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Abstract 

Non-intrusive load monitoring (NILM) estimates component-level energy use from ag-
gregate measurements, but low-frequency data limit appliance signatures and make 
over-lapping or weakly observed loads difficult to separate. This paper proposes a 
relation-aware multi-driver pipeline for interpretable low-frequency load attribution 
under partial observability. The method does not require supervised component labels 
or predefined appliance models. It combines semantic feature typing, heterogeneous 
relation discovery, feature-family construction, mechanism-aware evidence modeling, 
conservative alloca-tion, event-background separation, and role-based attribution. Only 
evidence-supported load is assigned to feature families, while unsupported variation is 
retained as unex-plained demand or residual load. The method is evaluated in a 
simulated EV-focused building case and through measured-building validation on nine 
ADRENALIN build-ings. In the EV case, the selected EV-aligned family achieved a 
correlation of 0.990 and an NMAE of 0.100 against the withheld EV reference, while 
heat-pump and base-load recov-ery was weaker, with NMAE values of 0.565 and 0.895. 
In the ADRENALIN validation, temperature-associated families achieved median 
NMAE values of 0.594 using the re-stricted feature set and 0.576 using the full feature 
set. Additional comparison, ablation, sensitivity, diagnostic, and runtime analyses show 
that the pipeline is most effective for dominant event-driven loads, remains limited for 
smoother or masked lower-magnitude components, and treats unexplained variation 
explicitly. The results demonstrate a prac-tical framework for interpretable driver-based 
load attribution when component labels are unavailable or incomplete. 

Keywords: non-intrusive load monitoring; low-frequency load disaggregation;  
relation-aware attribution; feature-family modeling; partial observability; electric 
vehicle charging; interpretable energy analytics 

1. Introduction
Energy use in buildings remains a central challenge for decarbonization and power-

system planning. Building operations account for approximately 30% of global energy 
consumption and 26% of global energy-related emissions [1], while buildings in the Eu-
ropean Union are responsible for around 40% of energy consumption, with heating, 
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cooling, and domestic hot water representing a major share of household building energy 
use [2]. This makes building-level energy analysis important for improving efficiency, re-
ducing emissions, and supporting flexible operation in future energy systems. Non-intru-
sive load monitoring (NILM), also referred to as energy load disaggregation, addresses 
this need by estimating appliance-level, end-use, or component-level consumption from 
aggregate meter data without requiring extensive submetering [3,4]. NILM can support 
energy feedback, personalized efficiency recommendations, demand-side management, 
operational diagnostics, and improved understanding of end-use behavior [4–6]. 

The importance of NILM is increasing as buildings become more electrified and more 
strongly coupled to transportation and heating systems. Electric vehicles introduce large 
and temporally concentrated charging loads that can affect local distribution grids [7–9]. 
Beyond their impact on peak demand, EVs can also provide flexible demand–response 
and vehicle-to-grid services when charging and discharging are coordinated [10]. Identi-
fying EV-related load components from aggregate measurements is relevant not only for 
energy feedback, but also for flexibility assessment, grid-aware charging strategies, and 
demand–response planning. EV charging has consequently become an important target 
for low-frequency load disaggregation, particularly because charging behavior may re-
main visible in smart-meter or advanced metering infrastructure data even when high-
frequency appliance signatures are unavailable [11–13]. At the same time, heating and 
cooling loads are often driven by outdoor temperature, building operation, and occupant 
behavior, making them difficult to separate using conventional appliance-state assump-
tions alone [14–16]. 

Low-frequency disaggregation remains challenging because standard smart-meter 
measurements provide limited temporal detail. High-frequency NILM can exploit transi-
ent electrical signatures, switching behavior, and appliance-specific load shapes, but these 
signatures are largely absent at hourly or sub-hourly resolutions [17–19]. As a result, over-
lapping loads become harder to distinguish, and classical event-based approaches may 
become unreliable when multiple processes operate simultaneously [9,20]. These limita-
tions are particularly relevant for EV charging and heating-related demand, where aggre-
gate consumption may reflect user behavior, weather, control logic, calendar effects, and 
stochastic variation rather than a single identifiable appliance state [21,22]. 

Contextual variables such as weather, time, electricity price, emissions intensity, and 
operational indicators are increasingly used in energy analysis and forecasting [22–24]. 
However, their use in load disaggregation remains less direct. In many applications, con-
textual features are treated as predictors of aggregate demand rather than as interpretable 
drivers that can support component-level attribution. This creates a need for methods that 
can type heterogeneous features, quantify multiple forms of relation between drivers and 
load, group related features into interpretable families, and convert these relationships 
into dynamic evidence for decomposition [25–27]. 

Such feature typing is conceptually related to prior work on semantic data type de-
tection, where column-level properties are used to infer the role of variables in tabular 
datasets [28]. Existing approaches typically rely on statistical, structural, and pattern-
based descriptors to assign predefined types [29], but they do not explicitly capture the 
structural and temporal behavior required for interpretable load decomposition. 

Despite significant methodological progress, existing load disaggregation ap-
proaches face persistent limitations. Supervised learning methods can achieve strong per-
formance when labeled appliance or component data are available, but such labels are 
expensive to obtain and often unavailable outside benchmark datasets [30,31]. Optimiza-
tion-based, clustering-based, probabilistic, spectral, and deep-learning methods each ad-
dress parts of the problem, but many remain appliance-specific, event-centered, or de-
pendent on strong assumptions about the observed system [32–34]. Furthermore, many 
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disaggregation formulations implicitly seek to explain the full aggregate signal, even 
though real-world electricity consumption may include unobserved drivers, weakly 
measured influences, and residual variation that cannot be reliably attributed [34,35]. 

