
Academic Editors: Akshay Kumar

Saha, Francesco Riganti Fulginei and

Mamadou Baïlo Camara

Received: 1 June 2026

Revised: 14 July 2026

Accepted: 24 July 2026

Published: 3 August 2026

Copyright: © 2026 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license.

Article

Priority-Weighted Clustering and Prediction Intervals for
AI-Driven Biogas Energy Forecasting
Mohammad Anwar Hosen *,†, Nazmus Sakib †, Michael Johnstone, Burhan Khan and Douglas Creighton

Institute for Intelligent Systems, Deakin University, Geelong, VIC 3216, Australia;
s.sakib@deakin.edu.au (N.S.); michael.johnstone@deakin.edu.au (M.J.); burhan.khan@deakin.edu.au (B.K.);
douglas.creighton@deakin.edu.au (D.C.)
* Correspondence: anwar.hosen@deakin.edu.au
† These authors contributed equally to this work.

Abstract

Biogas plays an increasingly important role in advancing decarbonisation goals, particularly
in rural regions where livestock and agricultural waste can be converted into renewable
energy. However, predicting annual farm-level biogas electricity output remains challeng-
ing due to operational variability, uncertain co-digestion practices, and external constraints
such as grid integration and environmental disruptions. Traditional point prediction
models often provide limited support for practical decision-making because they do not
explicitly represent uncertainty around the estimated output. To address this limitation,
this paper proposes a data-driven prediction interval framework for annual farm-level
biogas electricity-output estimation. The study does not model future temporal horizons;
rather, it estimates annual electricity generation at the farm level and constructs prediction
intervals around these estimates. The proposed framework combines Self-Organising Map
(SOM)-based clustering with Lower Upper Bound Estimation (LUBE) to account for opera-
tional heterogeneity among biogas-producing farms. SOM clustering is performed using
pre-prediction operational covariates, specifically cattle population and co-digestion status,
while electricity output is used only as the prediction target and for post-hoc interpretation.
For each operational cluster, a neural prediction interval model is trained using the LUBE
approach. A priority-weighted extension is then incorporated to reflect cluster-level op-
erational or strategic importance in the evaluation of interval performance. Experiments
on a real-world dataset from U.S. biogas systems show that the proposed framework can
support a trade-off between interval width and coverage performance across standard
confidence levels. By combining operational clustering with uncertainty-aware interval
estimation, the method improves the interpretability and practical relevance of annual
farm-level biogas electricity-output prediction for infrastructure planning.

Keywords: prediction intervals; biogas energy output prediction; renewable energy
uncertainty; self-organising map clustering; uncertainty quantification

1. Introduction
In rural regions, a biogas plant manager often faces a continual balancing act between

resource availability and environmental compliance. One month, the digester performs well
thanks to steady cattle feedstock and mild weather. The next, unpredictable co-digestion
inputs or rainfall disruptions can swing production by 30%, just as government subsidy
requirements shift without notice [1]. Meanwhile, national energy planners tasked with
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hitting carbon-neutrality targets face decisions on where to invest limited infrastructure
funds. Should they expand high-output plants, or stabilise smaller, volatile ones? In this
landscape, estimating biogas energy is not merely a technical task, it’s a high stakes decision
making problem with environmental, economic, and regulatory consequences.

Biogas is increasingly recognised as a critical pillar of the global decarbonisation effort,
converting organic waste into renewable electricity while reducing methane emissions [2,3].
Produced through the anaerobic digestion of livestock manure [4], crop residues, and or-
ganic food waste, biogas systems reduce methane emissions while contributing clean
energy to rural and peri-urban grids [5,6]. Their scalable nature makes them particularly
valuable in agricultural economies seeking low-carbon, circular energy solutions [7].

In agricultural nations like Australia, which hosts over 70,000 cattle farms [8,9], biogas
offers a unique opportunity for both waste management and distributed energy production.
Yet fewer than 10% of these farms are integrated into the energy grid, and predicting
their electricity output remains highly uncertain [10]. Co-digestion variability, weather
sensitivity, and operational inconsistencies make it difficult to plan reliably [11]. Even
small forecasting errors can cascade into policy missteps, underestimations lead to missed
investment opportunities [12], while overestimations can result in unmet grid commitments
and wasted subsidies [13].

Australia is discussed here as a motivating example of the broader potential and
challenges of biogas energy within agricultural economies. However, the empirical analysis
presented in this study, including the clustering, prediction interval modelling, and per-
formance evaluation, is conducted using publicly available livestock-based biogas data
collected from farms in the United States.

Traditional forecasting methods, such as linear regression, ARIMA, and basic neural
networks focus [14] on single-point predictions [15,16]. These models are efficient but
blind to uncertainty, offering no indication of how much actual output may deviate from
expected values. As a result, they provide little support for decisions that depend on risk
awareness, such as grid stabilisation planning, subsidy allocation [17], or environmental
risk management [18].

As illustrated in Figure 1, annual farm-level biogas electricity-output prediction is
influenced by multiple sources of uncertainty, including operational variability, environ-
mental factors, and policy-related disruptions, all of which significantly impact forecasting
reliability and decision-making.
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Figure 1. Overview of annual farm-level biogas electricity-output prediction, showing operational
inputs, uncertainty sources, and prediction interval-based decision support.
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To address these limitations, the research community has turned to Prediction Intervals
(PIs), which define upper and lower bounds around forecasts with a target confidence
level [19]. One of the most promising frameworks for PI generation is the Lower Upper
Bound Estimation (LUBE) method, which uses neural networks to optimise interval bounds
based on metrics such as Prediction Interval Coverage Probability (PICP) and Prediction
Interval Normalised Average Width (PINAW) [20,21].

