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Abstract——Net load (NL) refers to the difference between 
gross demand and variable renewable energy (RE) generation. 
As the integration of RE continues to grow, the variability and 
uncertainty of power systems increase, creating significant chal‐
lenges for power system operators due to the intermittent be‐
havior of RE sources. NL forecasting (NLF) has become crucial 
to maintaining the reliable and secure operation of power sys‐
tems. This paper critically reviews the state-of-the-art NLF mod‐
els in RE-integrated power systems, with a particular focus on 
emerging techniques such as Transformer models and genera‐
tive artificial intelligence (Gen-AI) models. This paper systemati‐
cally explores and analyses various data preprocessing, feature 
engineering (feature selection and extraction), and hyperparam‐
eter tuning methods as well as forecasting engines used in NLF. 
Furthermore, this paper categorizes the NLF models with corre‐
sponding strengths and challenges. In addition, an assessment 
of the interpretability, scalability, and applicability of NLF mod‐
els is presented, highlighting their performance under varying 
levels of RE penetration. This paper also outlines challenges for 
NLF, e. g., the quality of data and the spatial and temporal 
scales. Finally, the future research directions are outlined based 
on the identified gaps in NLF.

Index Terms——Net load forecasting (NLF), data preprocessing, 
artificial intelligence, feature engineering, feature selection, fea‐
ture extraction, hyperparameter tuning, forecasting engine, re‐
newable energy.

I. INTRODUCTION 

MITIGATING the severe consequences of climate 
change and limiting the global temperature increase 

to 1.5 ° C by the end of this century has become the focal 
point. Fossil fuel-based generators are major contributors to 
greenhouse gas emissions [1]. According to the International 
Energy Agency (IEA), it is anticipated that the amount of en‐
ergy generated by renewable energy sources (RESs) will be 
increased to approximately 17000 TWh by the end of 2030 
[2]. While RESs have significantly contributed to the clean 

energy transition, their increasing penetration into power sys‐
tems has introduced challenges related to power system secu‐
rity, stability, and quality due to their intermittent nature.

RESs depend heavily on unpredictable weather and cloud 
conditions, causing rapid fluctuations in their generation that 
complicate net load forecasting (NLF). Accurate NLF is cru‐
cial for operation, demand-side management, and stability of 
power system [3]. Power system operators often struggle 
with system operation during midday due to high photovolta‐
ic (PV) generation [4]. Additionally, high levels of renew‐
able energy (RE) penetration can exacerbate these issues, 
with weather events causing significant demand or genera‐
tion fluctuations [5]. To ensure reliable and secure operation 
and prevent power shortages, power system operators need 
to forecast the power generation and demand. In this regard, 
various forecasting engines like statistical, machine learning 
(ML), and hybrid models have been proposed [6]-[8].

Various ML models have been explored to achieve accu‐
rate NLF results. Artificial neural networks (ANNs), extreme 
gradient boosting (XGBoost), k-nearest neighbors (KNN), 
random forest (RF), and recurrent neural networks (RNNs) 
including long short-term memory (LSTM) and gated recur‐
rent unit (GRU) have demonstrated their effectiveness in pro‐
viding reliable forecasts and capturing temporal dependen‐
cies [6]-[8]. Additionally, Bayesian neural networks (BNNs) 
add uncertainties to their predictions to make NLF more reli‐
able [9].

To achieve better performance, researchers often use sever‐
al data preprocessing, feature engineering (feature selection 
and extraction), and hyperparameter tuning methods as well 
as forecasting engines. Performance comparison between di‐
rect and indirect NLF models in RES-dominated microgrids 
and power systems has also been reported in [10] and [11]. 
In [12], both integrated and additive NLF models are exam‐
ined, with a comparison given across three techniques: con‐
figurable forecasting tools, artificial intelligence (AI) ap‐
proaches, and traditional statistical methods. Although using 
these techniques for predictive analysis is not new, NLF is 
far less represented in the literature than load forecasting 
(LF). Three NLF models under different aggregation levels, 
i.e., aggregated, partially aggregated, and disaggregated, have 
been comprehensively analyzed in [13]. Due to the increas‐
ing penetration of uncertain RESs, the focus is shifting from 
point forecasting towards probabilistic forecasting [14], [15].

Nowadays, Transformer models are gaining popularity in 
NLF due to their ability to capture long-term dependencies 
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[16]. Extensive research has been conducted in [14], [17], 
and [18], where various Transformer models have been de‐
veloped and applied. Some of these models have shown ex‐
ceptional capability in analyzing multivariate correlations 
and temporal dependencies for NLF. Nevertheless, research 
on their performance under various uncertainty factors in the 
context of NLF continues to be a subject of ongoing investi‐
gation.

Although many studies have explored different aspects of 
NLF, there is a lack of comprehensive review summarizing 
various NLF models. This paper addresses the research gaps 
by examining data preprocessing, feature engineering, and 
hyperparameter tuning methods as well as forecasting en‐
gines proposed for NLF. Additionally, this paper suggests fu‐
ture research directions to enhance NLF performance. The 
main contributions of this paper are summarized as follows.

1) An in-depth bibliometric study of the current literature 
on NLF is conducted, providing insights into research 
trends, major contributions, and conceptual developments.

2) A comprehensive analysis of data preprocessing, feature 
engineering, and hyperparameter tuning methods as well as 
forecasting engines is addressed, emphasizing the role of 
each in improving the accuracy of NLF.

3) Various sources of uncertainty are outlined, offering a 
clear overview of probabilistic forecasting models and gener‐
ative AI (Gen-AI) models.

4) Challenges related to the accuracy and reliability of 
NLF in power systems with high penetration of uncertain 
RE are examined, and studies that focus on the interpretabili‐
ty, scalability, and applicability of NLF models are assessed.

The remainder of this paper is organized as follows. Sec‐
tion II discusses different fundamental aspects of NLF. Sec‐
tion III highlights and discusses data preprocessing methods 
for NLF. Section IV illustrates feature engineering and hyper‐
parameter tuning methods. In Section V, various forecasting 
engines for NLF are thoroughly examined. Section VI re‐
views the interpretability, scalability, and applicability of 
NLF models. Section VII explicitly discusses challenges aris‐
ing in NLF and provides necessary future research direc‐
tions. Finally, the conclusions are drawn in Section VIII. 
The structure of this paper is illustrated in Supplementary 
Material A Fig. SA1, which highlights the main sections and 
their connections and presents a clear overview of paper or‐
ganization.

II. FUNDAMENTAL ASPECTS OF NLF 

This section provides a comprehensive introduction to the 
topic, i.e., the key characteristics of NLF and the factors in‐
fluencing NLF. Furthermore, the distinctions between tradi‐
tional LF and NLF are evaluated and discussed.

A. Concept and Characterization of Net Load (NL)

The NL in a power system is commonly defined as the 
difference between the gross demand and the variable RE 
generation [19]. The NL curve effectively represents fluctua‐
tions in the power system and highlights the flexibility re‐
quired to accommodate the combined effects of changing de‐
mand and RE generation [19]. The variability of NL, cou‐
pled with the growing demand for electric vehicles (EVs), 

further intensifies flexibility challenges [20]. Moreover, the 
significant and abrupt fluctuations in solar PV and wind gen‐
eration, referred to as ramping events, present critical con‐
cerns for power system operators [21].

An NL ramping event (NRE) refers to any variation in the 
total NL that exceeds 5% of the maximum NL value [22]. 
Such events pose challenges for power system operators. No‐
tably, downward ramping events are more challenging than 
upward ones, since the sudden reduction in RE generation re‐
quires compensation from conventional generators to main‐
tain system reliability. In contrast, the increase in RE genera‐
tion can be managed through generator rescheduling or by 
curtailing the excess supply [22].

In 2013, California Independent System Operator (CAI‐
SO) released a load profile known as the “duck chart”, illus‐
trating the potential for “overgeneration” as solar PV pene‐
tration increases [23]. It emphasizes the risk of solar PV gen‐
eration surpassing demand, which, if not addressed, could re‐
sult in overvoltage and congestion. In such scenarios, con‐
ventional power plants may struggle to rapidly ramp up or 
down, hindering the effective integration of surplus solar en‐
ergy into power system and impairing a stable balance be‐
tween supply and demand. To prevent this, power system op‐
erators must adjust output from conventional generators [23].
1)　Differences Between LF and NLF

LF models have been developed to predict future electrici‐
ty demand of customers for power system planning and oper‐
ation such as unit commitment, network management, gener‐
ation dispatch, fuel allocation, and various planning activi‐
ties. LF enables secure and cost-effective supply by prevent‐
ing over- or under-utilization of production and transmission 
capacities. Reference [24] and the references therein critical‐
ly review different aspects of LF and outline different LF 
models.

NLF is more crucial than traditional LF due to its strong 
correlation with intermittent sources in RE-integrated power 
systems [17]. Consequently, the accurate NLF is important 
to handle the inherent uncertainties associated with RESs to 
ensure the smooth and reliable operation of power systems 
[13]. Figure 1 outlines the significant differences between 
LF and NLF [5], [17].
2)　Different NLF Models

Figure 2 presents a classification for NLF models in terms 
of forecasting nature, aggregation level, forecasting engine, 
and forecasting routine.

Several studies have evaluated the performance of direct 
and indirect NLF models using different frameworks [10], 
[12], [25]. Supplementary Material A Table SAI gives a thor‐
ough comparison between direct and indirect NLF models, 
outlining their respective strengths, weaknesses, scalability, 
and suitability for different RE generation. Figure 3 illus‐
trates the concept of direct and indirect NLF models, where 
FM stands for forecasting method. The key difference be‐
tween the two NLF models lies in how the relationship be‐
tween gross demand and RE generation is modeled. 