To address these challenges, this paper proposes a data-agnostic, relation-aware 
pipeline for low-frequency aggregate-load attribution. The method uses aggregate load 
and heterogeneous contextual or operational variables to construct an intermediate rep-
resentation of the observed system through feature typing, multi-mechanism relation dis-
covery, target-centric relevance analysis, and multi-layer feature-family grouping. These 
structures are transformed into dynamic evidence signals describing how contextual and 
operational variable groups relate to the aggregate load. The framework is designed to 
handle heterogeneous driver types, including continuous weather variables, calendar in-
dicators, event-like signals, and transformed local-context features. 

The proposed formulation treats the aggregate load as the target signal and derives 
interpretable feature-family contributions from relation-supported evidence. Rather than 
requiring appliance-specific target channels during model construction, the pipeline iden-
tifies variable groups that provide evidence for parts of the aggregate-load variation. 
Component-level signals, when available, are used only for post hoc evaluation of 
whether inferred family contributions align with physically meaningful load processes. 
In this sense, the method performs disaggregation through relation-supported attribution: 
it separates the aggregate signal into interpretable feature-family contributions without 
requiring the target components to be predefined during model construction. 

A key aspect of the framework is its conservative treatment of unexplained variation. 
The method estimates the evidence-supported portion of the target signal and preserves 
unsupported variation as unexplained dynamic load or residual demand. The pipeline 
incorporates mechanism modeling to distinguish between event-driven activation, con-
tinuous modulation, and contextual adjustment, enabling structured attribution first at 
the family level and then within families through role-based attribution. 

The proposed method is evaluated using a dataset generated from a multi-agent sim-
ulation of decentralized EV charging strategies in a Danish radial distribution network 
serving 126 households [7]. The analyzed target is a single simulated building-level ag-
gregate-load signal with contextual variables and simulated component-level reference 
signals for EV charging, heating, and base/inflexible demand. These reference compo-
nents are excluded from the model inputs and retained only for post hoc evaluation. The 
primary evaluation examines whether relation-supported feature families inferred from 
aggregate and contextual data align with known simulated components, rather than per-
forming supervised component reconstruction. Additional validation is performed on 
nine measured commercial and public buildings from the ADRENALIN dataset, where 
selected temperature-associated feature-family contributions are compared against meas-
ured temperature-dependent reference loads. The evaluation is further complemented by 
comparison with the earlier MD-ADD formulation, task-aligned Bayesian thermal com-
parisons on the primary EV dataset and on the ADRENALIN buildings, mechanism abla-
tion, parameter sensitivity, input-perturbation and temporal-resolution sensitivity, fail-
ure-mode diagnostics, and runtime analysis. 

The novelty of this work lies in integrating semantic feature typing, heterogeneous 
relation discovery, feature-family construction, mechanism-aware evidence modeling, 
event-background decomposition, conservative allocation, and role-based attribution into 
a unified multi-driver attribution framework. Relative to standard unsupervised NILM, 
the method does not primarily cluster appliance states or events, but instead shifts the 
analytical unit to relation-supported feature families constructed from contextual and op-
erational variables. Compared with EV-specific NILM, the framework addresses multi-
driver attribution without optimizing directly for a predefined target component. 
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Compared with earlier MD-ADD formulations focused mainly on contextual decomposi-
tion using weather and temporal drivers [36], the present framework expands the meth-
odology while applying the conservative attribution philosophy to a different EV-focused 
setting. 

The paper makes the following main contributions: 

• A relation-aware multi-driver pipeline that transforms heterogeneous contextual and 
operational variables into feature-family evidence structures for low-frequency ag-
gregate-load attribution. 

• A conservative allocation strategy that assigns load variation only to evidence-sup-
ported feature families while preserving unsupported variation as unexplained de-
mand. 

• A mechanism-aware attribution framework that integrates heterogeneous relation 
discovery, event-background decomposition, and role-based within-family attribu-
tion into a unified attribution process. 

• An empirical evaluation combining a primary EV-focused case study with measured-
building validation, comparative evaluation, ablation analysis, sensitivity analysis, 
failure-mode diagnostics, and runtime analysis. 

These contributions clarify both the practical value of the method for dominant 
event-driven load attribution and its limitations for smoother, lower-magnitude, or 
weakly observed components. 

The remainder of the paper is organized as follows. Section 2 reviews related work 
on low-frequency NILM, EV load disaggregation, contextual energy modeling, and rela-
tion-based feature representation. Section 3 presents the proposed pipeline in detail. Sec-
tion 4 describes the datasets, experimental setup, evaluation protocols, and implementa-
tion characteristics. Section 5 reports the primary case-study results, measured-building 
validation, comparative analyses, ablation and sensitivity results, failure-mode diagnos-
tics, and runtime analysis. Section 6 discusses the findings, limitations, scalability, deploy-
ment implications, and future research directions. Section 7 concludes the paper. 

