates the hosting capacity, network,
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and DER variables estimation time was considered an input variable for this study. It
was reconstructed into the cyclic feature using the sine-cos encoding technique [40] by
Equations (4) and (5).

hsine = sine(2π ∗ h/24) (4)

hcos = cos(2π ∗ h/24) (5)

where h indicates the time of day, hsine and hcos are the sine-cos encoded features.
The hosting capacity of the distribution network depends on the presence of PV output

and solar irradiance. There was no power intake from the PV resources into the network
at no solar irradiance. Based on this conditionality, the new features were extracted from
the PV output and solar irradiance using the One-Hot encoding technique [41]. This
technique modified each PV output and irradiance into the binary coded inputs using the
conditionality described in Equation (6).

f (xt) =

{
1 i f xt > 0;
0 otherwise

(6)

where xt is the value of input variable at time t.
This transformation identifies whether a PV output and solar irradiance actively

contribute to the network at a given time. This encoding assigns a binary value of 1
to indicate the presence of PV generation or solar irradiance (xt > 0) and 0 to indicate
their absence (xt ≤ 0). By converting these variables into binary features, the model can
efficiently distinguish between conditions where PV resources contribute to the network
and conditions where they do not. This transformation simplifies the input representation,
enabling the model to explicitly capture the binary state of PV generation activity and
the corresponding network dynamics. The one-hot encoded features enhance the model’s
ability to distinguish periods with active DER contributions from inactive periods, thus
improving the accuracy of hosting capacity forecasting.

2.5. Model Design

The challenges in capturing long-term dependencies and incorporating external envi-
ronmental factors, such as weather patterns and temporal variations, limit the effectiveness
of conventional hosting capacity forecasting models. The SERNN model addresses these
challenges by introducing a sensitivity gate that dynamically adjusts the model’s response
to time-sensitive inputs of the distribution network, integrated DER, and surrounding
weather data. By incorporating the previous cell state into the forget gate, the model
also overcomes the challenge of managing long-term dependencies, ensuring that critical
historical information is retained for accurate forecasting. These innovations enable the
model to deliver improved forecasting accuracy, particularly for active management of the
complex and dynamic operation of the distribution network with DER.

The goal of the proposed model is to forecast the future value of the network hosting
capacity HCt for time steps T. In the proposed model, the sensitivity gate will capture the
impact of contextual variables on the hosting capacity of the distribution network. Also, it
will capture the long-term dependency on input variables by feeding the previous cell state
into the input gate. The forget gate will help to avoid overfitting by selectively forgetting
certain parts of the previous cell states.

Consider the time series data of the network and DER variables XhcεℜTxm where T is
the time step and m is the number of feature variables. Therefore, the hosting capacity Xhc

at time t could be expressed as,
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Xhc(t) =


x1,1 x1,2 ... x1,m

x2,1 x2,2 ... x2,m

... ... ... ...
xT,1 xT,2 ... xT,m

.

The sensitivity gate input S that will control the gate operation to modify the input

variables could be written as ShcεℜTx1, i.e., Shc(t) =


s1

s2

...
sT

.

Thus, the future value of the hosting capacity hcεℜTx1 would be a vector of size T, i.e.,

HCt =


hc1

hc2

...
hcT

.

The objective function of the proposed model could be written as shown in Equation (7).

L =
1
T

T

∑
t=1

(ĥct − hct)
2 (7)

where hct is the actual and ĥct is predicted hosting capacity value at time t. T represents
the length of the forecasting time step.

2.5.1. Cell Architecture of the SERNN Model

This section outlines the cell architecture of the proposed SERNN model as shown in
Figure 2. It consists of three gates: the forget gate, the input gate and the sensitivity gate.
The ‘sigmoid (σ)’ and ‘tanh’ activation function [42] modify the output at different stages.
The following sections summarize the operation of each gate and information flow within
the memory cell.

(a) Forget gate ( ft):
The forget gate in the model determines what information to propagate within the

cell from one state to another [43]. The previous hidden state ht−1, previous cell state
Ct−1 and current input xt are concatenated to form a single vector [xt, ht−1, Ct−1]. The
vector multiplied by a weight matrix W f , and a bias b f is added to form the input at the
forget gate. The resultant is passed through the ’sigmoid’ function (σ(x) = 1/(1+ e−x)

to get the forget gate output ft. Equation (8) denotes the forget gate output within the
cell of the model.

ft = σ(W f [xt; ht−1; Ct−1] + b f ) (8)

(b) Input Gate (it):
The input gate concatenates the previous cell state (Ct−1), previous hidden state