The direct NLF model integrates gross demand and RE 
generation into a single FM, while the indirect NLF model 
separately forecasts gross demand and RE generation and 
then combines the forecasting results.
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B. Different Forecasting Horizons for NLF

Reference [24] discusses the forecasting horizons for LF, 
and the similar classification could be applied to NLF. NLF is 
divided into four categories based on the forecasting horizons: 
very short-term NLF (VSTNLF), short-term NLF (STNLF), 
medium-term NLF (MTNLF), and long-term NLF (LTNLF).
1)　VSTNLF

The volatility of NL makes the NLF crucial for power sys‐
tem operation in shorter periods. VSTNLF predicts the NL 
from a few minutes to a few hours ahead [26]. 

It supports utilities in real-time generation dispatch, load 
frequency control, and demand response, while aiding retail, 
commercial, and industrial enterprises in business operations 
[27]. Reference [27] confirms that the ML-based VSTNLF 

models are effective in microgrid environments, especially 
focusing on the challenges introduced by high levels of solar 
PV penetration. The models proposed in [28] - [30] enhance 
the VSTNLF accuracy for very short time intervals (i. e., 5 
min) by addressing uncertainties in RE generation. These 
models show strong potential due to their ability to handle 
minute-level fluctuations effectively.

2)　STNLF
STNLF predicts the NL from several hours to several 

days ahead [26]. Reference [31] incorporates 12-hour, 24-
hour, 48-hour, and weekly periods for NLF and compares 
their performance.
3)　MTNLF

MTNLF predicts the NL over a period extending up to 
several weeks or months [26]. Reference [32] highlights the 
importance of incorporating solar irradiance data and uses 
disaggregation techniques to improve the MTNLF accuracy. 
Reference [33] introduces a decoupling-based monthly NLF 
framework considering the solar PV generation.
4)　LTNLF

LTNLF predicts the NL over a period from a year to sev‐
eral decades [26]. In long-term LF (LTLF), factors such as 
human habits, environmental conditions, demographics, pop‐
ulation distributions, economic indicators, and electricity 
prices play significant roles [34]. These factors are also im‐
portant for LTNLF. Reference [35] uses census data and in‐
formation-theoretic feature selection to develop a 15-year 
NLF model for predicting the EV and solar PV penetration. 
A hybrid model using auto-regressive integrated moving av‐
erage (ARIMA) and least-square support vector machine 
(LSSVM) is developed for LTNLF in [36].

Supplementary Material A Table SAII compares the 
VSTNLF, STNLF, MTNLF, and LTNLF in various aspects 

LF

Predict electricity demand
of consumers

Only consider loads

Ensure sufficient
generation capacity

NLF

Consider historical load, 
weather patterns, calendar data, 

and socio-economic factors

Be less affected by
RE variability

Exhibit lower complexity due to 
less variations in time-series data

Consider weather, economic 
changes, and population growth 

as uncertainties

Represent gross electricity 
demand over time

Predict gross demand
minus RE generation

Consider loads and RE generation

Ensure frequency stability by
balancing generation

Consider load data, RE 
generation, weather patterns, and 

RE adoption

Be highly affected by RE 
variability, requiring real-time 

adjustment

Consider unpredictable RE 
generation as uncertainties

Represent net demand that 
grid must supply after local 

generation

Exhibit higher complexity due to
more variations in time-series data

Fig. 1.　Significant differences between LF and NLF.
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Fig. 2.　Classification of NLF models.
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Fig. 3.　Concept of direct and indirect NLF models. (a) Direct NLF model. 
(b) Indirect NLF model.
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[5]-[18], [20], [25]-[94], and provides an overview. Typical‐
ly, ML models require enough training samples to avoid un‐
derfitting or overfitting. For this reason, they are commonly 
applied to NLF with shorter time horizons, where sufficient 
historical data are available [26]-[31]. In contrast, for LTN‐
LF, where historical data may be limited, applying ML mod‐
els can be challenging due to insufficient training samples. 
Statistical or hybrid models that incorporate statistical mod‐
els are often preferred in such cases [35], [36]. Based on the 
available literature, this review mostly focuses on STNLF.

C. Influential Factors

Accurate NLF is inherently linked to the understanding 
and modeling of various factors that influence the demand 
and RE generation. These factors can be broadly categorized 
into meteorological, temporal, socio-economic, and distribut‐
ed energy resource (DER)-related factors.

Meteorological factors such as solar irradiance, wind 
speed, temperature, and humidity influence demand and RE 
generation, thereby impacting the NLF. Multiple studies ac‐
count for solar fluctuations [31], clear sky solar power [5], 
and ambient temperature to achieve accurate NLF [37].

Temporal factors such as seasonality, weekly patterns, and 
intraday variability significantly affect NLF. Day type [37], 
multi-scale temporal patterns [17], external weather factors 
[38], weather volatility classification [39], calendar effects 
[40], and weather-seasonal information [41] have been used 
to enhance the accuracy of NLF and model adaptability to 
sudden weather changes.

Socio-economic factors such as economic growth, popula‐
tion growth, urbanization, and electricity prices also signifi‐
cantly affect the long-term trends of demand and DER pene‐
tration. The level of DER penetration such as rooftop solar 
PV installation and battery storage is significantly influenced 
by electricity prices and government policies.

DER-related factors such as variability from solar PV gen‐
eration and changes in load profiles from EV charging can 
cause sudden or disproportionate changes in RE adoption, 
further introducing non-linear dynamics and uncertainties 
that require advanced patterns [42]. Furthermore, the increas‐
ing penetration of DERs such as rooftop solar PV, EVs, and 
energy storage systems (ESSs) adds variability and uncertain‐
ty to NLF [20].

Researchers in [14] and [43] particularly emphasize how 
stochastic variations in demand and RE generation affect the 
accuracy and reliability of NLF. The trade-off among fore‐
casting accuracy, uncertainty calibration, and computational 
complexity is studied in [43]. Reference [95] highlights the 
effect of variable RE generation on NREs emphasizing the 
need for integrated ramp forecasting.

The major influential factors of NLF [7], [96] are outlined 
in Fig. 4.

In summary, this section explores fundamental concepts of 
NLF, and distinguishes it from traditional LF. It discusses 
the significance of accurate NLF in the context of RE inte‐
gration and highlights various NLF models under the volatili‐
ty of RE generation. This section also discusses the influen‐
tial factors affecting the accuracy of NLF and emphasizes 
the increasing importance of NLF in power systems with 
high levels of RE penetration.

III. DATA PREPROCESSING METHODS 

Data preprocessing is a critical step as it prominently in‐
fluences the performance and reliability of NLF model. It is 
required to reduce noise, address the missing or inconsistent 
data, and extract relevant features from input data of NLF. 
This section briefly explains the data preprocessing methods 
for NLF.

A. Data Integration

Since NLF involves both demand and RE generation, di‐
verse data, e.g., load data, RE generation data, weather data, 
electricity market data, and others containing relevant data 
about NL, must be gathered, cleaned, and integrated to cre‐
ate a unified dataset for accurate forecasting. Supplementary 
Material A Table SAIII illustrates data sources, data types, 
and data collection methods for NLF. Different data sources 
have various time resolutions. It is essential to integrate 
these sources using a common timestamp through temporal 
synchronization to ensure consistency [97]. Data from di‐
verse sources can be combined into a consistent repository 
like a data warehouse. Key considerations in data integration 
include schema integration, object matching, and redundancy 
identification, where correlation analysis can be applied to 
identify redundant attributes [98].

B. Data Consistency

Real-world data often contain missing or noisy values. Er‐
roneous data detection and missing value imputations are of‐
ten used for data cleaning purposes [98]. Noise and outliers 
in data significantly affect the accuracy and development of 
NLF model.

Noise arises from faulty measurements or human errors 
and it is generally categorized as measurement noise (i. e., 
feature noise) and label noise (i.e., output noise) [99]. The la‐
bel noise can be even more harmful to predictive models as 
it directly affects the target labels used in training, leading to 
the learning of incorrect relationships between features and 
outputs [99]. The noisy labels cause the deep learning (DL) 
models to learn patterns that do not generalize well and 

Meteorological factors

Socio-economic factors DER-related factors

Temporal factors

·Solar irradiance
·Wind speed
·Temperature
·Humidity
·Weather volatility and sudden                  
     changes

·Seasonality
·Weekly patterns
·Intraday variability
·Holidays and special events
·Multi-scale temporal-related
     patterns

·Economic growth
·Population growth
·Urbanization
·Electricity price
·Income level
·Government policies
·Lifestyle trends
·Consumer behavior

·Variability from solar PV
     generation
·Changes in load profiles from 
     EV charging
·Non-linear dynamics and
     uncertainties

Fig. 4.　Major influential factors of NLF.
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cause overfitting, where the model memorizes the noise rath‐
er than the true data distribution [100]. Furthermore, the 
presence of noise distorts the statistical analysis, making it 
difficult to identify stable and reliable relationships between 
input features and target labels. As a result, the forecasting 
accuracy decreases and uncertainty increases, which under‐
mines the decision-making process.