While PICP ensures that the predicted intervals capture the true values with a desired
probability and PINAW evaluates the sharpness of these intervals, both metrics fail to
quantify the severity of prediction failures when observations fall outside the estimated
bounds [22]. In practical energy-output prediction settings, particularly in biogas systems
where operational decisions depend on risk magnitude, it is crucial to distinguish between
minor deviations and extreme forecasting errors [23].

To overcome this limitation, the Prediction Interval Normalised Average Failure Dis-
tance (PINAFD) has been introduced as an additional evaluation metric, measuring the
magnitude of deviation for samples that fall outside the prediction interval [22]. By in-
corporating failure distance into the evaluation framework, PINAFD provides a more
comprehensive understanding of uncertainty, enabling models to account not only for
coverage and width but also for the severity of prediction errors.

However, most LUBE-based models [2] assume uniform behavior across all biogas
systems, ignoring the rich operational diversity between farms. Additionally, they often
neglect non-statistical uncertainties, such as policy volatility and environmental disruptions,
which significantly influence real-world performance [24].

Forecasting biogas energy production is further complicated by its highly variable
nature [6]. Yield is influenced by numerous interdependent factors, such as feedstock
type and volume, digester temperature, microbial health, and the presence of co-digestion
practices [2]. Two farms with identical cattle populations may produce vastly different
energy outputs due to differences in digestion management, weather conditions, or local
grid dynamics [4]. These uncertainties challenge the assumption of uniformity across farms
and make traditional point forecasting methods unreliable for infrastructure planning [24].

To address these challenges, we propose an uncertainty-aware farm-level prediction
interval framework that estimates biogas electricity output using available operational data
and accounts for system-level uncertainty factors [25]. The approach combines clustering,
neural modelling, and cost-sensitive learning to deliver forecasts that reflect both statistical
uncertainty and broader infrastructural considerations.
The key contributions of this study are:

• A baseline LUBE model is developed to establish reference performance without
behavioural segmentation.

• Self-Organising Maps (SOM) are applied to cluster farms based on cattle population
and co-digestion practices, enabling behaviour-specific prediction interval estimation.

• Cluster-specific LUBE models are trained and evaluated to enhance interval reliability
by capturing intra-group variability.

• A priority-weighted extension of the CWC criterion is introduced, representing the
primary theoretical contribution of this work by integrating cluster-level operational
significance into the evaluation of prediction interval performance.

To address the limitations of traditional point forecasting methods and the need for
context-aware uncertainty quantification in heterogeneous biogas systems, this study seeks
to answer the following research question:

How can prediction interval estimation for annual farm-level biogas electricity output be
enhanced through behavioral clustering and context-aware optimisation to provide operationally
meaningful uncertainty quantification for biogas energy systems?
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Answering this question requires not only improving traditional statistical measures
of prediction interval quality but also incorporating operational significance into the evalu-
ation of interval performance, thereby enabling prediction models that are better aligned
with real-world planning and decision-making requirements.

The remainder of the paper is structured as follows. Section 2 reviews relevant work
in forecasting, clustering, and uncertainty modelling. Section 3 presents the proposed
framework, including data preprocessing, SOM based clustering, prediction interval con-
struction, and the priority weighted cost function. Section 4 discusses experimental results
and comparative analyses. Section 5 concludes the study and outlines future research direc-
tions.

2. Related Work
Accurate forecasting of biogas production remains an open challenge due to the nonlin-

ear, multi-modal, and highly uncertain nature [26] of the digestion process [15]. Biological
complexity, environmental variability [4], and operational inconsistency [5] combine to
make reliable energy estimation difficult, especially in systems that incorporate co-digestion
practices or are exposed to fluctuating climatic and policy environments [2,11,13]. These
challenges are particularly acute in planning contexts, where overestimation can strain grid
capacity and underestimation may lead to underinvestment or infrastructure gaps [3,5].

2.1. Prediction Intervals and the LUBE Framework

Conventional forecasting approaches in biogas systems often provide only point
estimates, offering no indication of how much actual output may vary around the predic-
tion [18]. This becomes a notable limitation in decision-making contexts, particularly in
energy policy, infrastructure investment, and grid integration, where stakeholders need to
plan under uncertainty [24].

To address this gap, prediction interval (PI) methods have gained traction in renewable
energy forecasting [27]. A prediction interval provides a bounded region [Li, Ui] such that
the true target value yi falls within this range with a given confidence level ϕ, typically 90%
or 95% [21]. Formally, this is expressed as:

P(yi ∈ [Li, Ui]) ≈ ϕ (1)

The goal is to construct intervals that are both reliable, meaning they contain the true
value with high probability, and sharp, meaning they are not excessively wide. A widely
adopted method for generating PIs is the LUBE framework, which employs neural networks
to learn the bounds of the prediction interval directly [28]. In assessing the quality of these
intervals, three core metrics are commonly used: Prediction Interval Coverage Probability
(PICP), Prediction Interval Normalised Average Width (PINAW), and Coverage Width-
based Criterion (CWC) [19,20].

2.2. Clustering for Behavioral Heterogeneity

In biogas systems, farms vary widely in terms of herd size, co-digestion strategies,
and operational practices factors [29] that can influence energy output dramatically [6].
Applying a single model across all data fails to capture this heterogeneity, often leading to
poorly generalised forecasts [3]. Clustering offers a pathway to address this by grouping
similar operational patterns, allowing tailored models for each group [7].