(ht−1) and input variables (xt−1) that provide a comprehensive context of the network
and DER variables along with the weather information by incorporating the current
and historical data. It multiplies the concatenated input vector with the weight factor
Wi which adjusts the impact of each variable on the gate output and adds bias bi. The
activation function (σ) helps to achieve the non-linearity and allows the model to learn
the complex nature of the input variables pattern. Therefore, this architecture enables
the input gate to incorporate new input data and retain relevant past information for
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accurate forecasting of the network hosting capacity. The input gate equation could be
written as shown in Equation (9).

it = σ(Wi[xt; ht−1; Ct−1] + bi) (9)

(c) Sensitivity Gate (st):
The sensitivity gate modulates the flow of information into the cell state based on

contextual variables, enabling the adaptability and robustness of the model to external
factors. Thus, the model gets responsiveness to time-sensitive variables through
dynamic adjustment of the gate output. The sensitivity gate maps the sensitivity input
xs by applying the weight matrix Ws and bias factor bs. The activation function σ

helps to regulate the output. The sensitivity gate output st could be represented by
the Equation (10)

st = σ(Wsxs + bs) (10)

where σ is the activation function, Ws is the weight matrix, xs is the sensitivity gate
input and bs is the sensitivity bias.

The sensitivity gate addresses the limitations of existing models by capturing the
influence of time-sensitive contextual variables. The gate dynamically modulates the
input variables (xs) based on contextual input like ‘Hour’ to respond to time-sensitive
network and DER variables and exogenous factors. The sigmoid activation function
(σ) in Equation (10) scales contextual inputs dynamically. This mechanism ensures
temporal adaptability by integrating contextual information into the memory cell.
Such adaptability enhances prediction accuracy by tailoring model responses to time-
sensitive external factors, a distinct advantage over conventional gated architectures.
By incorporating the previous cell state into the forget gate, the model overcomes the
challenge of managing long-term dependencies of traditional models like LSTM and
GRU. Compared to traditional models, which lack external contextual modulation,
the sensitivity gate introduces adaptive learning capabilities, enhancing the model’s
forecasting accuracy for time-varying scenarios.

(d) Cell State Update (i(t,s)):
The cell state update (i(t,s)) performs the dynamic adjustment based on the

input and sensitivity gate. It allows new information integration into the cell state
effectively. To determine the current cell state, it also determines which type and how
much additional information will be provided for accurate forecasting of the hosting
capacity. The cell state update value (i(t,s)) is the multiplication of the input gate
output (it) and sensitivity gate output (st), transformed by the non-linear function
(tanh). The non-linear function helps to prevent exploding and ensures stability,
maintaining the i(t,s) between −1 and 1. The cell state update value (i(t,s)) could be
calculated as shown in Equation (11).

i(t,s) = tanh

σ(Wsxs + bs)σ

Wi

 xt

ht−1

Ct−1

+ bi


 (11)

where Ws and Wi are the weight matrix, xs and xt are the sensitivity and input feature
vector, ht−1 is the previous hidden state, Ct−1 is the previous cell state, and bs and bi are
the biases associated with the sensitivity and input gates, respectively. The inclusion
of the sensitivity gate with the cell state update enables the model to dynamically
adjust to time-dependent variables, thus enhancing model forecasting accuracy.
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(e) Current Cell State (Ct):
The current cell state represents the network’s internal memory at a given time

step. It allows the model to learn from complex and dynamic data patterns, utilizing
a selective memory storage mechanism. To predict the current output, relevant in-
formation based on input data and historical context is kept over extended periods,
helping the model to capture dependencies and patterns in sequential data. Several
key components are involved in the cell state update process: forget gate, input gate,
and input modulated transformation. Equation (12) captures the dynamic integra-
tion of past and present information in the cell state (Ct). The forget gate output ( ft)
determines the proportion of previous memory (Ct−1) to retain, ensuring long-term
dependencies are preserved. The term (it,s), derived from the input gate (it) and
sensitivity gate (st), introduces new information influenced by external contextual
variables. The combination of these terms enables the model to dynamically adjust
to time-varying and nonlinear dependencies, ensuring robust and adaptive hosting
capacity forecasting.

Ct = ft ⊙ Ct−1 + it,s (12)

The current cell state (Ct) represents the internal memory of the SERNN model at
time t. It selectively retains historical information ( ft ⊙ Ct−1) while dynamically
integrating new inputs (it,s). This process is governed by nonlinear activations
(σ, tanh) that ensure stable gradient propagation and prevent exploding gradients.
Equation (12) thus balances memory retention and contextual adaptation, critical for
accurate forecasting of hosting capacity in distribution networks with integrated DER.
This integration ensures that the model adapts effectively to time-varying inputs.