2. Background and Positioning 
2.1. Low-Frequency NILM and EV Load Disaggregation 

NILM aims to estimate appliance-level or end-use electricity consumption from ag-
gregate measurements collected at a limited number of metering points. In contrast to 
intrusive monitoring, which relies on submeters or dedicated appliance sensors, NILM 
seeks to infer disaggregated consumption from measurements already available at aggre-
gation points, such as household or building electricity meters [3,36]. This makes NILM 
relevant for energy feedback, demand-side management, operational diagnostics, and en-
ergy-efficiency applications without requiring extensive submetering infrastructure 
[4,37]. 

NILM methods include optimization-based, probabilistic, graph-based, clustering-
based, and neural-network approaches [3]. Their suitability depends strongly on the tar-
get load, sampling frequency, available contextual information, and assumptions about 
appliance operation. Temporal resolution is especially important. High-frequency meas-
urements can preserve transient signatures and switching events, whereas low-frequency 
measurements mainly capture slower changes in active or reactive power. At lower sam-
pling rates, overlapping operations, multi-state devices, and reduced signal detail make 
event detection and appliance identification more difficult [9,20]. Classical low-frequency 
approaches often formulate disaggregation as event detection, state identification, or op-
timization. Integer-programming-based approaches, for example, infer appliance states 
from step-like aggregate-load representations [32]. Such methods are useful when 
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operating states are identifiable, but become less suitable when aggregate variation re-
flects overlapping processes, weak signatures, or partially observed drivers. Table 1 sum-
marizes the main NILM approach types discussed in this section and highlights their rel-
evance and limitations for low-frequency attribution. 

Table 1. Overview of NILM approaches discussed in relation to low-frequency disaggregation. 

Approach Main Idea in the Reviewed 
Literature 

Relevance to Low-Fre-
quency NILM 

Limitation for the Present At-
tribution Problem 

Event- and state-based 
NILM 

Detect load changes and infer 
appliance operating states 
from aggregate measure-

ments 

Useful when appliance 
events or stable operating 
states remain identifiable 

Less suitable when multiple 
processes overlap or when load 
variation reflects gradual, weak, 

or partially observed drivers 

Optimization-based 
NILM 

Infer appliance states by fit-
ting step-like aggregate-load 

representations 

Can be useful when appli-
ance states and constraints 

are well defined 

Depends on identifiable states 
and strong assumptions about 

the observed system 

Mean-shift and cluster-
ing-based unsupervised 

NILM 

Detect events and group them 
into appliance profiles with-
out requiring labeled appli-

ance data 

Supports unsupervised 
structure discovery in low-
frequency aggregate signals 

Usually produces appliance-
state groupings rather than ex-
planations of contextual driver 

contributions 

Unsupervised time-series 
pattern extraction 

Identifies subsequences, state 
changes, events, and recur-
ring structures when labels 

are unavailable 

Useful for finding structure 
in unlabeled aggregate data 

Extracted patterns are not neces-
sarily interpretable as driver-
supported load contributions 

Dimensionality-reduc-
tion approaches 

Extract dominant variance 
structures or reduced repre-

sentations from consumption 
curves 

Can identify recurring low-
frequency structure in aggre-
gate or appliance-level data 

Reduced components may be 
difficult to interpret as relation-

supported drivers 

EV-focused NILM 

Detects or reconstructs EV 
charging from smart-meter, 

AMI, or feeder-level measure-
ments 

Relevant because EV charg-
ing is large, temporally con-

centrated, and sometimes 
visible at low frequency 

Usually targets EV detection or 
EV-load reconstruction rather 

than multi-driver attribution un-
der partial observability 

Relation-aware feature-
family attribution 

Groups contextual and opera-
tional variables into driver 
families and allocates load 

only when relation-supported 
evidence exists 

Designed for low-frequency 
aggregate data with hetero-
geneous drivers and incom-

plete observability 

Cannot recover components that 
lack sufficient representation in 

the available feature set 

Unsupervised NILM addresses the limited availability of labeled appliance-level 
data. Mean-shift-based residential disaggregation, for example, detects events in low-fre-
quency aggregate signals and groups them through non-parametric clustering, allowing 
on/off and multi-state appliance profiles to be inferred without prior knowledge of the 
number of appliances [36]. More general unsupervised time-series pattern extraction 
methods identify subsequences, state changes, events, and recurring structures when la-
beled training data are unavailable or expensive to obtain [38]. Dimensionality-reduction 
methods provide another unsupervised route by extracting dominant variance structures 
from appliance consumption curves, including validation on low-frequency REDD meas-
urements [37]. These approaches show that useful structure can be extracted from aggre-
gate data, but they typically produce appliance-state groupings or reduced representa-
tions rather than explicit explanations of how observed contextual drivers contribute to 
aggregate demand. 

Electric vehicles add a particularly important low-frequency disaggregation chal-
lenge. EV charging introduces large, temporally concentrated, and flexible electricity 
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loads shaped by user behavior, charging strategy, electricity price, and local grid con-
straints [10]. Previous work shows that high-power EV charging may remain partially 
identifiable from low-frequency smart-meter data, although robust reconstruction across 
households and operating conditions remains difficult [8,9]. EV disaggregation has been 
proposed for customer feedback and energy-efficiency services [11], as well as for fore-
casting, distribution planning, and EV-integration analysis using advanced metering in-
frastructure data [12]. Feeder-level EV detection further extends the problem to aggre-
gated distribution-network measurements, where individual charging events are embed-
ded within larger and more variable background loads [13]. Other EV-focused approaches 
include signal-separation methods, supervised learning, and deep-learning formulations 
[39,40]. These studies demonstrate the operational value of EV NILM, but most are de-
signed to detect or reconstruct a specific EV component rather than to attribute aggregate 
demand across several interacting and partially observed drivers. 