In time-series forecasting, noisy data accumulate over 
time with compounding errors that make multi-step-ahead 
predictions less reliable [101]. Thus, the effective data pre‐
processing and noise filtering techniques are critical for im‐
proving model accuracy and ensuring reliable predictions. 
Reference [98] identifies various sources of label noise, ex‐
plores their potential impacts, and classifies the data prepro‐
cessing methods into three categories: noise-robust, noise-
cleansing, and noise-tolerant. Reference [102] reviews vari‐
ous noise identification techniques including ensemble tech‐
niques, distance-based algorithms, and single learning-based 
approaches. It also discusses different noise handling meth‐
ods (e.g., filtering out noise or addressing noise through data 
polishing, scrubbing, or relabeling) along with their associat‐
ed trade-offs. Furthermore, sensor malfunctions, errors in da‐
ta transmission, operational anomalies (e. g., equipment fail‐
ure or disturbance in power systems), and external events (e.
g., events due to weather behaviors) could cause outliers in 
the dataset [103]. The manual threshold has been applied in 
[17] and [18] to detect the outliers in the dataset. Density-
based spatial clustering of applications with noise (DB‐
SCAN) based on data density with effective noise isolation 
is used to identify the outliers in [44]. Automated detection 
routines in [45] enhance the efficiency by systematically 
identifying problematic data without manual intervention. 
Similarly, [46] employs statistical anomaly detection meth‐
ods that not only identify outliers but also correct them, 
thereby improving data quality for forecasting. Each method 
exhibits different trade-offs among computational complexi‐
ty, adaptability, and accuracy, emphasizing the need to select 
outlier detection methods based on dataset characteristics 
and forecasting objectives. Additionally, the auto-regressive 
model with exogenous input (ARX) is integrated into an on‐
line preprocessing-forecasting loop for real-time data integra‐
tion and processing [79]. This allows each new batch of grid 
measurements to be promptly cleaned, imputed, and utilized 
to update the rolling NLF. The online data processing mod‐
ule identifies outliers based on voltage and current thresh‐
olds, removes duplicate timestamps, and imputes missing in‐
tervals using the ARX. For each missing interval, the avail‐
able leading and lagging data are employed to implement 
the ARX.

Supplementary Material A Table SAIV presents various 
missing data imputation and noise handling methods used in 
NLF, where grey cells indicate missing data imputation meth‐
ods and white cells indicate noise handling methods.

C. Data Reduction

Data reduction simplifies a large dataset by retaining es‐
sential information while eliminating redundancy, making it 
easier to process the data. With the advancement of sensing, 
metering, and communication facilities in power systems 

[104], high-frequency and high-dimensional data are quite 
common in NLF. Therefore, data reduction is necessary to 
improve the computational efficiency and tractability of NLF 
models. Moreover, it helps focus on the most relevant fea‐
tures, thus enhancing the forecasting accuracy and scalabili‐
ty. Data reduction tasks include instance selection, discretiza‐
tion, feature selection, and feature extraction [105].

Instance selection improves model efficiency by removing 
irrelevant, noisy, or redundant instances from the training 
set. It helps reduce the overfitting and speed up the training 
process [105]. Discretization simplifies continuous numerical 
data by converting them into categorical intervals to reduce 
complexity while preserving the data structure [105]. Feature 
selection and feature extraction are very important for NLF, 
which will be discussed in Section V.

D. Data Transformation

In NLF, data transformation is essential for handling di‐
verse and inconsistent data from sources like meters and 
weather sensors. To improve the quality of dataset and keep 
consistency and compatibility with different algorithms, it is 
often required to change data structures, formats, or values. 
Data transformation tasks include smoothing, aggregation, 
generalization, and normalization [105]. The one-hot encod‐
ing (OHE) data transformation is used for NLF [32]. It trans‐
forms categorical data into binary vectors, making it suitable 
for numerical ML models. Other than this, various data trans‐
formation techniques have also been implemented, which are 
discussed below.
1)　Data Standardization

The presence of variables at different scales is a critical 
aspect of data. For instance, temperature may be in the 
range of [0, 50]℃ , while NL values may range from 0 to 
10000 MW. Without proper data standardization, features 
with larger numerical ranges can disproportionately influ‐
ence the model training and lead to biased and inaccurate 
forecasting results. Common data standardization methods 
are min-max scaling and Z-score normalization [106]. Other 
less common methods include decimal scaling, median nor‐
malization, sigmoid normalization, layer normalization, zero-
mean normalization, fuzzy systems, and log transformations 
[43], [47], [48], [90].

Min-max scaling applies a linear transformation to the 
raw dataset, ensuring that all scaled data fall within a specif‐
ic range such as [0, 1]. This method is commonly used in da‐
tasets intended for distance metric-based learning methods 
and can help accelerate the training of ANNs by enabling 
faster weight convergence. The application of min-max scal‐
ing is limited due to its sensitivity to outliers and the require‐
ments of prior knowledge of the minimum and maximum 
values of variables [105]. In Z-score normalization, all the 
data have a mean of 0 and a standard deviation of 1, which 
makes it robust to outliers [105]. For each variable, the Z-
score normalization can be expressed as [49], [50]:

z =
x - μ
σ

(1)

where z is the normalized value; x is the raw data value; and 
μ and σ are the mean and standard deviation of raw data, re‐
spectively.
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2)　Decomposition of Time Series
Decomposition techniques are essential for decomposing 

complex time series into simpler components to identify pat‐
terns, trends, and anomalies in NLF [48]. In LF, these tech‐
niques help reveal the underlying data structure. Empirical 
mode decomposition (EMD) is a representative technique in 
this field. Although effective, EMD can suffer from noise 
sensitivity and mode mixing [41]. This has motivated the de‐
velopment of its advanced variants such as complete ensem‐
ble empirical mode decomposition with adaptive noise 
(CEEMDAN) and improved CEEMDAN (ICEEMDAN) 
[41]. Furthermore, variational mode decomposition (VMD), 
reported in [44], offers a complementary alternative by de‐
composing signals into narrowband modes centered around 
distinct frequencies. Compared with EMD, VMD demon‐
strates enhanced robustness to noise and sampling errors. 
Seasonal-trend decomposition techniques separate cyclical 
and trend components, which enable time-series models to 
address inter-feature dependencies and seasonal variations ex‐
plicitly [18]. Wavelet transformation (WT) is a popular meth‐
od for NLF by representing signals in the time-frequency do‐
main [51]. It decomposes a time-domain signal into wavelet 
components by shifting and scaling a mother wavelet [107]. 
Singular spectrum analysis (SSA) decomposes time series in‐
to trend, seasonal, and noise components via eigenvalue de‐
composition to simplify complex seasonal structures, thereby 
enabling more focused learning within models like LSTM 
and multi-layer perceptron (MLP) [48]. Selecting the right 
data transformation method depends on the dataset, noise 
levels, and forecasting model, motivating the development of 
hybrid approaches that combine decomposition techniques 
for better performance.

This section examines various data preprocessing methods 
applied to enhance the NLF performance. It highlights the 
significance of preparing data through methods that ensure 
consistency, relevancy, and quality. Several missing data im‐
putation and noise handling methods are highlighted with 
their challenges and limitations to provide a clear direction 
for accurate and reliable NLF.

IV. FEATURE ENGINEERING AND HYPERPARAMETER 
TUNING METHODS 

A. Feature Engineering Methods

Feature engineering methods aim to select and extract the 
high-impact features. Feature selection and extraction are vi‐
tal to improve the accuracy and efficiency of NLF models 
[51]. Pearson correlation coefficient is a simple and interpre‐
table feature selection criterion; however, it is limited to lin‐
ear dependencies and is sensitive to outliers [107]. Mutual 
information (MI) [107] and maximal information coefficient 
(MIC) [50] can detect non-linear relationships, but with high‐
er computational burden. Gaussian copula correlation [52] 
and neural networks such as autoencoders [53] and convolu‐
tional neural networks (CNNs) [54] effectively handle non-
linear and mixed data but need more resources and show re‐
duced interpretability. Relief and RReliefF show robustness 
to noise with reasonable computational cost, but their depen‐
dency on nearest neighbors reduces their scalability [107].

More advanced techniques like feature construction with 
multiplex encoders [16], multi-scale Transformer-based atten‐
tion blocks [17], and feature graph attention modules [18] 
are used to improve the feature correlation and interpretabili‐
ty in NL data. Furthermore, deep belief networks (DBNs) 
are applied to extract hidden features from NLF time series 
[55]. Temporal convolutional network (TCN) combined with 
extreme feature interaction network and adaptive feature fu‐
sion network can capture both local and global features and 
mitigate feature redundancy [56]. Overall, the feature selec‐
tion and extraction methods should align with data character‐
istics, model complexity, and resource availability to opti‐
mize NLF. The advantages and disadvantages of the feature 
selection and extraction methods are presented in Supplemen‐
tary Material A Table SAV.