Figure 2. Cell Architecture of the SERNN Model.
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(f) Current Hidden State (ht):
The current hidden state helps the model to determine the future value of the

network hosting capacity using trends, seasonal patterns, and other time-dependent
dynamics of the input variables. The quality of the hidden state directly impacts
the accuracy and reliability of predictions. A well-trained hidden state can capture
complex patterns and long-term dependencies, leading to more accurate forecasting of
future hosting capacity. Transforming the cell state by a non-linear activation function
(tanh) guides the output and makes informed predictions. Equation (13) computes the
current hidden state within the model.

(ht) = tanh(C1) (13)

The predicted hosting capacity yt at time t is calculated by applying the wight
(Wo) and bias (bo) with the current cell state (ht) by Equation (14).

yt = Woht + bo (14)

2.5.2. Weight and Bias Vectors Update

The weight (W f , Wi, Ws, Wo) and bias terms (b f , bi, bs, bo) in Equation (8)–(11) are op-
timized during model training using backpropagation through time (BPPT) [44]. This
process minimizes the loss function as shown in Equation (7). The gradients of the loss
function concerning these parameters are calculated and used to update the weight and
bias terms iteratively. The forget, input, and sensitivity gates dynamically govern the flow
of information, ensuring consistency between the parameter updates and the objective
function. For example, the forget gate’s weight W f is updated using the gradient shown in
Equation (15).

∂L
∂W f

=
T

∑
t=1

∂L
∂ht
· ∂ht

∂Ct
· ∂Ct

∂ ft
· ∂ ft

∂W f
(15)

Similar updates occur for Wi, Ws, b f , bi, and bs ensuring that all parameters align with the
model’s objective to minimize the forecasting error.

The optimization objective function (Equation (7)) minimizes the squared error across
the forecasting time horizon T, ensuring precise predictions of the network hosting capac-
ity. Using backpropagation through time (BPTT), gradients are calculated for all model
parameters, including sensitivity gate weights (Ws) and biases (bs). The additional gradient
term for the sensitivity gate, ∂L

∂st
, ensures that the model dynamically adjusts to contextual

variables during training. The update for the sensitivity weight matrix can be expressed as:

Ws←Ws − η
∂L

∂Ws
, (16)

where η is the learning rate, ensuring convergence to the optimal parameter set. This ap-
proach incorporates the contextual variability that conventional gated networks like LSTM
overlook. The iterative approach by incorporating sensitivity input gradients ( ∂L

∂s ) enables
the network to adjust dynamically to time-sensitive variables. This theoretical framework
underpins the SERNN’s superior accuracy by harmonizing long-term dependencies and
temporal sensitivity in hosting capacity forecasting.
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2.5.3. Model Evaluation

The model performance was evaluated using the performance indices: mean absolute
error (MAE), root mean squared error (RMSE) and R-squared (R2) as shown in Equation (17),
Equation (18) and Equation (19), respectively [45].

MAE =
1
n

n

∑
i=1
|ui − ûi| (17)

RMSE =

√
1
n

n

∑
i=1
|ui − ûi|2 (18)

R2 = 1− ∑n
i=1(ui − ûi)

2

∑n
i=1(ui − ūi)2 (19)

where ui represents the original data, ûi the predicted values, ūi the mean of actual data
and n is the total number of data points.

To ensure fair comparisons, the tuning for all models, including the baseline models,
was conducted using the Keras Tuner framework with a random search over a consis-
tent hyperparameter search space. The search spaces included learning rates (1 × 10−2,
1 × 10−3, 1 × 10−4), number of layers (1–3 for LSTM/GRU, 2 for ConvLSTM/Stacked
LSTM) and units per layer 32–128. Optimizer ‘Adam’ and ‘MSE’ as the loss function ensured
uniformity in evaluation. Table 2 summarizes the best hyperparameters obtained for each
model. This tuning process ensured that each model achieved its optimal configuration
under identical conditions for a fair and robust comparison across all models.

Table 2. Hyperparameter Settings for Baseline Models.