2.2. Contextual Drivers and Partial Observability 

Many electricity loads are influenced by contextual and operational variables rather 
than by appliance signatures alone. This is particularly relevant in low-frequency settings, 
where detailed transient information is unavailable. Weather, calendar effects, electricity 
price, emissions intensity, control states, and operating conditions can all influence aggre-
gate demand. In energy forecasting, contextual variables are commonly used to improve 
predictive accuracy. Weather-integrated energy modeling has combined meteorological 
time series, historical consumption, frequent pattern mining, machine-learning models, 
and LSTM-based time-series modeling to identify and forecast weather-related energy-
use patterns [23]. Building-load forecasting studies have similarly used exogenous varia-
bles such as ambient temperature, wind speed, humidity, precipitation, and operating 
days to represent seasonality and external effects [22]. Contextual drivers are especially 
important for heating, cooling, and other weather-sensitive loads. Low-frequency temper-
ature-dependent load disaggregation is challenging because the relevant component may 
vary gradually with weather conditions rather than through sharp switching events [14]. 
HVAC modeling studies show that meteorological variables and historical load behavior 
contain information about air-conditioning operation and control [15]. Heating-load anal-
ysis has further shown that building energy demand can exhibit distinct seasonal profiles, 
peak characteristics, and weather-sensitive behavior [41]. Large-scale benchmarking stud-
ies have used time-series decomposition, clustering, and change-point regression to de-
rive heating and cooling sensitivity, balance temperatures, and base-load indicators from 
aggregate energy data [42]. These studies support the need to distinguish persistent base-
line demand, weather-sensitive dynamic behavior, and residual variation when detailed 
end-use metering is unavailable. 

Contextual modeling is also relevant beyond weather-sensitive loads. EV charging 
may be influenced by user behavior, electricity prices, charging strategies, grid con-
straints, and environmental conditions [10,21]. Multi-source load-forecasting studies have 
integrated weather, price, and historical load variables, combined temporal modeling 
with feature-interaction analysis, and used SHAP values to identify influential drivers 
such as weather patterns and pricing policies [24]. However, most contextual energy-
modeling studies use these variables primarily as predictors of aggregate demand. The 
present work instead treats contextual and operational variables as candidate drivers that 
can provide relation-supported evidence for attribution within an aggregate-load decom-
position framework. 

Partial observability remains a central challenge in this setting. In practical low-fre-
quency energy datasets, the observed feature set rarely contains all drivers influencing the 
target load. Some loads may be unmeasured, weakly represented, or visible only through 
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indirect contextual signals. A disaggregation method that forces the full aggregate signal 
into observed components can create unsupported allocations. This motivates formula-
tions that can assign load only when sufficient evidence exists, while retaining unex-
plained variation as an explicit output. 

2.3. Relation Discovery and Feature-Family Representation 

Energy datasets contain heterogeneous variables, including continuous sensor sig-
nals, binary control states, sparse event indicators, cumulative counters, categorical vari-
ables, and time-derived indices. Treating all variables as generic numerical predictors can 
produce inappropriate relation tests and misleading driver evidence. Semantic data type 
detection addresses part of this challenge by inferring column roles from statistical, struc-
tural, and distributional properties rather than relying only on metadata [28]. More recent 
approaches emphasize combining structural, statistical, and pattern-based evidence to im-
prove robustness in heterogeneous datasets [29]. For relation-aware disaggregation, such 
typing is useful because the appropriate dependency test depends on the analytical role 
and structure of each variable. 

A second requirement is the ability to detect multiple forms of dependence. Correla-
tion-based measures are useful for linear or monotonic relationships, but energy systems 
often contain threshold effects, activation behavior, delayed responses, nonlinear patterns, 
cyclic modulation, and regime-dependent changes. General dependence-analysis frame-
works such as the maximal information coefficient and the broader MINE framework 
were developed to identify diverse associations in high-dimensional data [43]. Compara-
tive studies show that no single dependence measure is sufficient, because Pearson corre-
lation, rank correlation, mutual information, distance correlation, and related statistics 
capture different aspects of dependence and differ in sensitivity across relationship types 
[44]. This supports the use of multi-mechanism relation discovery rather than reliance on 
a single association score. 

Clustering and graph-based representation are also relevant because energy behav-
ior is often structured by groups of related variables rather than isolated predictors. In 
NILM, spectral clustering and graph-based methods have been used to group load states 
or signal structures when direct appliance labels are unavailable [26,27]. Voting-based 
consensus formulations combine multiple clustering outputs and window configurations 
to improve robustness and reduce dependence on a single clustering configuration [26]. 
Outside strict NILM applications, shape-based clustering has been used to group load 
curves according to temporal morphology, while work on imbalanced clustering high-
lights the difficulty of representing rare but important load behaviors [45–47]. These ideas 
support the construction of feature families, where related contextual and operational var-
iables are grouped into interpretable driver structures before attribution. 