B. Hyperparameter Tuning Methods

The performance of ML models is heavily influenced by 
the selection of their hyperparameters [108]. Hyperparame‐
ters, which affect model architecture, regularization level, 
and learning rates, are settings of an ML model. Moreover, 
hyperparameters control the system performance when ap‐
plied to new and unseen data [109]. However, the manual se‐
lection of hyperparameters through trial and error is a te‐
dious, biased, and error-prone process. This can also hinder 
reproducibility and efficiency [108]. To achieve higher accu‐
racy and prevent overfitting, automatic and effective hyperpa‐
rameter tuning methods are needed.
1)　Grid Search (GS)

GS is widely used in ML models for optimizing hyperpa‐
rameters by exhaustively testing all possible hyperparameter 
combinations within a defined parameter space [110]. While 
GS is a straightforward method, it is computationally costly 
to evaluate every possible hyperparameter combination [14], 
[20], [38]. It becomes difficult for many researchers to im‐
plement this method especially when the dataset is large and 
there are a large number of hyperparameters.
2)　Random Search (RS)

To mitigate the drawbacks of GS, RS is often adopted to 
reduce the computational burden. Unlike GS, RS samples 
are set randomly inside the searching space to find the opti‐
mal hyperparameter combinations [111], which could reduce 
the computational burden while saving time and resources. 
However, when sample sizes are small, RS may fail to find 
the optimal hyperparameter combinations. Despite this, RS 
is popular for its effectiveness and simplicity. For instance, 
[57] proposes a Transformer-based probabilistic residential 
NLF method. The automated hyperparameter search makes it 
possible to quickly evaluate a wide range of parameter com‐
binations. It selects hyperparameter values independently 
without using information from previous trials.
3)　Bayesian Optimization (BO)

BO uses the probabilistic models to optimize the hyperpa‐
rameters, efficiently identifying the optimal settings by bal‐
ancing exploration and exploitation [110]. Unlike GS and 
RS, BO usually demands fewer evaluations to find feasible 
hyperparameter combinations, increasing the computational 
efficiency [48]. It intelligently searches the parameter space 
using past evaluation results to predict and select the next 
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set of hyperparameters. It is particularly effective for compu‐
tationally costly hyperparameter evaluation and can achieve 
fine-tuned configurations with only a few trials.

Comparisons among these hyperparameter tuning methods 
are illustrated in Supplementary Material A Table SAVI.
4)　Cross Validation (CV) Technique

The CV technique strategically assesses forecasting mod‐
els by dividing datasets into training and validation sets. 
This technique helps address the inherent variability of datas‐
ets. Reference [58] uses a stacking ensemble prediction mod‐
el with a k-fold (k = 5) CV technique. In this process, the da‐
taset is divided into 5 equal-sized subsets or folds. The mod‐
el is trained on k - 1 (k - 1 = 5 - 1 = 4) folds and tested on the 
remaining one. However, the varying temporal behaviors of 
NLF datasets may make the k-fold CV technique challeng‐
ing. An alternative is time-series CV technique, which in‐
cludes forward chaining and rolling window CV techniques 
[112]. As NLF model involves sequential data, different time-
series CV techniques are widely adopted. The 2-fold rolling 
window CV technique is popular due to its time-series char‐
acteristics [113]. In this technique, a fixed-length training set 
moves forward in time at each iteration, and the validation 
set consists of the next immediate data point, also called 
leave-one-out CV (LOOCV) technique [114].

Overall, the CV technique ensures reliable model evalua‐
tion by preventing overfitting and providing a realistic mea‐
sure of forecasting accuracy [115]. CV techniques test fore‐
casting models on an unseen validation dataset to ensure that 
they perform well beyond just the training dataset, ultimate‐
ly avoiding misleading results [112].

In summary, this section reviews various methods for se‐
lecting and extracting informative features applied for NLF, 
highlighting their advantages and disadvantages. It also pro‐
vides a comparative analysis of hyperparameter tuning meth‐
ods.

V. FORECASTING ENGINES 

Various forecasting engines have been employed for 
NLF, which can be divided into statistical models, ML mod‐
els (e. g., AI-based non-deep learning (non-DL) models, AI-
based DL models, Gen-AI models), hybrid models, and en‐
semble models.

Statistical models are often used due to their simplicity 
and straightforward applications.

ML models offer improved forecasting accuracy by learn‐
ing patterns from historical data. They are capable of han‐
dling non-linear relationships, which is a crucial capability 
for NLF. Recently, researchers have been focusing on imple‐
menting Gen-AI models, hybrid models, and ensemble mod‐
els. Recently, the emerging technology of Gen-AI models is 
capable of simulating multiple possible scenarios. It provides 
advanced capabilities for managing uncertainties.

Hybrid models can combine the strengths of multiple mod‐
els to improve the prediction performance, while ensemble 
models aggregate results from various individual models to 
reduce errors and increase the reliability of the forecasting 
engine.

In this section, the above-mentioned forecasting engines 
are reviewed, and their key features are discussed. Addition‐

ally, a comparison of different forecasting engines used in 
NLF is presented in Supplementary Material A Table SAVII, 
summarizing their performance on real-world datasets with 
varying levels of RE penetration.

A. Statistical Models

Classical statistical models are widely used in the NLF do‐
main. Reference [91] utilizes the model of seasonal ARIMA 
with exogenous input (SARIMAX) to investigate NLF under 
different levels of solar PV and wind power penetration. 
Their findings indicate a slight reduction in the forecasting 
accuracy as the proportion of PV power increases, which is 
attributed to the higher uncertainty driven by local weather 
conditions and fluctuations in sunlight. Reference [91] also 
investigates the NLF under different RE portfolios compris‐
ing solar PV and wind power, and emphasizes the impor‐
tance of considering the local energy mix and unique RE 
characteristics. It concludes that a thorough evaluation of lo‐
cal weather patterns and the balance between solar PV and 
wind power are critical for ensuring accurate NLF. This ef‐
fect may vary across different regions. Furthermore, the re‐
gression-based models have also been extended to include 
multiple variables (such as weather conditions and user be‐
haviors) for NLF, known as multiple linear regression 
(MLR) model. MLR model is a baseline model in [32], 
which demonstrates that MLR model is useful for under‐
standing the relationship between solar PV generation and 
NL, but it becomes less effective as solar PV generation in‐
creases.

In [59], the kernel density estimation (KDE) has been im‐
plemented for probabilistic NLF due to its non-parametric 
nature, as it estimates the full distribution of future values di‐
rectly and flexibly. Another probabilistic NLF method is pre‐
sented in [60] based on the conditional extreme value frame‐
work utilizing generalized additive model (GAM) combined 
with quantile regression (QR) and generalized Pareto distri‐
bution (GPD). This method can capture the entire distribu‐
tion of NL, particularly focusing on extreme tail quantiles to 
manage risks associated with low-probability events. More‐
over, an adaptive QR-based probabilistic NLF method is ap‐
plied in [61], which uses online gradient descent for the fore‐
casting adaptability. QR adopts inputs from adaptive mean 
forecasting, which enables the uncertainty quantification 
around the mean, and is derived from a GAM combined 
with Kalman filtering. QR plays a crucial role in handling 
uncertainty by providing a non-parametric approach to mod‐
el different quantiles of the NL distribution. By using QR, 
the models in [60] and [61] are able to better handle the un‐
certainty resulting from sources like weather variability and 
consumer behaviors.

Another approach using Markov chain Monte Carlo regres‐
sion (MCMCR) is proposed in [29] for probabilistic NLF, 
where unobserved variables are sampled via data augmenta‐
tion. These variables are drawn from their posterior distribu‐
tion that enables MCMCR. This approach further enhances 
the forecasting reliability by integrating the C-vine copula-
based joint probability distribution for forecasting errors of 
load, wind generation, and solar PV generation. This enables 
probabilistic forecasts with upper and lower boundaries to 
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address uncertainties in the input variables. Traditional Mon‐
te Carlo sampling faces challenges in independent parameter 
sampling, which are addressed using sequential time series 
of random values known as Markov chain. Overall, the MC‐
MCR can generate independent parameter samples, which 
are crucial for applications like regression. The independent 
parameter sampling is necessary to explore the full regres‐
sion plane for uncertainty quantification [29]. In [25], Gauss‐
ian processes (GPs) are implemented for the probabilistic 
forecasting of residential electricity consumption, solar PV 
generation, and NL for a household.

Forecasting with PIs provides a range of potential out‐
comes to quantify the forecasting uncertainty. Reference [82] 
applies the dynamic Gaussian process (DGP) and QR to gen‐
erate PIs for NLF. It is concluded that the data aggregation 
enhances the sharpness and reliability of forecasted PIs. The 
DGP models the uncertainty by using random variables that 
follow a Gaussian distribution, which is suited for managing 
uncertainty in probabilistic NLF due to its ability to model 
complex and non-linear relationships in time-series data. The 
covariance function in GPs captures prior knowledge about 
the data variability, while the posterior distribution provides 
a measure of uncertainty around predictions. By incorporat‐
ing different sources of uncertainty, GPs can generate proba‐
bilistic forecasting with PIs. These PIs widen in response to 
high uncertainty, such as cloud cover affecting solar PV gen‐
eration or fluctuating consumer demand.

A summary of statistical models for NLF along with their 
key capabilities [29], [32], [59], [60], [91] is given in Fig. 5, 
where SARIMA is short for seasonal ARIMA; and AR is 
short for auto-regressive.

B. ML Models

Although statistical models for NLF are easy to use and 
interpret, their performance is limited under complex and 
non-linear patterns. Specifically, with the increasing penetra‐
tion of DERs, the statistical models may fail to effectively 
handle significant fluctuations and complexities that arise 
from the non-linear characteristics of variable RE generation. 
In contrast, ML models can learn from input-output mapping 
functions of historical data, which could enable better adapta‐
tion to the high variability of RE generation.

By learning different patterns and evaluating historical da‐
ta more deeply, ML models provide higher forecasting flexi‐
bility and accuracy. However, these models come with a 
higher computational burden and may have lower scalability 
compared with statistical models for NLF. For instance, in 
[67], an ML model, named Bayesian deep-LSTM (BD-
LSTM), achieves a root mean squared error (RMSE) of 
17.1698 kW for point forecasting, outperforming QR, which 
achieves 41.0675 kW. For probabilistic forecasting, BD-
LSTM attains pinball and Winkler scores of 4.8852 and 
74.7658, respectively, while QR achieves 13.7448 and 
189.6120. However, the computational time for BD-LSTM 
is 2495.13 s, whereas QR takes only 53.60 s.