Among clustering techniques, SOM [30] have gained traction in energy analytics
for their ability to project high-dimensional data onto a lower-dimensional grid while
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preserving topological relationships [31,32]. Given a dataset D = {(xi, yi)}n
i=1, SOMs can

partition the data into k clusters:

D =
k⋃

j=1

Dj

Each cluster Dj can then be modeled separately using its own LUBE architecture, pro-

ducing local prediction intervals [Lj
i , U j

i ]. This structure-aware modelling enhances both
interpretability and accuracy in heterogeneous environments.

2.3. Gaps and Research Motivation

Although LUBE-based techniques have improved over time, their practical applica-
bility remains limited due to unresolved challenges in modelling adaptation and external
uncertainty integration. First, most LUBE implementations adopt a uniform forecasting
approach, overlooking cluster-specific variations in system behaviour. Second, even ad-
vanced prediction interval models often fail to incorporate external uncertainties such as
grid integration constraints, environmental disruptions, or economic variability. These
omissions reduce the operational relevance of forecasting models, particularly in con-
texts where infrastructure decisions must be made under limited resources and uncertain
conditions [27].

Our research addresses these limitations by combining unsupervised clustering with
localised prediction interval modelling, and by introducing a cluster-level priority adjust-
ment within the LUBE-based CWC criterion. This integrated approach supports prediction
interval estimation that is statistically meaningful and contextually aligned with farm-level
operational needs.

3. Methodology
This section presents the complete pipeline of the proposed annual farm-level

electricity-output prediction framework, designed to generate uncertainty-aware prediction
intervals that are both statistically reliable and operationally meaningful. The framework
integrates baseline prediction interval modelling, behavior-driven clustering, and priority-
weighted CWC evaluation to address the inherent variability and heterogeneity of biogas
systems. By combining data-driven learning with contextual prioritisation, the approach
aims to improve both predictive robustness and real-world applicability.

3.1. Proposed Methodological Overview

As illustrated in Figure 2, the proposed framework represents the core contribution
of this study and follows a structured three-phase pipeline. In the first phase, a baseline
LUBE model is trained on the full dataset to establish a reference for prediction interval
quality. In the second phase, Self-Organising Map (SOM)-based clustering is employed
to capture operational heterogeneity across biogas systems, enabling the development of
cluster-specific models. In the final phase, a priority-weighted CWC criterion is introduced,
where contextual importance is incorporated as a cluster-level adjustment to support
priority-aware evaluation of prediction interval performance.

This hierarchical design allows the framework to progressively refine prediction
interval quality, transitioning from a global baseline model to localised cluster-specific
learning, and ultimately to a context-aware optimisation scheme that aligns forecasting
performance with real-world operational priorities.
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Figure 2. Conceptual overview of the proposed three-phase framework for uncertainty-aware annual
farm-level biogas electricity-output prediction.

Figure 3 provides a detailed workflow representation of the implementation process.
It outlines the sequential steps involved in data preprocessing, baseline model training,
SOM-based clustering, cluster-specific learning, and evaluation using prediction interval
metrics. While Figure 2 presents the conceptual design and methodological contribution,
Figure 3 highlights the operational execution of the proposed system, ensuring clarity in
both high-level understanding and practical implementation.
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Figure 3. Detailed implementation workflow illustrating data processing, clustering, model training,
and evaluation procedures.

3.2. Dataset Description

The dataset used in this study is sourced from livestock-based biogas production sys-
tems in the United States, covering a full year of operations. It includes data from 741 farms
managing various animal types, including cattle, dairy, poultry, and swine. For this study,
we focused on 644 farms that primarily raise cattle, representing the largest group in terms
of both population and energy potential. These farms are geographically spread across
states such as Texas, New Mexico, Idaho, and Pennsylvania [2]. After removing incomplete
records for the selected modelling variables, 594 cattle-farm records were retained for
model development, including 295 without co-digestion and 299 with co-digestion [33].

The present study does not perform temporal forecasting of future time-series ob-
servations. Instead, it focuses on predicting annual electricity generation output at the
farm level using operational characteristics such as cattle population and co-digestion
practices. Accordingly, the term forecasting in this study refers to the predictive estimation
of farm-level energy production and its associated prediction intervals, rather than the fore-
casting of sequential future values over time. The input variables are cattle population and
co-digestion status, while the target variable is annual electricity generation. The prediction
unit is an individual farm, and no future temporal horizon is modeled.

To better capture operational distinctions, we categorised the farms based on their use
of digestion technology. Specifically, 295 farms do not use co-digestion (i.e., they rely solely
on cattle manure), while 299 farms actively incorporate co-digestion techniques by mixing
additional organic inputs. The data include electricity generation values (in kWh/year),
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cattle size, and co-digestion usage. These features display non-linear patterns and skewed
distributions, necessitating advanced preprocessing.

Table 1 presents representative sample farms selected to illustrate the diversity of
operational conditions within the dataset, including variations in cattle size, co-digestion
practices, and annual electricity generation. These examples are provided for illustrative
purposes only and do not correspond to any specific experimental subset.

Table 1. Sample data from US cattle farms dataset.

Location Cattle Size Co-Digestion Electricity (kWh/year)

TX 8700 No 11,800,000
ID 6100 Yes 10,500,000

NM 7800 No 12,300,000

3.3. Phase 1: Baseline Prediction Interval Modelling

This initial phase establishes a reference using the LUBE framework [21]. A single
feedforward neural network is trained on the full dataset to directly estimate lower and
upper prediction bounds [27].