Multivariate energy analytics further motivates explicit modeling of relationships 
among variables. Graph attention models for energy-consumption anomaly detection, for 
example, represent sensor streams as interdependent time series and use graph-based at-
tention mechanisms to model relationships among variables [25]. Although such work is 
not designed for load disaggregation, it reinforces the broader point that energy systems 
are multivariate and relational. Feature-selection studies further highlight the importance 
of evaluating relevance, redundancy, and stability before constructing explanatory mod-
els, especially in multivariate time-series settings [48]. For the present study, this moti-
vates a pipeline that first characterizes feature types, detects heterogeneous relations, and 
groups related variables into feature families that can act as candidate driver structures. 

2.4. Research Gap and Positioning of the Present Work 
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The reviewed literature shows that NILM has developed into a diverse field, includ-
ing neural networks, optimization-based methods, Hidden Markov Models, graph signal 
processing, clustering, dimensionality reduction, and event-based approaches [3]. How-
ever, low-frequency settings remain difficult because detailed appliance signatures are 
limited and overlapping processes can obscure individual components [9,20]. Existing 
low-frequency approaches can detect events, infer states, or extract recurring structures 
when the aggregate signal contains sufficiently informative patterns [32,36,38]. In more 
heterogeneous settings, however, aggregate demand may reflect several interacting pro-
cesses, contextual influences, and unobserved drivers. This limits methods that depend 
on complete component observability or clearly identifiable appliance events. 

EV-focused NILM demonstrates that large flexible loads may remain detectable from 
smart-meter data [8,9]. Prior work has shown the value of EV disaggregation for customer 
feedback, forecasting, distribution planning, and feeder-level detection [11–13]. However, 
these approaches usually target EV detection or EV-load reconstruction specifically. They 
do not generally address the broader question of how aggregate load can be decomposed 
into multiple relation-supported driver families when only contextual and operational 
variables are available. 

Contextual energy modeling provides another important foundation. Weather, cal-
endar, and operating variables can improve the representation of aggregate demand 
[22,23], while multi-source forecasting studies have also incorporated price and historical 
load variables with interpretability mechanisms such as SHAP [24]. Nevertheless, these 
studies typically use contextual variables as predictors rather than as driver evidence for 
structured load attribution. Similarly, clustering and graph-based NILM methods demon-
strate the value of grouping and consensus representations, but they usually group obser-
vations, states, windows, or appliance patterns rather than constructing feature families 
from heterogeneous contextual relationships [26]. 

The methodological predecessor to the present work is the multi-driver automatic 
dependency disaggregation approach for smart buildings [49]. That formulation treated 
weather and calendar variables as explanatory drivers, separated baseline demand, and 
retained unexplained energy explicitly instead of forcing all load variation into modeled 
drivers. The present work extends this direction through semantic feature typing, hetero-
geneous relation discovery, feature-family construction, relation-aware evidence model-
ing, mechanism-aware allocation, event-background decomposition, and role-based 
within-family attribution. It applies the framework to an EV-focused setting containing 
overlapping charging, heating, base-load, environmental, temporal, and market-related 
contextual drivers. 

The present paper formulates low-frequency disaggregation as a relation-aware de-
pendency decomposition problem under partial observability. Rather than reconstructing 
predefined appliance channels, the proposed pipeline identifies feature families, derives 
relation-supported evidence signals, allocates only the explainable portion of the aggre-
gate load, and preserves unsupported variation as residual demand. This positions the 
method between conventional NILM, contextual energy modeling, and multivariate rela-
tion discovery, with the specific aim of supporting interpretable attribution when compo-
nent labels are unavailable during model construction. 
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3. A Relation-Aware Multi-Driver Disaggregation Pipeline 
3.1. Problem Formulation and Pipeline Overview 

The proposed method decomposes an observed aggregate load signal into interpret-
able components representing persistent baseline demand, relation-supported dynamic 
variation, unexplained dynamic load, and residual mismatch. The method is designed for 
low-frequency settings in which only part of the relevant system behavior is observable. 
The available features may include sensor measurements, control states, environmental 
variables, calendar variables, market signals, or derived quantities, and they are treated 
as incomplete evidence for the processes influencing the aggregate load. The formulation 
supports incomplete explanations by preserving unsupported target variation as unex-
plained dynamic load or residual mismatch. 

The present pipeline extends the earlier MD-ADD principle that contextual drivers 
provide incomplete evidence and that unsupported load should remain explicit. The ear-
lier formulation estimated direct contributions from manually categorized weather and 
calendar variables using out-of-fold predictive modeling and SHAP-based attribution. 
The present formulation expands the representation and allocation process through auto-
matic feature typing, multiple global and local dependency mechanisms, relation-graph-
based feature families, family mechanism roles, validity and explainability control, event-
background separation, and role-based feature attribution. The methodological progres-
sion concerns the full representation and allocation process rather than a change in model 
parameters. 

Let 𝑌௧ denote the observed target load at time 𝑡, and let X௧ = (𝑋ଵ,௧ , … ,𝑋ே,௧) denote 
the observed feature set. In this formulation, the target refers to the aggregate load signal 
being analyzed, such as main-meter electricity demand. The target load is separated into 
a baseline component and a dynamic component: Y୲ = B୲ + D୲,  (1)

where 𝐵௧ is the baseline load and 𝐷௧ is the dynamic load above the baseline. The baseline 
represents persistent or slowly varying demand that is not treated as directly responsive 
to the observed driver evidence. The dynamic component is the portion of the target load 
considered for relation-supported attribution. 