ML models, e. g., AI-based non-DL models, AI-based DL 
models, and Gen-AI models, are increasingly used in NLF 
to overcome the limitations of statistical models.

1)　AI-based Non-DL Models
Among AI-based non-DL models, XGBoost demonstrates 

superior performance for NLF in multiple studies. In [62], it 
outperforms categorical boosting (CatBoost) using sparrow 
search algorithm. In [63], it shows higher accuracy than 
MLP, RF, support vector regression (SVR), linear regression, 
and KNN for NLF. Its effectiveness in modeling complex da‐
ta relationships for NLF is further validated in [83]. Refer‐
ence [84] demonstrates that the light gradient boosting ma‐
chine (LightGBM), compared with other benchmark models 
(e.g., RF and LSTM), achieves higher accuracy in NLF, par‐
ticularly in scenarios with high behind-the-meter (BTM) so‐
lar PV generation. SVR and SVR with exogenous input 
(SVRX), where the exogenous input is solar PV power fore‐
cast, are utilized [5], [92], and their effectiveness in NLF is 
evaluated. All the above-mentioned models are used for 
point NLF.

For probabilistic NLF, some other AI-based non-DL mod‐
els have been presented. In [15], a non-parametric Bayesian 
ML model, named sparse variational Gaussian process re‐
gression (SVGPR), is used for NLF. The main drawback of 
Gaussian process regression (GPR) is its training time, 
which has been addressed using SVGPR. Another AI-based 
non-DL model based on conformal MLP is presented in [49] 
for NLF with PIs. The conformal MLP combines the deter‐
ministic MLP with split conformal prediction to transform 
point forecasts into PIs without relying on strict assumptions 

SARIMA

Statistical
models

Key capabilities
Handle trend and seasonality directly with interpretable 

parameters, generalizing well on regular patterns and 
working effectively on small and univariate time 
series

Extend SARIMA by integrating external inputs, 
modeling exogenous effects with strong generaliza-
tion on structured and small datasets 

Learn full data distribution without assuming a 
predetermined shape, capturing complex uncertainty 
and generalizing well in multi-modal cases

SARIMAX

KDE

Provide explicit and quantifiable relationships between 
input and output, allowing for transparent understand-
ing of how each predictor influences the forecasting 
result

MLR

Model time series using only historical values, offering 
simple implementation and acceptable generalization 
on short-term, linear, and stationary data

AR

Extend AR model by integrating external inputs, 
enabling efficient learning and reliable generalization 
of linear relationships in systems influenced by 
exogenous factors

ARX

Offer probabilistic forecasts by estimating posterior 
distributions of regression parameters, allowing 
flexible uncertainty modeling under time-varying 
conditions

MCMCR

Provide a range of possible outcomes in different 
quantiles, capturing uncertainty and supporting better 
decision-making under risk and variability

QR

Fig. 5.　Summary of statistical models for NLF along with their key capa‐
bilities.
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about data distributions [49]. A summary of AI-based non-
DL models for NLF along with their key capabilities [5], 
[15], [49], [62], [63], [83], [84] is given in Fig. 6.

2)　AI-based DL Models
AI-based DL models (e. g., LSTM and its different vari‐

ants, GRU, CNN, and RNN) are used for point and probabi‐
listic NLF. Among these models, LSTM-based models have 
been frequently used as they can capture long-term depen‐
dencies of time-series data [7], [20], [46], [89]. Bi-direction‐
al LSTM (Bi-LSTM) used in [50], [64], and [85] extends 
LSTM by processing data in both directions. Reference [44] 
uses a dual-layer LSTM to further enhance the forecasting 
accuracy by stacking two layers. This modification makes it 
suitable for capturing complex data. However, it may overfit 
for simple forecasting tasks or small datasets. Multi-input 
LSTM in [90] integrates multiple input factors, which im‐
prove the forecasting accuracy for data influenced by diverse 
variables. Additionally, [65] employs osprey optimization al‐
gorithm to fine-tune the hyperparameters of LSTM, as its 
forecasting accuracy heavily depends on the optimal hyperpa‐
rameter selection. GRU, as an alternative with simpler gat‐
ing mechanism compared with LSTM, is used for NLF in 
[8]. Moreover, a sequence-to-sequence RNN with GRU is in‐
troduced, which is able to provide explainability for the 
STNLF, with the capability of handling long-term predic‐
tions [116]. This architecture can handle variable-length se‐
quences and effectively use long-term properties from the in‐
put data. In [93], an unsupervised NL disaggregation method 
is used to estimate BTM solar PV generation. Then, deep-au‐
to-regressive (Deep-AR) RNN and time-series dense encoder 
(TiDE) models are employed for NLF. All the above-men‐

tioned models are used for point NLF.
For probabilistic NLF, BNN-based models are preferred. 

References [26] and [66] apply the BNN for probabilistic 
NLF, which uses probabilistic layers to handle uncertainty. 
Another day-ahead probabilistic NLF is proposed in [67] to 
capture both epistemic uncertainty and aleatoric uncertainty 
using BD-LSTM. It integrates Bayesian probability theory 
with DL models to address aleatoric uncertainty (also known 
as stochastic uncertainty), which arises from factors such as 
climate variability, intermittent power generation, and con‐
sumer behavior. Additionally, it handles epistemic uncertain‐
ty (also known as model uncertainty), which is associated 
with uncertainty in model parameters and structures. The 
Bayesian network is a probabilistic model that represents the 
relationships between variables using conditional probabili‐
ties. In this model, nodes denote variables and edges indi‐
cate the probabilistic dependencies between variables. The 
Bayesian network generates outcomes by sampling from 
probability distributions, enabling it to manage uncertainty. 
Furthermore, it employs Bayesian inference to update its be‐
liefs as new evidence is integrated [67].

In [117], a visual analytics-based tool is designed for com‐
paring the performance of probabilistic NLF models. This 
tool helps evaluate DL models by visually analyzing their 
performance. However, it is sensitive to resolution, seasonali‐
ty, or input fluctuations. Reference [68] develops a fully pa‐
rameterized sequence to quantile (FPSe2Q) regression model 
using deep neural network (DNN) for probabilistic NLF to 
predict the entire conditional distribution of NL.

Two comparative studies [6] and [38] assess various AI-
based non-DL and DL models for STNLF in microgrids 
with a high level of RE penetration. In [6], the BNN 
achieves the best performance with a normalized root mean 
square error (nRMSE) of 4.26%, while the RF in [38] excels 
with an nRMSE of 4.32%. Both studies highlight the effec‐
tiveness of ML models for reliable NLF in RE-integrated mi‐
crogrids.

A summary of AI-based DL models for NLF along with 
their key capabilities [6]-[8], [20], [26], [38], [44], [46], [65]-
[68], [89], [90], [93], [116] is given in Fig. 7, where QRNN 
is short for quantile regression neural network. Typically, 
forecasting steps of 15-min, 30-min, or 1-hour are widely 
used with a 24-hour forecasting horizon, with a few excep‐
tions where the forecasting horizon is extended to weeks or 
even months [20].
3)　Gen-AI Models

Conventional Transformer models encode the feature vari‐
ables at a given timestep into a single token, which restricts 
the model ability to fully exploit temporal information [16]. 
To overcome this, several novel Gen-AI models are pro‐
posed for deterministic NLF, which are typically trained on 
extensive datasets to extend original content by generating 
synthetic time series, text, image, or audio by learning under‐
lying patterns [118].

In [16], the iTransformer model effectively handles robust 
temporal dependencies, while multi-task learning enables the 
extraction of correlated features in NLF. The effectiveness of 
iTransformer model is evaluated based on the case study us‐

LightGBM

AI-based non-
DL models

Key capabilities

Efficiently learn complex and non-linear patterns from 
large structured datasets with fast training and moder-
ate generalization through gradient boosting on 
decision trees

Use gradient-boosted decision trees to efficiently learn 
complex and non-linear relationships and provide fast 
and scalable training and built-in regularization to 
prevent overfitting

Learn complex and non-linear relationships using 
kernel functions, generalizing well on small datasets 
by adopting simple regression function to avoid 
overfitting

XGBoost

SVR and
 SVRX

Learn non-linear patterns through ensemble averaging 
of decision trees and improve generalization by 
reducing overfitting and variance, even with noisy 
data

RF

Mitigate computational burden of GPR, capture 
uncertainties introduced by customers and PV genera-
tion, and enhance inductive reasoning by generalizing 
learned probabilistic patterns to unseen scenarios

SVGPR

Learn global and non-linear relationships across input 
features through fully-connected layers and general-
ize on structured and non-sequential data if sufficient 
training data is available

MLP

Fig. 6.　 Summary of AI-based non-DL models for NLF along with their 
key capabilities.
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ing four datasets from different regions [16], showing a sig‐
nificant reduction in mean absolute error (MAE) values com‐
pared with other baseline models.

In [18], the graph Transformer (GTrans) combined with se‐
ries decomposition and patch technology (denoted as PS‐
Gformer) is proposed for NLF. In that work, a feature graph 
attention module is embedded in the Transformer encoder to 
capture inter-feature dependencies at different time seg‐
ments, while a segment-wise iterative module is designed to 
extract multiscale trend patterns.