The reliability of the intervals is assessed using Prediction Interval Coverage Probabil-
ity (PICP), which quantifies the proportion of actual values falling within predicted bounds:

PICP =
1
n

n

∑
i=1

I(yi ∈ [Li, Ui]) (2)

where I(·) is an indicator function, and n is the number of observations. Prediction Interval
Normalised Average Width (PINAW) evaluates the sharpness of intervals:

PINAW =
1

nR

n

∑
i=1

(Ui − Li) (3)

where R denotes the range of the target variable. Smaller PINAW values are preferred if
adequate coverage is maintained.

In addition to coverage and width, it is important to quantify the magnitude of
prediction failures when observations fall outside the estimated bounds. For this purpose,
we incorporate the Prediction Interval Normalised Average Failure Distance (PINAFD),
which captures the average deviation of missed samples from the predicted interval [22].

PINAFD =
1

nR

n

∑
i=1

Fi (4)

where the failure distance Fi is defined as:

Fi =


yi − Ui, if yi > Ui

Li − yi, if yi < Li

0, otherwise

Unlike PICP and PINAW, PINAFD explicitly captures the magnitude of deviations
outside the prediction bounds, providing a more comprehensive evaluation of interval
reliability under uncertainty.
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To jointly optimise coverage, interval width, and failure magnitude, we define a
modified Coverage Width-based Criterion (CWC) that integrates PINAFD:

CWC = PINAW + ρ · PINAFD + β ·
(
(1 − α + δ − PICP)2

)
(5)

where ρ controls the influence of failure distance and was set to ρ = 1.25 in the experiments,
β is a penalty coefficient enforcing coverage reliability, α is the target non-coverage rate (e.g.,
α = 0.05 for 95% confidence), and δ is a small tolerance term to account for minor deviations.

The LUBE model was implemented using a feedforward neural network with a single
hidden layer consisting of 10 neurons. The data were randomly divided into training (80%),
validation (10%), and testing (10%) subsets. Prior to model training, the input and output
variables were normalised using the mapminmax transformation. To avoid data leakage,
all data-dependent preprocessing, clustering, and priority-weighting steps were fitted or
computed using the training set only. Specifically, the mapminmax normalisation parameters
were estimated from the training set and then applied unchanged to the validation and
test sets. The SOM was trained only on the training-set operational covariates, namely
cattle population and co-digestion status, and validation/test samples were assigned to
the trained SOM using the same covariates. Cluster-level priority weights were computed
using only the training partition and were then kept fixed during validation and testing.

The same train, validation, and test indices were used consistently across all model
configurations to ensure fair comparison of the evaluated approaches. The network was
initially trained using the Levenberg–Marquardt algorithm and subsequently refined us-
ing Simulated Annealing to optimise the prediction interval objective function. Experi-
ments were conducted at 90% and 95% confidence levels, corresponding to α = 0.10 and
α = 0.05, respectively.

In the modified CWC objective, the penalty coefficient was set to β = 1000, the tol-
erance parameter was set to δ = 0.001, and the failure-distance coefficient was set to a
positive penalty value of ρ = 1.25, ensuring that the PINAFD term remained active in the
modified CWC objective. For the priority-weighted formulation, the weighting penalty
coefficient was set to γ = 10.

The use of a positive ρ value ensures that the PINAFD term remains active in the
modified CWC objective and penalises the magnitude of deviations for observations falling
outside the prediction intervals. This formulation extends the traditional LUBE objective by
explicitly penalising large prediction errors outside the interval bounds, thereby improving
robustness in high-uncertainty environments such as biogas energy forecasting. This
baseline model provides a statistically robust benchmark but does not account for external
contextual uncertainties such as operational variability or regulatory constraints addressed
in the subsequent phases.

3.4. Phase 2: Cluster-Based Interval Modelling

Biogas production systems exhibit operational diversity that a single model may fail
to capture. To address this, unsupervised clustering was performed using Self-Organising
Maps (SOM) [30]. The SOM was fitted using only pre-prediction operational covariates,
namely, cattle population and co-digestion status, to group farms into behaviourally distinct
operational clusters [31]. Annual electricity output was not used as an input to the SOM
because it is the prediction target. Instead, electricity output was used only for prediction,
evaluation, and post-hoc interpretation of the resulting cluster characteristics. Each cluster
therefore reflects differences in available farm-level operational conditions rather than
direct grouping by the target variable [34].
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Rationale for Cluster Selection. The selection of clusters was guided by both visual and
practical considerations. As illustrated in Figure 4, the SOM-based clustering with two
groups provides a clear and meaningful separation between small-to-medium scale farms
and larger facilities. Cluster 1 (red) captures farms with lower cattle counts and correspond-
ingly low electricity output, while Cluster 2 (green) includes higher-yield systems, often
employing co-digestion strategies.

In contrast, the three-cluster configuration shown in Figure 4 introduces a third group
(blue) that overlaps substantially with Cluster 2 when the resulting clusters are visualised
against cattle count and annual electricity output for post-hoc interpretation. This overlap
reduces the distinctiveness of clusters, making it difficult to justify separate model training
without introducing overfitting or sparsity issues, especially given the limited dataset size.
Additionally, cluster 3 contains relatively few points, diluting its statistical significance for
robust training.

Therefore, the two-cluster approach was chosen to ensure model reliability, inter-
pretability, and stability, especially in low-data regimes. This segmentation into low and
high output groups also facilitates more targeted interval modelling and strategic planning,
such as prioritised resource allocation and uncertainty-sensitive forecasting.