The dynamic load is then decomposed into feature-family contributions, unex-
plained dynamic load, and residual mismatch: D୲ = ෍C୩,୲୏

୩ୀଵ + U୲ + Res୲  (2)

where 𝐶௞,௧ is the contribution of feature family 𝑘, 𝑈௧ is the unexplained dynamic load, 
and 𝑅𝑒𝑠௧ is the remaining reconstruction mismatch. Feature-family contributions are not 
predefined appliance channels. They are inferred from groups of observed variables that 
provide relation-supported evidence with the aggregate target. Their physical interpreta-
tion is established after decomposition by inspecting the family structure, mechanism 
roles, and, where available, external reference components used only for post hoc evalu-
ation. 

The inferred contributions represent relation-supported attribution within the ob-
served feature space. Their interpretation is evidentiary rather than causal: a family may 
contain variables that describe the timing, operating context, or statistical signature of a 
load process without representing its physical cause. Physical interpretation requires in-
spection of the family structure and, where available, comparison with independent com-
ponent measurements or operational knowledge. 

The unexplained component 𝑈௧ captures dynamic load that cannot be attributed to 
the observed features with sufficient support. This may occur because relevant drivers are 
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missing, relationships are weak, processes overlap, or the selected relation mechanisms 
do not capture the underlying behavior. The residual 𝑅𝑒𝑠௧ captures any remaining mis-
match after combining the baseline, feature-family contributions, and unexplained dy-
namic load. This establishes a conservative decomposition framework in which attribu-
tion is supported by observed evidence, while incomplete explanations remain explicit. 
Table 2 summarizes the main notation used in the proposed pipeline. 

Table 2. Main notation used in the proposed multi-driver disaggregation pipeline. Time, family, 
role, and feature indices are omitted from some descriptions where they are already explicit in the 
notation. 

Symbol Description Symbol Description 𝑡 Time index. 𝑌௧ୠ୥ 
Smooth dynamic-load back-

ground. 𝑌௧ Observed target load. 𝑌௧ୣ ୴ୣ୬୲ Event-like dynamic load. X௧ Observed input features. 𝑅௞,௧ୣ୴ୣ୬୲ Event responsibility of family 𝑘. 𝐵௧ Baseline load. 𝐴௞,௧ Event-active support of fam-
ily 𝑘. 𝐷௧ Above-baseline dynamic load. 𝐶𝑜௞,௧ Event compatibility term. 𝑘 Feature-family index. 𝐶௞,௧ୣ୴ୣ୬୲ Event contribution of family 𝑘. 𝐶௞,௧ Contribution of family 𝑘. 𝛽 Event-allocation sharpness. 𝑈௧ Unexplained dynamic load. 𝐶௞,௧ୠ୥ 

Background contribution of 
family 𝑘. 𝑅𝑒𝑠௧ Residual reconstruction mismatch. 𝑀𝑎௞,௧ Mechanism-aware allocation 

boost. 𝜂ଶ Explained-variance effect size. 𝑝ா Evidence exponent in alloca-
tion. 𝑄௤ 𝑞-quantile operator. 𝑝௏ Validity exponent in alloca-
tion. 𝑊௧ Rolling window centered at 𝑡. 𝑊𝑒௞,௧ Allocation weight of family 𝑘. 𝐸௞,௧ Evidence signal of family 𝑘. 𝐴𝑠௞,௧ Allocation share of family 𝑘. 𝐺௞,௧ Gate component. 𝜏 Family-allocation sharpness. 𝐼௞,௧ Intensity component. 𝑟 Within-family role. 𝑀𝑜௞,௧ Modulation factor. 𝜌௞,௥,௧ Budget share for role 𝑟. 𝐿௞,௧ Locality factor. 𝑖 Feature index. 𝛾௞ Family confidence score. 𝑊𝑒௜,௥,௧ Feature weight within role 𝑟. 𝑉௞,௧ Validity score of family 𝑘. 𝐷𝑜𝑚௧ Dominance of strongest fam-
ily. 𝑃̄௞,௧ Average gate/locality support. 𝐴௜,௥,௧ Role-specific feature activity. 𝜆 Confidence-effect parameter. 𝐼௜ Target-importance score. 𝑉୫୧୬ Minimum validity floor. 𝑝௥ Role-activity exponent. 𝑍௧ Validity-weighted support. 𝑝ூ Target-importance exponent. 𝑆௧ Explainability score. 𝑅𝑠௜,௥,௧ Within-role feature share. 𝑐 Explainability scale parameter. 𝐹௜,௧ Final feature contribution. 𝑀௧ Explainable dynamic-load magnitude.   

Figure 1 summarizes the full pipeline. The first part constructs an interpretable rep-
resentation of the input data. Feature typing assigns semantic roles to the observed varia-
bles, pairwise relation discovery identifies multiple dependency mechanisms, and multi-
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layer feature-family construction groups related variables into candidate driver struc-
tures. The target load is then reintroduced through target-centric relevance analysis, 
which identifies the features and families that provide evidence for explaining the aggre-
gate load. 

 

Figure 1. Overview of the proposed relation-aware multi-driver pipeline, showing the transfor-
mation from heterogeneous input features and aggregate load into feature families, relation-aware 
evidence signals, conservative family-level allocation, role-based feature attribution, and residual 
output. 