In [47], a novel Transformer model named Transform‐
Graph is proposed for NLF, integrating graph convolutional 
network (GCN) to encode multivariate sequences and cap‐
ture correlation information. Considering the uncertainty 
raised from solar PV and wind power generation, the effec‐
tiveness of the TransformGraph is compared with five base‐
line models on three different datasets. The MAE values of 
TransformGraph are 0.406 MW, 0.606 MW, and 0.284 MW 
on the three datasets, with average reductions of 42.53%, 
40.54%, 34.21%, 8.67%, and 2.59% compared with ARIMA, 
RNN, LSTM, Transformer, and Informer, respectively. More‐
over, experimental results across different forecasting hori‐
zons confirm that TransformGraph exhibits good stability, 
demonstrating its capability for both STNLF and MTNLF 
tasks.

In [17], the temporal-channel attention multi-scale Trans‐
former (TCAMS-Trans) model is introduced for direct NLF. 
It presents a hierarchical encoder-decoder structure with a 

temporal-channel attention (TCA) block, which extracts 
multi-scale features and uncovers relationships between NL 
and its various influential factors. Temporal attention cap‐
tures temporal patterns, while channel attention identifies de‐
pendencies between variables. The TCAMS-Trans model is 
tested on three different datasets with different prediction ho‐
rizons (i.e., 24, 48, 96, 168, 336, and 720 hours) and com‐
pared with traditional statistical models such as ARIMA. 
The Friedman test is used to rank the forecasting models in 
each test scenario, where TCAMS-Trans model consistently 
outperforms other baseline models, achieving the best perfor‐
mance with the rank of 1, while ARIMA scores an average 
rank of 9.11.

Temporal fusion Transformer (TFT) is used for disaggre‐
gated day-ahead STNLF in [93], which is designed for fore‐
casting multiple time series with varying frequencies and ir‐
regular intervals. By combining attention and gating mecha‐
nisms, TFT captures long-term dependencies and handles 
both static and dynamic features in multivariate time series. 
This enables TFT to provide interpretable features that re‐
veal the impact of each variable on the forecasted values to 
make it highly suitable for multi-feature time-series forecast‐
ing.

Gen-AI models also enhance the accuracy of probabilistic 
NLF by effectively modeling temporal correlations in the 
time series. In [69], an attention mechanism-based model, 
named GTrans network, is proposed, which is built on three 
architectures (i. e., graph attention network, variational auto‐
encoder, and Transformer) for the day-ahead NLF with the 
BTM effect. It employs data from adjacent zones and incor‐
porates temporal dependencies in the time series. For a spe‐
cific zone, the pinball score of GTrans is 48.79, while that 
of QR is 64.90.

Current research emphasizes the application of Transform‐
ers, along with GPR-enabled residual modeling techniques, 
for enhanced probabilistic NLF, because parametric probabi‐
listic NLF may introduce epistemic uncertainties [14]. The 
Transformer network is used to model the temporal depen‐
dencies in NL data, while GPR is employed to model the re‐
sidual errors, which makes Transformer +GPR model proba‐
bilistic and provides uncertainty quantification. Compara‐
tive tests show that this model outperforms several bench‐
mark models by effectively capturing uncertainty and im‐
proving the accuracy of NLF.

A Transformer model with QR, named Interformer, is 
proposed, which contains a local variable selection net‐
work to automatically extract important input features to 
construct an interpretable probabilistic residential NLF 
[57]. Moreover, Interformer incorporates an interpretable 
sparse self-attention mechanism to model the long-term 
dependencies across all input time steps. This self-atten‐
tion mechanism identifies relevant time steps that enable 
Interformer to capture persistent temporal patterns in 
multi-step-ahead predictions. The goal of Interformer is 
to address the challenges posed by the widespread inte‐
gration of small-scale solar PV systems into the residen‐
tial sector.

Diffusion models have recently gained attention for 
probabilistic forecasting to capture uncertainty and NL dy‐

LSTM-
based

models

AI-based
DL models

Key capabilities

Capture long-term dependencies in sequential data, 
learn complex temporal patterns, and generalize well 
if enough training data are available

Efficiently learn temporal patterns with fewer gating 
mechanisms and hyperparameters than LSTM, 
enabling faster training and strong generalization on 
sequential data, especially with limited resources

Capture local patterns and spatial hierarchies in time 
series data, enabling fast, parallel learning, and 
generalization in short forecasting horizons

GRU

CNN

Combine neural network learning with Bayesian 
inference, enabling BNN to learn complex patterns 
while considering uncertainty in the model and data

BNN

Capture dependencies in sequential data by retaining 
past information, enabling learning of short-term 
temporal dependencies and accommodating 
variable-length inputs

RNN

Combine neural networks with QR to learn complex 
patterns while providing quantile-based predictions, 
enabling efficient generalization for skewed or 
heteroscedastic data and uncertainty-aware forecast-
ing

QRNN

FPSe2Q

Combine  DNN  with  QR  in  a  sequence-to-quantile 
   regression framework, jointly learning quantile values
   and  their  probabilities  to  characterize  the  entire 
   conditional distribution properly

Fig. 7.　Summary of AI-based DL models for NLF along with their key ca‐
pabilities.
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namics. Denoising diffusion probabilistic model creates 
new data by simulating a random diffusion process that 
turns random noise into the desired data distribution. 
This model has two main steps: adding noise in the for‐
ward process and removing noise in the reverse process. 
It provides better stability and accuracy than traditional 
models by using a diffusion-denoising process based on 
Bayesian learning, which improves uncertainty modeling. 
Reference [119] introduces an enhanced conditional diffu‐
sion model (ECDM) that creates multiple scenarios for 
NLF using adaptive KDE to produce reliable PIs that im‐
prove the forecasting accuracy and help power system op‐
erators manage uncertainties with high levels of RE pene‐
tration. Hence, historical NL data guide the generative 
process, with weather and calendar information integrated 
via cross-attention mechanisms. A unique feature engineer‐
ing method captures periodic characteristics of NL, and 
an unconditional model ensures diversity in the generated 
scenarios. NLF error may result from imprecise weather 
data and epistemic uncertainty. The condition-integrated 
diffusion model can enhance the accuracy of NLF, but it 
lacks generative diversity. Therefore, it can be combined 
with unconditional model that retains the same structure 
as the conditional model, but without cross-attention mod‐
ule and independent of external factors such as weather 
data. The accuracy and adaptability of NLF are enhanced 
by this design.

A couple of Gen-AI models apply 1-hour steps [16], 
[69] with a 24-hour forecasting horizon, while Transform‐
Graph [47] and TCAM-Trans [17] apply 1-hour steps 
with a 7-day forecasting horizon, and PSGformer extends 
the forecasting horizon to 30 days [18]. Interformer ap‐
plies a 30-min step with a 14-day forecasting horizon 
[57]. TFT applies a 15-min step [93].

A summary of Gen-AI models for NLF along with their 
key capabilities [14], [16] - [18], [47], [57], [93] is given in 
Fig. 8.

C. Hybrid and Ensemble Models

To increase the accuracy and reliability of NLF, hybrid 
and ensemble models have gathered significant attention 
from researchers. These models can incorporate the strengths 
of multiple models while reducing the limitations of individual 
ones. 

Hybrid models integrate heterogeneous models (e.g., statis‐
tical, physical, and mathematical models) in a unified frame‐
work to address problems that individual models may not be 
able to solve alone [120]. For instance, QR-CNN-GRU-
based hybrid NLF model is applied in [39], where the limita‐
tion of GRU (i. e., weakness in capturing volatility) is ad‐
dressed using CNN, and QR is used for predicting the condi‐
tional quantiles of NL. Similarly, a CNN-GRU-BiLSTM-
based hybrid NLF model is proposed in [87] to determine 
the optimal size of the appropriate ESS for supporting the 
microgrid.

Reference [73] presents a federated learning (FL) model 
for NLF in microgrids, using LSTM and a node selection 
strategy. To efficiently train forecasting models, selecting an 
optimal subset of participating nodes for FL model is essen‐

tial. In [73], the node selection problem is formulated as a 
Markov decision process (MDP) and solved using the asyn‐
chronous advantage actor-critic (A3C) deep reinforcement 
learning algorithm. FL model, as a decentralized ML model, 
preserves client data privacy and provides better scalability 
compared with centralized models [73]. These benefits make 
FL model a promising one for implementing NLF models, 
ensuring scalability and privacy in decentralized settings.

Reference [88] uses the feature extraction capability of 
CNN and sequential processing of Bi-LSTM, which is en‐
hanced with a residual attention (RA) mechanism to improve 
the overall accuracy of NLF. Similarly, the advantages of 
CNN and LSTM are combined in [74] with QR to determine 
the probabilistic NLF. Reference [75] reconstructs the phase 
space of the NL time series, and the reconstructed data are 
used for DNN for NLF. This hybrid model performs well 
with high accuracy under high levels of solar PV penetration 
and different weather conditions. Moreover, [86] introduces 
a hybrid model combining CNN and encoder-decoder archi‐
tectures for STNLF and PV forecasting. It uses dilated caus‐
al convolutions, residual blocks, and probabilistic forecasting 
with Monte Carlo dropout (MCD) and KDE. This model out‐
performs other traditional and DL models in point and proba‐
bilistic forecasting and uncertainty handling in smart grids.