Figure 4. Comparison of SOM Clustering with 2 Clusters (left) and 3 Clusters (right). Overlap in the
3-cluster version introduces ambiguity and sparsity.

Each cluster is then modelled independently using the LUBE framework, allowing the
neural network to tailor interval estimates to specific operational patterns [17,28].

For each cluster, an independent LUBE model is trained, enabling the prediction
intervals to adapt to localised patterns of uncertainty. This cluster-specific modelling
improves interval sharpness and relevance by accounting for intra-group variability in
production behavior.

3.5. Phase 3: Priority-Weighted Optimised Interval Modelling

While statistical accuracy is central to prediction interval modelling, real-world energy
systems often require prioritisation based on factors such as infrastructure scale, contri-
bution to the grid, and operational risk [35]. In biogas systems, clusters associated with
large-scale output or higher operational stability may require greater emphasis during
interval evaluation. Ignoring such differences can lead to suboptimal interval construction,
even when standard statistical metrics appear satisfactory [36].

To address this, we introduce a priority-weighted extension to the LUBE objective
function, incorporating cluster-level importance into the priority-weighted CWC criterion.
Let each cluster i be assigned a weight wi ∈ [0, 1], representing its relative importance in
the forecasting task. These weights may be derived from domain-specific indicators such
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as total electricity contribution, grid connectivity, or operational reliability [37]. Higher
values of wi correspond to clusters of greater strategic relevance [38].

In this study, total electricity contribution was selected as the weighting criterion be-
cause it directly reflects the relative importance of each cluster to overall energy production
and potential grid contribution. Therefore, the priority weights should be interpreted as
target-derived cluster-level importance indicators for policy and operational weighting,
rather than as purely input-driven prediction features.

This choice enables cluster-level interval evaluation to reflect the relative operational
importance of different groups within the energy system. Nevertheless, alternative weight-
ing schemes may be adopted depending on the application context, including weights
based on grid connectivity, carbon reduction potential, economic value, operational stability,
or policy-driven priorities.

To avoid the use of test information, the cluster-level priority weights are computed
from the training set only and then kept fixed during validation and testing. For an unseen
farm, the SOM assigns the farm to a cluster using available operational covariates, and the
corresponding pre-computed cluster weight is applied. In this manner, the weighting
mechanism does not require access to unseen target values during deployment.

Building upon the modified multi-objective formulation introduced in Section 3.3,
the proposed priority-weighted CWC criterion is defined as:

CWCpriority = PINAW + ρ · PINAFD + β ·
(
(1 − α + δ − PICP)2

)
+ γ(1 − wi) (6)

where ρ controls the contribution of failure distance, β enforces coverage reliability, α is
the target non-coverage rate, and δ is a tolerance parameter. The additional term γ(1 − wi)

introduces a cluster-dependent penalty, where γ regulates the strength of prioritisation.
It should be noted that the priority term γ(1− wi) operates at the cluster level once the

priority weight wi has been assigned. Therefore, this term should be interpreted as a cluster-
level priority adjustment to the CWC criterion rather than as a sample-level adaptive
gradient term. The primary interval construction remains governed by the standard
interval-quality components, namely PICP, PINAW, and PINAFD, while the priority term
allows the final criterion to reflect differences in operational or strategic relevance across
heterogeneous clusters.

By integrating statistical objectives (coverage, width, and failure magnitude) with
domain-driven prioritisation, the proposed framework supports priority-aware evaluation
of interval performance across heterogeneous clusters. The priority term operates at the
cluster level and allows the CWC criterion to reflect operational significance, while the
underlying interval construction remains governed by PICP, PINAW, and PINAFD. Unlike
post-hoc reweighting [39] or rule-based approaches [40], the proposed formulation provides
a cluster-level priority adjustment within the CWC criterion. Future work will investigate
direct sample-level weighting of these components to further strengthen the optimisation
role of priority information.

The next section evaluates the proposed framework across three configurations: base-
line LUBE modelling, SOM-based cluster-specific modelling, and the proposed priority-
weighted CWC criterion. This design enables a comprehensive comparison of both statisti-
cal performance and contextual relevance.

4. Experimental Results and Discussion
The experiments were conducted across three configurations: (i) Baseline LUBE ap-

plied to the full dataset, (ii) cluster-specific LUBE using two clusters generated by SOM,
and (iii) priority-weighted LUBE, where cluster-level importance weights were incorpo-
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rated into the CWC criterion. Each configuration was evaluated at two confidence levels:
90% and 95%. Performance was assessed using standard prediction interval metrics, PICP,
PINAW, CWC, and Root Mean Squared Error (RMSE). The objective was to evaluate not
only statistical reliability but also contextual alignment with operational relevance.

4.1. Performance Comparison Across Modelling Strategies

Table 2 summarises the evaluation metrics across the three modelling phases: Base-
line (no clustering or weighting), clustered (with behavioral segmentation via SOM),
and priority-weighted (clustered models evaluated with cluster-level importance weights).
The baseline phase provides a reference for interval performance on the full dataset. Cluster-
specific models capture local operational patterns and show different coverage-width be-
haviour across farm groups. The priority-weighted configuration reduced PINAW and
CWC in several cases; however, some configurations did not reach the nominal cover-
age level. Therefore, these results should be interpreted as a trade-off among interval
width, coverage probability, and the priority-adjusted CWC criterion rather than as an
unconditional improvement in reliability.