The second part converts this representation into an attribution model. Target-rele-
vant families are transformed into relation-aware evidence signals and organized into 
mechanism roles such as gate, intensity, modulation, and local support. Family validity 
and explainability scores determine how much of the dynamic load is sufficiently sup-
ported for attribution. A conservative allocation step distributes only this explainable por-
tion across feature families, while unsupported dynamic variation is retained as unex-
plained load. Event-background separation improves the handling of short, dominant 
peaks, and role-based within-family attribution decomposes family-level contributions 
into feature-level outputs. 

The overall design is data-agnostic because it does not rely on predefined appliance 
models, supervised component labels, or fixed domain-specific decomposition rules. In-
stead, the pipeline uses semantic feature typing, heterogeneous relation discovery, fea-
ture-family grouping, and evidence-constrained allocation to produce an interpretable 
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decomposition under partial observability. The main outputs are baseline load, family-
level contributions, feature-level attributions, unexplained dynamic load, and residual de-
mand. 

3.2. Feature Typing, Relation Discovery, and Family Construction 

The first three stages of the pipeline construct the driver representation used for later 
attribution. They characterize the semantic structure of each input feature, identify multi-
ple forms of dependency among variables, and group related variables into feature fami-
lies. This representation is constructed before target-focused attribution so that the later 
allocation procedure is based on interpretable feature groups rather than isolated varia-
bles or generic numerical predictors. 

Operational energy datasets contain heterogeneous variables whose numerical for-
mat does not necessarily reflect their analytical role. A column may represent a continuous 
sensor signal, a binary equipment state, a sparse event indicator, a cumulative counter, a 
cyclic calendar index, a timestamp, or a categorical operating mode. Treating all variables 
as ordinary continuous predictors would create inappropriate relation tests and could 
produce misleading driver evidence. The pipeline begins with semantic feature typing. 
Each input variable receives scores for candidate types, including continuous, bounded 
continuous, zero-inflated continuous, binary, sparse binary, categorical, ordinal, count, 
cyclical, angular, datetime, trend-like, and accumulative variables. These scores are com-
puted from structural and statistical evidence, including numeric coverage, cardinality, 
concentration of repeated values, entropy, integer-likeness, range behavior, temporal 
smoothness, and monotonic or cyclic structure. 

The selected feature type determines which relation tests are appropriate in the next 
stage. Accumulative variables are analyzed through increments rather than running to-
tals. Zero-inflated and bounded variables are handled separately to avoid confusing inac-
tive periods, measurement limits, and genuinely discrete states. This semantic represen-
tation provides the interface between heterogeneous input variables and relation-aware 
disaggregation. The final feature type is selected through a superseding decision rule, al-
lowing more specific structures such as zero-inflated, bounded, cyclical, angular, trend-
like, or accumulative behavior to replace a more general continuous interpretation when 
the evidence is sufficiently strong. The output of this stage consists of the selected seman-
tic type, confidence information, and diagnostic metadata used by the later relation and 
evidence-construction stages. 

After feature typing, the pipeline evaluates pairwise relationships between variables 
using dependency tests selected according to the semantic types of the candidate driver 
and response. Each relationship is evaluated for an ordered pair (𝑎, 𝑏), where 𝑎 is inter-
preted as the potential driver and 𝑏 as the response. Before testing, the two series are 
temporally aligned, compatible variables are converted to numerical form where needed, 
missing values are removed, and the number of overlapping observations is checked 
against a minimum support requirement. Optional winsorization may be applied to re-
duce the effect of extreme values. 

The relation discovery stage is designed to avoid the limitations of correlation-only 
screening. Operational energy data may contain linear trends, threshold effects, sparse 
activations, cyclic patterns, delayed responses, nonlinear behavior, and regime-dependent 
changes. The method evaluates several relation families, summarized in Table 3. Each 
valid test returns the driver, response, relation type, scalar score, primary metric, scope, 
and diagnostic information required for later evidence construction. 
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Table 3. Relation families used for multi-mechanism dependency discovery. 

Relation Family 
Eligible Driver or Response 

Structure Main Purpose Primary Score 

Linear and monotone 
Numeric driver and numeric 

response 
Detect linear or mono-

tone co-variation 
𝑠௟௜௡௘௔௥ = max൫|𝑟௉௘௔௥௦௢௡|, ห𝜌ௌ௣௘௔௥௠௔௡ห൯  

Threshold mean shift 
Numeric driver, numeric re-

sponse 
Detect response change 

across a driver split 
𝜂ଶ 

Threshold activation Numeric driver, activation-eli-
gible response 

Detect driver condi-
tions associated with 

activation 
Information gain, activation separation 

Tail activation Numeric driver, nonzero-base-
line response 

Detect driver condi-
tions associated with 

high-load states 
Tail-probability separation 

Band mean shift Numeric driver, numeric re-
sponse 

Detect elevated or re-
duced response within 

a driver interval 
𝜂ଶ 

Band activation Numeric driver, activation-eli-
gible response 

Detect activation inside 
or outside a driver in-

terval 
Activation separation 

Cyclical modulation Cyclical or angular driver 
Detect periodic re-
sponse structure ANOVA effect size or 𝑅ଶ 

Multi-level shift Categorical, ordinal, count, or 
binary driver 

Detect response differ-
ences across states or 

levels 
Effect size 

Lagged relation Numeric driver and response Detect delayed driver-
response association 