Model Learning Rate Number of Layers Units per Layer Optimizer

LSTM 1 × 10−3 2 64, 128 Adam

ConvLSTM 1 × 10−4 1 32 Adam

BiLSTM 1 × 10−3 2 64, 64 Adam

Stacked LSTM 1 × 10−4 3 64, 96, 128 Adam

GRU 1 × 10−2 2 128, 64 Adam

Algorithm 1 outlines the proposed forecasting model with the SERNN model. The al-
gorithm integrates data processing and advanced feature engineering techniques to prepare
the time-series data gathered through power flow analysis of the distribution networks
with integrated DER. The SERNN model processes these data through sensitivity gate
modulation architecture to capture the temporal dependencies of the data. The adaptive
memory cell architecture combines forget, input, and sensitivity gates to manage long-term
dependencies while dynamically incorporating new information. Using Backpropagation
Through Time (BPTT), the algorithm iteratively optimizes weights and biases to minimize
forecasting errors, ensuring robustness and adaptability. Adapting to time-sensitive in-
puts enhances the model’s predictive capabilities, achieving superior performance metrics
compared to baseline models.
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Algorithm 1 SERNN for Hosting Capacity Forecasting

Require: Contextual Input (network, DER, and weather variables) and Sensitivity Input
(Time of the day)

Ensure: Forecasted Hosting Capacity (HCt)

1: Step 1: Data Preprocessing and Feature Engineering
• Data cleaning and temporal alignment
• Cyclic encoding of time-related variables (Hour) using sine-cosine transformations

(hsin, hcos)
• Binary encoding of time-dependent variables
• Normalizing all input variables to ensure data consistency

2: Step 2: Initialize Parameters
• Initialize weight matrices W f , Wi, Ws, Wo and biases b f , bi, bs, bo.
• Set hyperparameters

3: Step 3: Sensitivity Gate Integration
• Compute sensitivity gate output to modulate time-sensitive variables:

st = σ(Wsxs + bs)

4: Step 4: Memory Cell Operations
• Compute forget gate output: ft = σ(W f [Xt; ht−1; Ct−1] + b f )

• Compute input gate output: it = σ(Wi[Xt; ht−1; Ct−1] + bi)
• Update cell state dynamically: Ct = ft ⊙ Ct−1 + tanh(it ⊙ st)

5: Step 5: Hosting Capacity Forecasting
• Compute the hidden state to capture temporal dependencies: ht = tanh(Ct)
• Generate hosting capacity forecast: ŷt = Woht + bo

6: Step 6: Backpropagation and Parameter Optimization
• Minimize the loss function L using Backpropagation Through Time (BPTT)
• Update weights iteratively: W ←W − η ∂L

∂W
• Ensure gradients are dynamically adjusted for sensitivity gate weights Ws and

biases bs.
7: Step 7: Model Evaluation and Validation

• Evaluate forecasting performance (MAE, RMSE, and R2)
8: Step 8: Forecast Refinement

• Adjust hyperparameters based on evaluation metrics.
9: END

3. Results and Discussion
To verify the effectiveness of the proposed forecasting model, the IEEE-123 distribution

network was considered to conduct numerical solutions. DER like PV, EVs, and BESS
were connected to the selected buses. The temperature and irradiance data required for
calculating the PV output were collected from the Bureau of Meteorology (BoM) Australia.
Figures 3 and 4 show the sample of irradiance and temperature data used for the study.

All simulations were conducted on a laptop with an 11th Gen Intel(R) Core(TM) i7-
1185G7 CPU @ 3.00 GHz and 16 GB RAM. OpenDSS version 9.6.1.1 (64-bit build) was used
for test network simulations and interfaced with Python 11 through the Py-DSS-Interface
2.0.4 interface library in the PyCharm Community Edition environment. For the IEEE-123
distribution network, the over-voltage and under-voltage limits were considered 1.05 pu
and 0.95 pu, the thermal limit as the rated current passing through the conductors and
transformer overloading as the rated power of the distribution transformers connected in
the networks. During the simulation, the total circuit power was measured at the secondary
terminals of the main distribution transformer delivering the total load of the test networks.
Renewable resources like PV, EVs, and BESS were connected to the selected buses to reflect
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real scenarios during network simulation. The PV, EVs, and BESS were operated following
the OpenDSS model architecture described in [37].

Figure 3. Irradiance.

Figure 4. Temperature.

Figure 5 shows the total circuit power delivered by the secondary terminal of the main
distribution transformer and the generated power by the PV units connected with the IEEE-
123 distribution network. The hosting capacity of the network was calculated using network
variables like circuit power, voltage profile, current passing through the conductors, and
transformer power. The impacts of PV, EVs, and BESS were evaluated using the hosting
capacity analysis framework. The hosting capacity was estimated at hourly intervals
using the open-sourced software Python based on the power flow analysis performed by
OpenDSS. The py-DSS-interface application package exchanged data between OpenDSS
and Python. After completing the data preparation and feature engineering processes
described in Sections 2.3 and 2.4, the data was fitted into the proposed hosting capacity
forecasting model. The study used 80% data as the training set for the model’s training.
The remaining data was divided into validation (50%) and testing (50%) sets for validating
and testing the model, respectively. To maintain the integrity of the time-series data, no
data shuffle was allowed throughout the simulation.
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Figure 5. Total Network Power and Renewable Generation (IEEE-123).