For interval-based models, RMSE was computed using the midpoint of the predicted
interval as the representative point estimate. Specifically, the point prediction was cal-
culated as (Li + Ui)/2, where Li and Ui denote the lower and upper prediction bounds,
respectively. This midpoint estimate was then used to calculate RMSE against the observed
electricity generation values.

Table 2. Summary of performance across experimental phases.

Phase Confidence PICP (%) PINAW CWC RMSE

Baseline 90% 90.14 27.39 65.98 36.83
Baseline 95% 95.22 44.44 79.78 36.88

Clustered (C1) 90% 87.80 36.30 78.98 24.94
Clustered (C1) 95% 95.12 49.87 49.67 25.21
Clustered (C2) 90% 83.33 48.71 86.59 54.06
Clustered (C2) 95% 94.44 69.71 74.00 84.29

Priority-Weighted (C1) 90% 85.37 28.66 33.11 20.93
Priority-Weighted (C1) 95% 92.68 36.53 40.98 25.02
Priority-Weighted (C2) 90% 94.44 28.82 33.27 52.61
Priority-Weighted (C2) 95% 93.54 59.06 63.51 55.98

Although priority weighting reduced CWC and PINAW in several cases, some configu-
rations did not fully achieve the nominal coverage level. For example, the Priority-Weighted
C1 model achieved PICP values of 85.37% and 92.68% at the 90% and 95% confidence levels,
respectively, while the Priority-Weighted C2 model achieved 93.54% at the 95% confi-
dence level. Therefore, the results should be interpreted as demonstrating a trade-off
between sharper prediction intervals and coverage reliability rather than an unconditional
improvement across all evaluation metrics.

Although priority weighting reduced CWC and PINAW in several cases, some configu-
rations did not fully achieve the nominal coverage level. For example, the Priority-Weighted
C1 model achieved PICP values of 85.37% and 92.68% at the 90% and 95% confidence levels,
respectively, while the Priority-Weighted C2 model achieved 93.54% PICP at the 95% confi-
dence level. These values indicate that the priority-weighted results should be interpreted
as a coverage-width trade-off rather than as a general improvement in reliability. In partic-
ular, reduced CWC and narrower intervals must be considered jointly with whether the
achieved PICP satisfies the intended nominal coverage.
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Figure 5 illustrates the coverage-width behaviour of the priority-weighted configura-
tion by comparing PICP and CWC across clusters and confidence levels.

Figure 5. Cluster-wise PICP and CWC behaviour under the priority-weighted configuration.

4.2. Prediction Interval Comparison Across Modelling Phases

Figure 6 presents a comprehensive comparison of the prediction intervals generated
under three modelling configurations: baseline LUBE (no clustering), cluster-based LUBE
(with SOM segmentation), and priority-weighted LUBE (cluster-specific modelling with
importance-based cost adjustments).

Each row of the figure corresponds to a different modelling strategy, while the two
columns compare intervals at 90% and 95% confidence levels. The baseline configuration
exhibits wider intervals and signs of under-coverage in high-variance regions. Cluster-
based LUBE improves calibration and sharpness by tailoring the prediction intervals to
behavioural groups.

Finally, the priority-weighted LUBE model incorporates cluster-level importance
weights into the CWC criterion. The resulting intervals should be interpreted in terms of
the trade-off between interval compactness and achieved coverage, particularly because
some priority-weighted configurations do not fully reach the nominal coverage level.

In the priority-weighted modelling phase, cluster-level importance was incorporated
into the priority-weighted CWC criterion using a normalised weighting scheme. The prior-
ity weight wi for each cluster was computed based on its contribution to the total electricity
output, ensuring:

K

∑
i=1

wi = 1, where wi =
Electricity from Cluster i

Total Electricity from All Clusters

This formulation incorporates output-driven importance into the priority-weighted
CWC criterion. By assigning lower priority penalties to higher-output clusters (i.e., higher
wi), the criterion reflects the greater operational relevance of these clusters. The resulting
interval performance should be interpreted jointly using PICP, PINAW, PINAFD, and CWC.

For example, Cluster 1 contributed approximately 75% of the total electricity in the
dataset, while Cluster 2 accounted for the remaining 25%. Accordingly, the priority weights
were derived as w1 = 0.75 and w2 = 0.25, normalised to satisfy ∑ wi = 1. These weights
were applied in the priority-weighted CWC criterion (see Equation (6)), with the penalty
scaling factor γ set to 10. This setup assigns a lower cluster-level priority penalty to high-
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yield clusters such as Cluster 1, while lower-impact clusters such as Cluster 2 receive a
proportionally stronger priority adjustment.

(a) Baseline (90%) (b) Baseline (95%)

(c) Clustered (90%) (d) Clustered (95%)

(e) Priority-Weighted (90%) (f) Priority-Weighted (95%)

Figure 6. Prediction interval visualisation across baseline, clustered, and priority-weighted modelling
strategies under 90% and 95% confidence levels.

4.3. Discussion

This study addressed the dual challenge of constructing statistically meaningful pre-
diction intervals (PIs) while incorporating operational relevance through data-driven pri-
oritisation. The proposed multi-phase framework combines Self-Organising Map (SOM)
clustering with a priority-weighted CWC criterion to account for heterogeneity among
farm-level biogas systems.
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The SOM-based clustering identified two operational groups: cattle-only farms with
lower output characteristics and larger systems associated with co-digestion practices.
By training specialised models for each cluster, the framework produced cluster-specific
prediction intervals with different coverage-width characteristics. The introduction of
priority-based weighting allowed the evaluation criterion to reflect the relative operational
importance of different clusters, while the resulting performance was interpreted jointly
using PICP, PINAW, and CWC.