Reference [11] employs an adaptive neuro fuzzy inference 
system (ANFIS) to investigate the performance of different 

iTransformer

Gen-AI models Key capabilities

Learn long-term dependencies and inter-task correla-
tions via multi-task learning, focus on feature 
processing while enabling accurate and scalable 
forecasting with generalization in complex time 
series 

Combine TCA in a multi-scale Transformer to 
capture multi-scale dependencies, enabling accurate 
sequence forecasting and generalization across 
patterns with diverse time scales

Integrate feature graph attention module, temporal 
attention, and multi-scale trend extraction to learn 
complex dependencies across variables and time, 
enabling accurate forecasting and generalization on 
multivariate data.

TCAMS-
Trans

PSGformer

Capture long-term dependencies using sparse 
attention mechanism, which captures key temporal 
patterns, thereby improving forecasting accuracy 
and generalization

Interformer

Transform-
Graph

Capture long-term dependencies with attention and 
gating mechanisms, handle multivariate inputs with 
static and dynamic features, and provide interpret-
ability for feature contributions in forecasting

TFT

Utilize a sequence-to-sequence Transformer network 
to extract complex structure of NL and use GPR to 
model NLF residuals

Transformer-
GPR

Capture  multivariate  correlations   and   temporal
   dependencies using the combination of GCN with 
   the  self-attention mechanism  of  Transformer  to 
   enhance accuracy of NLF

Fig. 8.　Summary of Gen-AI models for NLF along with their key capabili‐
ties.
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NLF models using two real-world datasets under varying lev‐
els of solar PV and wind power penetration, while account‐
ing for seasonal fluctuations. This study highlights that spe‐
cific forecasting strategies may not consistently outperform 
others across different power systems or time periods.

Furthermore, ensemble models aggregate multiple forecast‐
ing engines to improve the overall performance and stability 
while reducing the variance and bias of individual models. 
Depending on the combination, it can be classified as bag‐
ging, boosting, and stacking ensemble models [120]. For in‐
stance, [58] proposes a cluster-based stacking ensemble mod‐
el including extreme learning machine (ELM), LSTM, XG‐
Boost, support vector machine (SVM), LSSVM, and RF as 
base learners, and RIME optimization algorithm with local 
enhancement (LRIME) is applied to optimize the parameters 
of base learners. In addition, a bootstrap method is em‐
ployed in [58] to generate PIs for various forecasting scenari‐
os, quantifying uncertainty in residential NL. Reference [76] 
evaluates the performance of tree ensemble models using 
least-squares boosting (LSBoost) for day-ahead NLF. This 
study focuses on the impact of different retraining schedules. 
Furthermore, an ensemble model using decision tree (DT) re‐
gression, SVR, XGBoost, and lasso regression (LR) is ap‐
plied in [46] for NLF. This model enhances accuracy by 
combining model strengths, offering more reliable predic‐
tions, particularly in situations where NL patterns fluctuate 
significantly over time.

A summary of hybrid and ensemble models for NLF 
along with their key capabilities [11], [32], [39], [46], [53], 
[54], [58], [72], [73], [75]-[78], [80], [81], [86], [88], [121] 
is given in Fig. 9, where WPE is short for weighted permuta‐
tion entropy; PSR is short for phase space reconstruction; 
BPNN is short for back propagation neural network; WNN 
is short for wavelet neural network; ENN is short for Elman 
neural network; LMBP is short for Levenberg-Marquardt 
back propagation; PSLP is short for personalized standard 
load profile; ASBO is short for autoencoder-based SVM opti‐
mized with Bayesian optimization (BO); and EnB is short 
for ensemble bagged.

To conclude, this section reviews various forecasting en‐
gines and evaluates their performance in both real-world and 
simulated test cases, with a focus on their forecasting capabili‐
ties and uncertainty management, especially in scenarios with 
varying levels of RE penetration. ML models are recognized 
for their ability to adapt to the complex fluctuations of RE gen‐
eration, while hybrid and ensemble models combine multiple 
methods to improve the accuracy and reliability of NLF. This 
section emphasizes the role of Gen-AI models, particularly 
state-of-the-art Transformer models, in providing deterministic 
and probabilistic forecasts while managing the inherent uncer‐
tainties in systems with high levels of RE penetration.

VI. ASSESSMENT OF INTERPRETABILITY, SCALABILITY, AND 
APPLICABILITY OF NLF MODELS 

This section assesses the interpretability, scalability, and 
applicability of NLF models. These characteristics are impor‐
tant for understanding how the NLF models function in real-
world applications, especially with high levels of RE penetra‐

tion.

A. Interpretability

DL models have achieved state-of-the-art results in many 
forecasting tasks, but they face several challenges, e.g., limit‐
ed interpretability, poor uncertainty handling, high data and 
computational demands, optimization complexities, and vul‐
nerability to adversarial attacks [67]. Recent works have fo‐
cused on addressing these limitations. For instance, [67] spe‐
cifically targets to resolve the issues with uncertainty and in‐
terpretability in NLF using Bayesian DL model. Additional‐
ly, [94] incorporates an explainable AI model, namely Shap‐
ley additive explanations with LSTM model, to ensure inter‐
pretability and transparency of NLF model. In recent years, 
attention-based mechanisms have been studied to open the 
black box. For example, TFT is known for its ability to 
show long-term dependencies and provide interpretability 
through self-attention values [93]. However, the relationship 
between attention weights and model outputs is not always 
clear in this model [116]. Also, the time-series forecasting of‐
ten involves various input features, and a single temporal at‐
tention mechanism can identify correlations over time but 
may not offer insights into the most important features. To 
address such issues, Interformer in [57] focuses more on fea‐
ture-level interpretability by using a local variable selection 
network. Furthermore, a model-agnostic framework is pre‐
sented in [116] using sequence-to-sequence RNN, which is 
able to visualize the informativeness of multiple features over 
the time dimensions on a two-dimensional color map. This 
framework provides explainability for a forecasting model, 
without the need for additional data mining or data labelling.

B. Scalability

The accuracy of NLF varies by region due to varying lev‐
els of RE penetration, and the scalability of NLF models de‐
pends on their ability to manage larger datasets, higher com‐
putational demands, and local environmental variations. Ref‐
erence [26] discusses the limitations of BNN model in terms 
of scalability in different climates, network levels, and cus‐
tomer types. 

However, these issues are emphasized and overcome in 
several studies for NLF. Reference [94] proposes a light‐
weight and adaptive NLF model using GRU and LSTM. 
This model demonstrates high computational efficiency and 
is well-suited for on-device deployment in real-time energy 
monitoring and management applications. Reference [43] ex‐
plores the scalability of an MLP-based approach in low-volt‐
age distribution networks with high levels of PV penetration 
to highlight its computational efficiency and suitability for 
large-scale applications. This approach balances accuracy, un‐
certainty, calibration, and complexity, providing a more effi‐
cient alternative to complex models. References [49] and 
[68] also apply this scalable approach for predicting NL. 
Reference [50] proposes a feature reconstruction-based NLF 
model using Bi-LSTM to handle large datasets, reducing 
computational complexity and enhancing training efficiency. 
This model aims to improve the accuracy of NLF in regions 
with large-scale distributed PV systems.
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C. Applicability

Several studies demonstrate the applicability of their NLF 
models with varying levels of RE penetration. For instance, 
[5] presents an NLF model based on statistical models such 
as AR, SVR, ARX, and SVRX for microgrids with high lev‐
els of solar PV penetration. It suggests that the NLF model 
can also be applied to areas with high levels of wind power 
penetration, though its performance may be limited due to a 
lack of high-resolution wind forecasts at the local level. Ref‐
erence [90] proposes an estimation framework using multi-in‐
put LSTM with DWT and a fuzzy system that improves the 
accuracy of NLF, regardless of the non-linearity and volatili‐
ty of the energy management problem. Furthermore, [122] 
compares the LSTM with two incremental learning models, 
i. e., fully online sequential-extreme learning machine (FOS-

ELM) and online sequential-extreme learning machine (OS-
ELM), and concludes that these incremental learning models 
are more adaptable to changes in solar PV penetration. In 
particular, the OS-ELM, which is properly trained with syn‐
thetic training samples, yields the most accurate NLF results. 
References [11] and [91] incorporate ANFIS and SARIMAX 
models, respectively, and report that the accuracy of these 
models reduces with the increasing levels of RE penetration. 
However, BD-LSTM is tested in [67] with increasing levels 
of solar PV penetration, and the results show that the accura‐
cy of BD-LSTM improves as PV visibility increases. Further‐
more, [60] uses GAM combined with QR and GPD, and 
tests this combined approach on 14 different regions in 
Great Britain to evaluate its applicability. However, the ob‐
tained results are specific to those regions and need calibra‐

Key capabilities
NL data are decomposed using CEEMDAN-WPE, and low- and high- complexity data are predicted using 

LSTM and stacking ensemble model, respectively

Capture important features and temporal relationships using RA, and provide better performance for feature 
extraction and sequential modelling using CNN and Bi-LSTM

Capture temporal dependencies via LSTM while modeling complex non-linear relationships between weather 
variables and NL data using MLP

FL combined with LSTM ensures privacy-preserving distributed training, enhancing scalability and 
robustness through deep reinforcement learning-based node selection

RA-CNN-BiLSTM

FL-A3C-LSTM

Capture linear trends using ARIMA, learn nonlinear dynamics using PSR, and train BPNN using reconstructed 
series, enhancing adaptability to strong non-linearity and improving forecasting accuracy

Address limitation of WNN in training initial nodes and ensure data integrity by combining ENN, which can 
fully train historical data and approximate complex nonlinear mappingsWNN-ENN

LSTM-MLP

Capture dynamic short-term regularities through PSR while ensuring fast convergence and accurate ultra 
STNLF under high PV penetration using the DNN trained with LMBP