The performance of the proposed hosting capacity forecasting model was evaluated
using three different case studies. The outcomes and findings of these case studies have
been outlined as follows:

3.1. Case Study 1: Impact of Feature Engineering on Hosting Capacity Analysis and Forecasting

Feature engineering is the critical stage for any prediction model. This case study eval-
uated the impact of advanced feature engineering techniques on the model performance.
The model was trained and tested under different combinations of the network, DER,
and weather-related input variables collected through power flow analysis and features
engineering as described in Section 2 and evaluates their impact on the model’s predictive
performance. The model was assessed at three key stages: before data processing, after
data processing but before feature engineering, and after feature engineering. In the first
stage, the model was trained and tested with the raw data while in the second stage, the
data were processed to remove duplicate, missing values, outliers, and data inconsistencies.
The new features were incorporated into the dataset in the third stage using cyclic encoding
and binary representation techniques. Table 3 presents the impact of these steps on the
predictive performance of the hosting capacity forecasting model, using key metrics such
as MAE, RMSE, and R-squared value.

Table 3. Impact of Feature Engineering on the Forecasting Performance of the Model.

Indices Before Data
Processing

Before Feature
Engineering

After Feature
Engineering

MAE 0.6301 0.5501 0.2030

RMSE 0.9801 0.9408 0.3884

R-squared 0.8569 0.9145 0.9854

Table 3 shows significant improvements at each stage. During data processing, the
removal of outliers, duplicates, and inconsistencies enhanced data quality, leading to a
reduction in MAE from 0.6301 to 0.5501, RMSE from 0.9801 to 0.9408, and an increase
in R-squared value from 0.8569 to 0.9145. These changes underscore the importance of
addressing data inconsistencies and ensuring high-quality input data for robust model
performance. Feature engineering further enhanced the model’s predictive capabilities
by introducing new input variables such as cyclic time encoding and binary conditional
features. These transformations reduced MAE from 0.5501 to 0.2030 and RMSE from 0.9408
to 0.3884, while increasing the R-squared value to 0.9854. The result demonstrates that the
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inclusion of new feature variables through advanced feature engineering techniques like
cyclic encoding of time variables and binary representation of time-dependent variables sig-
nificantly improves the model’s ability to capture complex temporal patterns and enhance
forecasting accuracy through better representation of input features. This analysis validates
the critical role of thorough data preparation and feature engineering in improving the
predictive performance of the hosting capacity forecasting model. This study provides the
foundation for impact analysis of the sensitivity gate as discussed in the following section.

3.2. Case Study 2: Impact of Sensitivity Gate Input on the Hosting Capacity Analysis
and Forecasting

The inclusion of the sensitivity gate in the SERNN model directly addresses the
limitations of the conventional, AI-based and model-free hosting capacity analysis and
forecasting models. By dynamically adjusting the model response to the contextual and
time-sensitive network and DER variables, it demonstrates enhanced capability to capture
temporal response and improved forecasting accuracy as shown in Table 4. The SERNN
model was trained with and without the sensitivity gate using identical datasets and hy-
perparameters. The test evaluates the impact of the sensitivity gate on model performance
and the capability to capture time-dependent dynamics and contextual variability of the
distribution network with DER.

Table 4. Performance Comparison with and without Sensitivity Gate.

Model Variant MAE RMSE R-Squared Value

SERNN (with Sensitivity Gate) 0.2030 0.3884 0.9854

SERNN (without Sensitivity Gate) 0.2283 0.4570 0.9152

The results in Table 4 show that the MAE drops from 0.2283 to 0.2030 and the RMSE
declines from 0.4570 to 0.3884 while the R-squared value improves from 0.9152 to 0.9854 due
to the inclusion of the sensitivity gate with the model. This demonstrates the sensitivity
gate’s capability to capture dynamic, time-sensitive characteristics of the network and DER
variables, and improve forecasting accuracy. The sensitivity gate ensures that contextual
variability, such as PV output variability tied to irradiance and temperature, is effectively
captured, significantly reducing MAE and RMSE values.