Cluster 1 (w = 0.75): After applying priority weighting, the Coverage Width Criterion
(CWC) decreased from 78.98 in the unweighted cluster model to 33.11 at the 90% confidence
level, while PINAW narrowed from 36.30 to 28.66 and RMSE decreased to 20.93. However,
the corresponding PICP was 85.37%, which is below the nominal 90% level. This indicates
improved interval compactness, but with a coverage trade-off.

Cluster 2 (w = 0.25): At the 90% confidence level, CWC declined from 86.59 to 33.27,
while PICP increased from 83.33% to 94.44% and PINAW decreased from 48.71 to 28.82. This
suggests a favourable balance between interval width and coverage for this configuration.
However, at the 95% confidence level, the priority-weighted C2 model achieved 93.54%
PICP, which remains slightly below the nominal level. Overall, the priority-weighted
results indicate that interval compactness and CWC can improve in selected configurations,
but these gains should be interpreted together with the achieved coverage level.

From a practical perspective, the proposed framework and findings provide a decision-
support perspective for annual farm-level biogas electricity-output prediction under un-
certainty. These results may help inform preliminary planning and policy analysis, partic-
ularly where farm-level operational characteristics and uncertainty profiles differ across
production settings. The use of electricity-output-based weights further provides a way to
incorporate cluster-level operational relevance into the interpretation of prediction interval
performance. However, because these weights are derived from cluster-level electricity-
output contribution, they should be interpreted as policy-oriented importance weights
rather than as input-only predictive variables.

Despite these findings, several limitations should be acknowledged. First, the study is
based on a static one-year dataset and therefore may not fully capture long-term environ-
mental variations, policy changes, or technological degradation effects that can influence
biogas energy production over multiple years. Future validation using multi-year datasets
would provide additional insights into the long-term robustness and generalisability of the
proposed framework.

Second, the dataset is relatively small and the feature space is limited, relying mainly
on cattle population and co-digestion status as available operational covariates. There-
fore, the proposed framework should be interpreted as an uncertainty-aware farm-level
prediction interval approach under limited-data conditions rather than as a fully general
AI-driven forecasting system. Although a train/validation/test split was used for model
evaluation, future work should include repeated random splits, cross-validation, and multi-
run statistical reporting to further assess robustness across different data partitions.

Third, the present comparison is limited to baseline, clustered, and priority-weighted
variants of the LUBE framework. Therefore, the reported findings should be interpreted
as improvements within this neural prediction interval modelling family rather than as
evidence of superiority over all uncertainty-quantification methods. Broader comparisons
with quantile regression, conformal prediction, conformalised quantile regression, quantile
random forest or gradient boosting, neural quantile regression, and bootstrap-based inter-
vals are left for future work, as these methods require a separate calibration and validation
design, particularly for small farm-level datasets with limited feature space.
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Finally, the current two-cluster framework may be less effective for edge-case farms
that undergo rapid operational changes, such as substantial herd expansion or the adoption
of co-digestion practices during the observation period, as such transitions may alter their
cluster membership over time. Large-scale deployment may also introduce additional
computational overhead associated with updating cluster assignments, retraining cluster-
specific models, and maintaining interval evaluation across distributed energy networks.
Future research should therefore investigate scalable implementations suitable for real-time
operational environments.

In summary, the proposed framework provides a priority-sensitive and context-aware
approach for annual farm-level biogas electricity-output prediction under uncertainty.
By combining operational clustering with priority-weighted interval evaluation, the frame-
work offers useful decision-support potential for biogas planning contexts where data
availability is limited and uncertainty remains high.

5. Conclusions and Future Direction
This study introduced an uncertainty-aware prediction interval framework for annual

farm-level biogas electricity generation estimation, combining unsupervised clustering,
prediction interval modelling, and priority-weighted CWC evaluation. By leveraging SOM
to identify behavioral subgroups within the dataset and training specialised LUBE models
for each cluster, the framework produced cluster-specific prediction intervals with different
coverage-width characteristics. A key enhancement was the introduction of a priority-
weighted CWC criterion, which incorporated output-driven cluster significance into the
evaluation of interval performance. Experimentally, the proposed priority-weighted frame-
work reduced the CWC from 78.98 to 33.11 in Cluster 1 and from 86.59 to 33.27 in Cluster 2
at the 90% confidence level, while improving the PICP of Cluster 2 from 83.33% to 94.44%.
However, the Cluster 1 priority-weighted model did not reach the nominal 90% coverage
level. These results indicate that the proposed framework can improve interval compact-
ness and CWC in selected configurations, but its benefits should be interpreted together
with achieved coverage.

Future research should investigate the use of richer temporal-resolution datasets and
suitable sequential modelling approaches to capture time-dependent variation in biogas
production. Additional operational data, such as IoT or smart-metering measurements,
may also support more adaptive analysis in future studies. Additionally, extending the
priority-weighted evaluation criterion to incorporate environmental or economic met-
rics, such as carbon offsets or grid stability indicators, could provide richer insights for
sustainability-aligned prediction. A limitation of the current priority-weighted formu-
lation is that the priority term is applied at the cluster level after the priority weight is
assigned. Future work will investigate direct sample-level or component-level weight-
ing of PICP, PINAW, and PINAFD to further strengthen the optimisation role of priority
information. Although the present empirical evaluation is based on annual farm-level
electricity-output data, the proposed clustering-based prediction interval framework can
be extended to weekly or monthly biogas output datasets when such temporal-resolution
data are available.