Combine ANN and SVR models to efficiently extract non-linear input-output mapping functions

PSR-DNN

Combine strength of CNN in extracting prominent features with ability of LSTM to model sequential temporal 
dependencies for improved forecasting accuracyCNN-LSTM

Combine effective feature extraction using CNN, sequential learning using GRU, and probabilistic forecasting 
capability of QRCNN-GRU-QR

Utilize PSLP for point NLF and integrate QR to produce probabilistic NLF, providing a transparent, robust, 
non-parametric, and data inexpensive approach that is adaptable across different sectorsPSLP-QR

Utilize autoencoders for feature learning, SVM for capturing non-linear relationships and providing general-
ization, and BO for efficient hyperparameter tuningASBO

Use EnB to reduce forecasting variance and overfitting and adopt LSTM to learn from historical data and 
capture long-term dependencies in time-series dataEnB-LSTM

Employ a stacking framework, where ELM, LSTM, XGBoost, SVM, LSSVM, and RF form the first-layer 
predictors, and the LRIME is used in the second layer for efficient training and strong generalization

ELM, LSTM,
XGBoost, SVM,

LSSVM, RF,
and LRIME

ANN-SVR

Combine learning capability of neural networks with reasoning of fuzzy logic, enabling effective handling of 
nonlinearities and uncertaintiesANFIS

CEEMDAN-WPE
LSTM-stacking

Integrate an encoder-decoder based CNN to extract meaningful input features and generate point forecasts, and 
achieve probabilistic density forecasts using MCD and KDE

Encoder-
decoder based

CNN with
MCD and KDE

ARIMA-PSR-
BPNN

Enable extrapolation capability and reduce overfitting and large variance of forecasting model
Tree ensemble

model

Combine different ML models with a stacking regressor as the meta learner to integrate base predictions, 
enhancing accuracy, robustness, and generalization while compensating weaknesses of individual model

DT, SVR, XG-
Boost, and LR

Hybrid models

Ensemble models

Fig. 9.　Summary of hybrid and ensemble models for NLF along with their key capabilities.
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tion and validation in the case of transferability to other sys‐
tems.

Overall, this section emphasizes the ongoing efforts to en‐
hance the interpretability, scalability, and adaptability of 
NLF models, highlighting their importance in addressing the 
challenges posed by high levels of RE penetration and the 
need to manage large datasets and diverse environmental 
conditions.

VII. CHALLENGES AND FUTURE RESEARCH DIRECTIONS OF 
NLF 

This section intends to investigate the challenges and fu‐
ture research directions.

Variability and intermittency of RE, particularly with high 
levels of solar PV penetration, create significant challenges 
for NLF. BTM energy resources add uncertainty due to the 
lack of generation visibility, and stochastic factors like hu‐
man activities and climate variability increase complexity. 
These factors could significantly impact the accuracy of 
NLF [67]. Figure 10 highlights the main challenges associat‐
ed with NLF.

Future research should focus on improving the TCA mech‐
anism to help NLF models handle uncertainty by focusing 
on the most relevant time steps and features [17]. Precise un‐
certainty quantification is another critical issue in NLF. Ex‐
ploring adaptive conformal prediction could allow the NLF 
models to adjust prediction based on data, thereby improv‐
ing the accuracy of NLF [49]. The transferability of NLF 
models across different geographical locations and seasons 
remains a significant challenge. To ensure the generalization 
of NLF models under varying levels of RE penetration, fu‐
ture research should focus on their performance in diverse 
geographical areas and seasonal variations.

Additionally, the performance of NLF models should be 
evaluated for sufficiently long periods to capture evolving 
NL distributions. Moreover, a deeper exploration of the cor‐
relation between RE penetration and NL is necessary to im‐
prove the robustness of NLF models.

The influence of various factors from both the RE and 
load sides on NL needs more attention. However, the appli‐
cation of instance selection to acquire the most informative 

instances is rarely explored in NLF. Therefore, developing 
context-aware instance selection algorithms would help ad‐
dress this issue.

Incorporating granular data of DERs (e.g., PVs, EVs, and 
batteries) is essential for an effective NLF. Hence, the scenar‐
io-based forecasting and enhanced data quality management, 
including anomaly detection, missing data imputation, and 
feature engineering, should be prioritized. Furthermore, stud‐
ies on NLF generally perform data preprocessing and feature 
engineering on historical datasets [16]-[18], [55], [56], with 
limited attention to real-time data integration [79]. Future 
work could explore adapting these methods for real-time da‐
ta integration and data consistency management. Obtaining 
input data with high temporal and spatial resolutions is nec‐
essary for accurate NLF, but not easily available. In such 
cases, the transfer learning model can be utilized to improve 
cold start predictions in power systems with limited or no 
historical data. It is a promising avenue for future research 
[16]. Additionally, investigating Gen-AI models for synthetic 
NL data generation while maintaining temporal patterns and 
trends can be beneficial.

Extreme weather conditions and other influential factors 
of dynamic market and grid stability require robust NLF 
models that can adapt to different grid configurations and ex‐
ternal conditions. Therefore, improving the reliability and 
adaptability of NLF models under these changing conditions 
continues to be a critical priority [71]. Researchers can uti‐
lize the theoretical concepts of adaptive game-theoretic mod‐
els for energy systems to develop advancements in this area 
[123]. Additionally, the integration of RE further complicates 
bidding strategies in electricity market [124]. Adaptive NLF 
model can offer deeper insights into dynamic bidding strate‐
gies and improve the stability of NLF in renewable-rich pow‐
er systems.

Although papers like [32], [92], and [102] point that the 
varying levels of RE penetration affect the accuracy of NLF 
and model performance, to strengthen such findings, conduct‐
ing a sensitivity analysis could offer deeper insights into the 
model robustness under various conditions such as extreme 
weather events or high levels of DER penetration. Rapidly 
changing demand-side management strategies present chal‐
lenges to NLF. To improve scheduling and operational plan‐
ning with high levels of RE penetration, NLF models need 
to capture both temporal and spatial dependencies [70]. Fu‐
ture research should also integrate demand response pro‐
grams and energy prices to improve the accuracy of NLF 
and demand-side flexibility [86]. Additionally, incorporating 
the data of various customer-side demand-impacting factors 
(e. g., energy efficiency, battery storage, EV charging, and 
electric heating and cooling systems of buildings) into the 
NLF process can further improve its accuracy. Therefore, the 
integration of these factors with demand-side management 
and the operational planning of ESSs remains an important 
area for research to enhance the accuracy of NLF [125].

Moreover, incorporating LF into predictive maintenance 
could improve resource scheduling, minimize outages during 
peak demand periods, and reduce reliability issues [126]. By 
accounting for NLF, it is anticipated that predictive mainte‐
nance will be even more effective, as NLF considers not on‐

Handling inherent variability of RE and
rapid fluctuations of NL

Incorporating granular data of DERs

Achieving precise uncertainty quantification

Processing variation due to consumer behaviour
and extreme weather conditions

Modeling various non-linear relationships
and dependencies

Obtaining input data with high temporal and
spatial resolutions

Adapting to different geographical locations and
time periods without compromising accuracy

Main challenges

Processing many impacting factors from both
 RE and load sides affecting NL

Fig. 10.　Main challenges associated with NLF.
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ly the impact of the gross demand of smart grid but also the 
effect of RE generation. These issues present potential direc‐
tions for future research on NLF and its applications.

Limited interpretability of DL models for NLF hampers 
their effectiveness. Future research should focus on improv‐
ing the interpretability and transparency of DL and Gen-AI 
models for NLF, especially by clarifying the roles of individ‐
ual attention heads to build trust with power system opera‐
tors [69].

Lastly, privacy-preserving NLF is essential to protect sen‐
sitive data such as consumer behavior and energy usage pat‐
terns, while ensuring regulatory compliance. Without privacy 
protection, data misuse and unauthorized access could under‐
mine trust in NLF systems. Although FL-based NLF has 
been introduced in [73], further work is needed to fully uti‐
lize its potential. Future research should prioritize collabora‐
tive forecasting by addressing data-sharing and cybersecurity 
issues, ensuring secure and privacy-preserving data utiliza‐
tion. Figure 11 illustrates the research gaps and outlines po‐
tential future research directions of NLF.

VIII. CONCLUSION

This paper critically investigates the current state of NLF 
for RE-integrated power systems. This literature review has 
enabled a detailed investigation of the diverse techniques ap‐
plied in NLF. The critical data preprocessing methods re‐
quired to shape the input dataset, the feature engineering 

methods to select and extract the high-impact input vari‐
ables, and the necessary hyperparameter tuning methods to 
enhance the performance and accuracy of NLF are critically 
evaluated.

Furthermore, an extensive review of forecasting engines 
for NLF is conducted, evaluating their capability and applica‐
bility under diverse forecasting scenarios. Despite significant 
progress in NLF research, the review identifies several key 
challenges in data quality and model generalization, real-
time prediction capabilities, uncertainty in consumer behav‐
ior and RE generation, and complexities in non-linear model‐
ing. Also, current NLF models predominantly focus on fea‐
ture selection and extraction to enhance model accuracy by 
identifying relevant input variables. However, instance selec‐
tion and generation remain underexplored in this domain.

In conclusion, the findings of this review emphasize the 
importance of ongoing research in developing robust, reli‐
able, accurate, and real-time NLF to meet the evolving de‐
mands of RE integration and highlight the need for contin‐
ued innovation in NLF models.
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