Different inputs of the sensitivity gate, like time of day, and network and DER variables,
impact the network hosting capacity differently. The performance of the proposed model
was measured using the MAE, RMSE, and R-squared Value. Figure 6 demonstrates the
impact of different sensitivity gate input variables, like time of day (Hour), net circuit
power with DER (CktPower), Maximum node voltage (VMax), Minimum node voltage
(VMin), Maximum current passing through the conductors (Imax) and Power output from
the connected PV resources (PV(kW)), on the hosting capacity analysis and forecasting
performance of the model.

The Figure 6 shows that the ‘Hour’ input achieves the lowest MAE and RMSE values
and the highest R-squared value, demonstrating its superior ability to capture the dynamic
variability of network and DER conditions. In contrast, ‘PV(kW)’ yields the lowest per-
formance, reflecting its limited influence in representing temporal characteristics. This
superior performance can be attributed to the inherent temporal dependencies between
hosting capacity and time of the day. The result indicates that the time of the day (‘Hour’)
as sensitivity gate input captures the dynamic response of the network and DER variables
for calculating the future value of the network’s hosting capacity better than other input
variables. For instance, solar irradiance and air temperature strongly influence PV output
and BESS charging behavior, which varies predictably with time, making ‘Hour’ an ideal
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contextual input to capture the temporal response of the network by the SERNN model.
The performance of the SERNN model with the sensitivity gate has been compared with
the baseline models in the following section.

Figure 6. Impact Analysis of Sensitivity Gate Input on Model Performance.

3.3. Case Study 3: Comparison of SERNN with Baseline Models

The superior performance of the SERNN model compared to baseline models demon-
strates its effectiveness in addressing the limitations of traditional hosting capacity fore-
casting approaches. Specifically, the model’s architecture resolves challenges in capturing
long-term dependencies and contextual variability, enabling a more robust and accurate
prediction framework. This is reflected in the significant improvement in key performance
metrics (MAE, RMSE, R-squared Value) over existing models. The model is implemented
in TensorFlow/Keras with the following key elements:

(1) Input layers: It consists of LSTM layers that dynamically process the feature inputs,
retaining long-term dependencies via the forget gate.

(2) Sensitivity Layers: It processes the input variables based on the sensitivity input that
enables the model to respond to time-sensitive variables.

(3) Dense Layers: It calculates the st that enables the model to modulate new information.
(4) Concatenation: It combines the outputs of the LSTM layer and sensitivity gate for

integrated processing in subsequent LSTM layers.

The sensitivity and dense layers dynamically update the cell state, reflecting
Equation (12), and compute the final hidden state used for hosting capacity forecast-
ing. This architecture ensures that the cell state (Ct) selectively retains past infor-
mation ( ft ⊙ Ct−1) while incorporating new contextually modulated information (it,s).
By leveraging TensorFlow/Keras’s robust backpropagation mechanisms, all parame-
ters (W f , Wi, Ws, b f , bi, bs) are iteratively optimized to align with the objective function
(Equation (7)). The model captures both short-term variability and long-term dependencies
in hosting capacity forecasting.

Figure 7 shows the data flow architecture within the proposed SERNN forecasting
model. The SERNN model architecture consists of 60 unit LSTM layers to capture the
sequential dependencies across time steps and return the full sequence output. The spe-
cialized sensitivity input layer processes the sensitivity variable through a Dense layer
with 10 units using the ReLU activation function. The sensitivity layer transformed the



Energies 2025, 18, 263 19 of 25

sensitivity input into a more expressive representation. The output from the LSTM layer is
concatenated with the processed sensitivity input along the feature dimension, allowing
the model to simultaneously process both the primary input features and the sensitivity
input. With 60 units, the second LSTM layer consolidates the combined data into a single
sequence before the output layer. Finally, a Dense layer with one unit produces the hosting
capacity prediction. The model is compiled with the Adam optimizer, MSE as the loss
function, and MAE as an evaluation metric to evaluate forecasting accuracy, providing
an optimized framework to capture the influence of dynamic, time-sensitive variables in
distribution networks with DER.

Figure 7. Data Flow in the SERNN Model.

To establish a performance benchmark for the SERNN model, several baseline models
were executed for comparative analysis. The baseline LSTM model comprises a single
LSTM layer with 60 units, followed by a Dense output layer with one unit, capturing
sequential patterns in the data. Like the LSTM, the GRU model includes a single GRU
layer with 60 units and a Dense output layer, designed to capture temporal dependencies
with potential efficiency gains. The ConvLSTM model consists of a Conv1D layer with
32 filters and a kernel size of 3, followed by a 60-unit LSTM layer, combining convolutional
feature extraction with sequential processing. The Bidirectional LSTM model utilizes a
bidirectional wrapper around a 60-unit LSTM layer, enabling the model to capture both
forward and backward dependencies, thus enhancing temporal pattern recognition. The
Stacked LSTM model comprises two LSTM layers with 60 units each, with the first layer
returning sequences, thereby enhancing the extraction of temporal features through a
deeper structure.