Future studies may also explore spatial grid integration and land-use constrained
planning for biogas deployment [41], advanced uncertainty modelling through kernel
density estimation and stochastic optimisation techniques [42], and stochastic network
planning approaches for evaluating the long-term value of biogas resources within smart
energy systems under uncertainty [43]. Overall, this work provides a flexible and extensible
platform for annual farm-level biogas electricity-output prediction under uncertainty,
supporting informed planning in data-scarce and uncertain environments.
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potential of agricultural biogas production in Ukraine—impact on GHG emissions and energy production. Energies 2020, 13, 5755.

12. Bouramdane, A.A. Natural hazards in electricity grids: From landscape dynamics to optimal mitigation and adaptation
approaches. Emerg. Manag. Sci. Technol. 2024, 4, e007.

13. Singh, T.; Uppaluri, R.V. Feed-forward ANN and traditional machine learning-based prediction of biogas generation rate from
meteorological and organic waste parameters. J. Supercomput. 2024, 80, 2538–2571.

14. Sappl, J.; Harders, M.; Rauch, W. Machine learning for quantile regression of biogas production rates in anaerobic digesters. Sci.
Total Environ. 2023, 872, 161923.

15. Wang, H.; Lei, Z.; Zhang, X.; Zhou, B.; Peng, J. A review of deep learning for renewable energy forecasting. Energy Convers.
Manag. 2019, 198, 111799.

16. Jameel, S.S.; Raazi, S.M.K.u.R.; Jameel, S.M. Multimodal ML Strategies for Wind Turbine Condition Monitoring in Heterogeneous
IoT Data Environments. In Proceedings of the International Conference on Forthcoming Networks and Sustainability in the AIoT Era;
Springer: Cham, Switzerland, 2024; pp. 216–228.

https://doi.org/10.3390/su18157865

https://doi.org/10.3390/su18157865


Sustainability 2026, 18, 7865 17 of 18

17. Varathan, G.; Belwin Edward, J. A review of uncertainty management approaches for active distribution system planning. Renew.
Sustain. Energy Rev. 2024, 205, 114808.

18. Dong, Z.; Li, X.; Luan, F.; Ding, J.; Zhang, D. Point and interval prediction of the effective length of hot-rolled plates based on
IBES-XGBoost. Measurement 2023, 214, 112857.

19. Khosravi, A.; Nahavandi, S.; Creighton, D.; Atiya, A.F. Lower upper bound estimation method for construction of neural
network-based prediction intervals. IEEE Trans. Neural Netw. 2010, 22, 337–346.

20. Hosen, M.A.; Khosravi, A.; Kabir, H.D.; Johnstone, M.; Creighton, D.; Nahavandi, S.; Shi, P. NN-based prediction interval for
nonlinear processes controller. Int. J. Control Autom. Syst. 2021, 19, 3239–3252.

21. Khosravi, A.; Nahavandi, S. Combined nonparametric prediction intervals for wind power generation. IEEE Trans. Sustain.
Energy 2013, 4, 849–856.

22. Nasirzadeh, F.; Kabir, H.D.; Akbari, M.; Khosravi, A.; Nahavandi, S.; Carmichael, D.G. ANN-based prediction intervals to forecast
labour productivity. Eng. Constr. Archit. Manag. 2020, 27, 2335–2351.

23. Wang, Y.; Wang, S.; Jia, X.; Wang, F. Bayesian Network-Based Failure Risk Assessment and Inference Modeling for Biomethane
Supply Chain. Safety 2026, 12, 9.

24. Quan, H.; Khosravi, A.; Yang, D.; Srinivasan, D. A survey of computational intelligence techniques for wind power uncertainty
quantification in smart grids. IEEE Trans. Neural Netw. Learn. Syst. 2019, 31, 4582–4599.

25. Zong, Z.; Guan, Y. AI-driven intelligent data analytics and predictive analysis in Industry 4.0: Transforming knowledge,
innovation, and efficiency. J. Knowl. Econ. 2025, 16, 864–903.

26. Bukhtoyarov, V.; Tynchenko, V.; Bashmur, K.; Kolenchukov, O.; Kukartsev, V.; Malashin, I. Fuzzy Neural Network Applications in
Biomass Gasification and Pyrolysis for Biofuel Production: A Review. Energies 2024, 18, 16.

27. Sakib, N.; Hosen, M.A.; Khan, B.; Gunn, B.; Johnstone, M. Prediction Interval in Renewable Energy Forecasting: A Comprehensive
Review of Uncertainty Quantification Methods. IEEE Access 2025, 13, 185466–185492.

28. Khosravi, A.; Koury, R.N.N.; Machado, L.; Pabon, J.J.G. Prediction of wind speed and wind direction using artificial neural
network, support vector regression and adaptive neuro-fuzzy inference system. Sustain. Energy Technol. Assessments 2018,
25, 146–160.

29. Pantaleo, A.; De Gennaro, B.; Shah, N. Assessment of optimal size of anaerobic co-digestion plants: An application to cattle farms
in the province of Bari (Italy). Renew. Sustain. Energy Rev. 2013, 20, 57–70.

30. Abdelaziz, A.; Santos, V.; Dias, M.S.; Mahmoud, A.N. A hybrid model of self-organizing map and deep learning with genetic
algorithm for managing energy consumption in public buildings. J. Clean. Prod. 2024, 434, 140040.
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