Each model was compiled using the Adam optimizer with MSE as the loss function,
ensuring consistency in training parameters across models. This setup allows for a robust
comparison framework, highlighting the advantage of the SERNN model’s sensitivity
input integration over conventional approaches. The comparative analysis of the SERNN
and the baseline models underscores the enhanced forecasting accuracy achieved through
the inclusion of sensitivity inputs, offering a refined approach to address the dynamic
requirements of hosting capacity forecasting in next-generation distribution networks. To
compare the forecasting performance of the SERNN with baseline models, all models were
simulated with the same dataset and model parameters.

Figure 8 compares the training and validation loss curves for the SERNN model and
baseline models, including LSTM, Bi-LSTM, Convolution LSTM, Stacked LSTM, and GRU.
Each subfigure highlights the convergence behavior and consistency of the models during
the training and validation phases. Among the baseline models, the LSTM and BiLSTM
show moderate performance, showing steady convergence but relatively higher loss values.
The Convolution LSTM, Stacked LSTM, and GRU demonstrate slower convergence and
higher loss values, indicating challenges in capturing the complexities of the dataset. The
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SERNN model demonstrates faster convergence and lower loss values in both the training
and validation phases. The result indicates the proposed model’s capability to respond to
dynamic network conditions and intricate characteristics of the DER and weather variables,
confirming its effectiveness in forecasting network hosting capacity with higher precision.

(a) SERNN (b) LSTM (c) BiLSTM

(d) Convolution LSTM (e) Stacked LSTM (f) GRU

Figure 8. Training and Validation Loss of Different Models.

Table 5 compares the hosting capacity analysis and forecasting performances of the
proposed SERNN model with other deep learning algorithm-based forecasting models
like LSTM, ConvLSTM, Bidirectional LSTM, Stacked LSTM, and GRU. Among other deep
learning models, the Bidirectional LSTM performs lowest, while the ConvLSTM performs
better. The proposed SERNN outperforms all other models regarding performance indices
like MAE, RMSE, and R-squared value. These results highlight that the sensitivity gate and
dynamic architecture of the SERNN model allow superior adaptability to time-sensitive
variables, significantly improving prediction accuracy and outperforming conventional
deep-learning models.

Table 5. Hosting Capacity Analysis and Forecasting Performance Comparison of the Proposed Model
with Other Standard Models.

Models MAE RMSE R-Squared Value

Proposed Model

SERNN 0.2030 0.3884 0.9854

Conventional Deep Learning Models

LSTM 0.8604 1.6985 0.7214

ConvLSTM 0.6892 1.3664 0.8197

Bidirectional LSTM 0.9861 1.7402 0.7076

Stacked LSTM 0.6889 1.4317 0.8021

GRU 0.8738 1.4218 0.8048

Figure 9 shows the actual and predicted hosting capacity comparison of different
models. Compared to baseline forecasting models, the SERNN model demonstrates better
performance. The figure illustrates the SERNN model’s superior alignment with actual
hosting capacity values, showcasing its advanced ability to capture complex dependencies
compared to conventional models.
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Figure 9. Actual vs. Predicted Hosting Capacity Analysis and Forecasting data.

Figure 10 compares the performance indices of the different forecasting models. It indi-
cates that among LSTM, ConvLSTM, Bidirectional LSTM, Stacked LSTM and GRU models,
the Stacked LSTM gets lower MAE (0.6889) and ConvLSTM achieves lower RMSE (1.3664)
and R-squared (0.8197) values. However, the SERNN model outperforms (R-squared:
0.9854) other deep learning algorithm-based forecasting models like LSTM, ConvLSTM,
Bidirectional LSTM, Stacked LSTM, and GRU.

Figure 10. Comparison of Proposed Model Performance with Baseline Models.

The proposed model has focused on the impact of exogenous factors on the model
performance. The sensitivity gate captures the impact of both long-term and short-term
exogenous feature variables. Also, the previous cell state has modified the forget gate
input to capture the long-term dependency on the forecasting horizon. Study 1 shows
(Table 3 that introducing new feature variables using feature engineering techniques con-
siderably improves the model’s performance. Before applying the feature engineering
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techniques, the model shows the MAE, RMSE, and R-squared values 0.5501, 0.9408, and
0.9145. However, introducing new features using feature engineering techniques improves
the model’s performance indices MAE, RMSE, and R-squared values 0.2322, 0.4085, and
0.9839, respectively. Study 2 reveals that different sensitivity gate inputs impact the model’s
hosting capacity prediction performance differently. Figure 6) shows that the time of the
day (‘Hour’) as sensitivity gate input provides a better model performance, achieving the
MAE, RMSE, and R-squared values 0.2030, 0.3884, and 0.9854, respectively. Moreover,
the sensitivity gate inputs like ‘Max_V’ and ‘Min_V’ have a moderate impact, while the
‘PV_KW’ has the lowest influence on the model performance among all sensitivity gate
inputs. Compared to the standard models like LSTM, ConvLSTM, Bidirectional LSTM,
Stacked LSTM and GRU, the proposed SERNN model outperforms in terms of accuracy
for hosting capacity analysis and forecasting of the distribution network with DER. The
results of Case Study 3 demonstrate the model’s superior performance compared to the
standard models.

The sensitivity gate dynamically adjusts the model response to contextual variables.
PV and BESS output is directly correlated with the time of the day (‘Hour’). In this study,
‘Hour’ was used as sensitivity input to capture the temporal dependencies and dynamic
characteristics of the network and DER variables. However, the sensitivity input may need
to be redesigned for other DER resources like wind energy. The flexibility of the modular
design of the sensitivity gate supports input selection based on the critical variable of the
DER, allowing it to adapt to various distributed network scenarios.

4. Conclusions
Reliable integration and active management of the DER with distribution networks

necessitates precise forecasting of network hosting capacity. Beyond the inherent complex-
ities of network and DER variables, accurate prediction of hosting capacity depends on
various exogenous factors. The study addresses the challenges of the exogenous variables
and the dynamic nature of the network and DER variables by introducing a sensitivity gate
within a novel memory cell architecture, enabling dynamic adjustments, enhancing adapt-
ability and forecasting accuracy. Moreover, by incorporating the previous cell state into
the forget gate input, the model effectively captures long-term dependencies, significantly
impacting the model output. The study also investigates the role of feature engineering
in enhancing the accuracy of hosting capacity forecasts. Findings suggest that the timing
of the network analysis for estimating hosting capacity can significantly enhance model
forecasting precision.

The case studies demonstrate the model’s superior performance in hosting capacity
forecasting. Incorporating advanced feature engineering significantly enhances the model’s
performance, reducing the MAE from 0.5501 to 0.2030, RMSE from 0.9408 to 0.3884 and
increasing the R-squared value from 0.9145 to 0.9854. These enhancements validate the
critical role of feature engineering techniques in improving model performance. Further-
more, incorporating the sensitivity gate further enhanced the model’s ability to capture
time-sensitive and contextual variability, reducing MAE to 0.2030 and RMSE to 0.3884, with
an R-squared value of 0.9854, compared to 0.2283, 0.4570, and 0.9152, respectively, without
the sensitivity gate. The sensitivity gate demonstrated its ability to dynamically adjust
responses to contextual variables like time of the day, significantly improving forecasting
accuracy. The results also revealed the critical role of sensitivity gate inputs, with the ‘Hour’
variable outperforming others by achieving the lowest MAE (0.2030) and RMSE (0.3884)
and the highest R-squared value (0.9854). This demonstrates the model’s adaptability in
capturing temporal dependencies and contextual variability, making it suitable for dynamic
scenarios in distribution networks. The study shows that the proposed model, enhanced
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with a sensitivity gate, outperforms traditional models like LSTM, ConvLSTM, Bidirec-
tional LSTM, Stacked LSTM, and GRU. The SERNN achieved an R-squared value of 0.9854,
significantly higher than ConvLSTM (0.8197) and LSTM (0.7214), while reducing RMSE
by 76.4 per cent and MAE by 70.5 per cent relative to LSTM. These results underline the
SERNN model’s ability to capture complex dependencies and adapt to dynamic network
conditions, making it a robust tool for forecasting network hosting capacity.

This research provides valuable insights for researchers, network operators and en-
gineers. The innovative sensitivity gate mechanism substantially enhances the accuracy
of network hosting capacity forecasts, facilitating more effective active management of
integrated DER. This advancement supports more intelligent planning and reliable inte-
gration of DER into next-generation distribution networks. Future research could focus
on extending the SERN model by integrating other types of DER like wind power and
advanced storage systems. Future research can explore extending the SERNN model to
incorporate other DER types, such as wind power and other renewable resources, and
optimizing hyperparameters to enhance accuracy further. Testing the model under var-
ious distribution network scenarios, including tariff structures and pricing modalities,
could generalize its robustness, making it a valuable tool for grid operators managing
next-generation distribution networks.
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