Best lagged 𝑅ଶ 

Variance modulation Numeric driver and response 
Detect changes in re-

sponse variance condi-
tional on driver 

Variance-model 𝑅ଶ 

Nonlinear smooth re-
lation 

Numeric driver and response Detect quadratic or 
smooth nonlinear uplift 

Incremental 𝑅ଶ 

Regime switching Time-indexed numeric pair 
Detect temporal change 
in mean or slope rela-

tion 
Improvement over non-regime model 

For threshold and band relations, scores are expressed through effect-size measures 
such as explained variance. Activation relations convert the response into an activation or 
upper-tail indicator and score the separation of response states across driver conditions. 
Cyclical relations use group-based or harmonic representations, lagged relations retain 
the strongest lagged association, and nonlinear or regime-based relations score the im-
provement obtained by allowing nonlinear, variance-dependent, or time-varying behav-
ior. 

Relation eligibility is constrained by the feature types identified in the previous stage. 
Linear, nonlinear, threshold, band, lagged, and variance-modulation tests require com-
patible numeric variables. Cyclical modulation requires cyclic or angular driver seman-
tics. Multi-level relations require a group-like driver. Activation-oriented relations are 
evaluated only when the response exhibits binary, sparse, zero-inflated, or upper-tail be-
havior. Constant and datetime variables are excluded from ordinary pairwise relation 
testing unless they are transformed into analytically meaningful derived variables. 

The relation discovery stage can be applied both globally and locally. Global tests 
evaluate dependencies over the full observation period and identify persistent 
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relationships. Local tests apply the same relation logic over rolling windows and summa-
rize the resulting scores across time. This allows the pipeline to retain dependencies that 
are intermittent, regime-specific, seasonally active, or masked by stronger full-period ef-
fects. 

The resulting long-format relation table is used to construct feature families. A fea-
ture family is defined as a set of variables repeatedly connected through one or more de-
pendency mechanisms. This step is necessary because operational drivers are rarely rep-
resented by isolated variables. They often appear as groups of related sensors, counters, 
control signals, calendar variables, or transformed indicators that jointly describe one un-
derlying process. 

The relation mechanisms were selected to cover complementary dependency struc-
tures expected in low-frequency energy data, including continuous linear or monotonic 
behavior, nonlinear variation, delayed responses, threshold effects, sparse activation, re-
gime changes, cyclic modulation, and variance-dependent behavior. Each mechanism 
produces the same standardized relation-record structure, allowing additional relation 
tests to be incorporated without changing the subsequent family-construction, evidence-
modeling, or allocation stages. The mechanism set is extensible rather than fixed to the 
tests used in the present implementation. 

For family construction, relation scores are converted into a common edge-evidence 
scale in the interval [0,1]. Correlation-based relations are mapped using absolute associa-
tion strength, bounded effect-size relations are retained on their native scale, and un-
bounded activation-strength measures, such as activation risk ratios, are transformed into 
bounded evidence through an exponential squashing function. A separate graph layer is 
then constructed for each relation type. Nodes represent features, and weighted edges 
represent normalized relation evidence between feature pairs. Ordered relations are col-
lapsed into undirected feature-pair evidence by retaining the strongest evidence observed 
across directions or duplicate rows. 

Each relation layer is clustered independently using weighted community detection. 
If a relation layer contains no retained edges, variables remain as singleton groups for that 
layer. Final feature families are obtained through consensus grouping across relation lay-
ers. For each pair of features, the method computes how often the two features are as-
signed to the same group across relation layers. These co-assignment values form a con-
sensus matrix, and feature pairs exceeding the required agreement threshold are con-
nected in a consensus graph. Clustering this graph yields the final feature families. 

The target variable is excluded from feature-family construction. This prevents the 
aggregate load from dominating the grouping process and forcing unrelated drivers into 
the same family merely because they are all associated with the target. The target is rein-
troduced only in the next stage, where feature and family relevance to the aggregate load 
are evaluated. For each final family, a representative feature is also identified based on 
internal edge evidence. This representative is not assumed to be causally dominant, but 
provides a compact descriptor of the family and supports later interpretation. 

The output of this stage consists of semantic feature types, a multi-mechanism rela-
tion table, feature-family memberships, representative features, retained relation edges, 
and the consensus co-assignment matrix. These outputs provide the structured driver rep-
resentation used by the later attribution stages. 

3.3. Target Relevance and Evidence Signal Construction 

After feature families have been constructed, the target signal is reintroduced to de-
termine which features and families provide evidence for explaining the aggregate load. 
This target-centric stage is separated from feature-family construction so that the aggre-
gate load does not dominate the grouping process. Feature-family construction identifies 
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internally coherent driver structures, while target relevance analysis determines which of 
these structures are useful for attribution. 

The analysis starts by extracting relation rows in which a candidate feature acts as 
the driver and the aggregate load acts as the response. Both global relations and window-
summary relations are retained. Global relations describe dependencies that persist over 
the full observation period, while windowed relations capture dependencies that are lo-
cal, intermittent, seasonal, or regime-specific. For each feature, the target-facing relation 
rows are collapsed into a feature-level summary containing the strongest relation to the 
target, the corresponding score, the relation type, the qualitative strength label, and sum-
mary statistics over valid relation scores. When valid global scores are available, the 
strongest global relation is used as the primary descriptor. If no valid global score is avail-
able, the strongest available score across retained scopes is used. 

An overall target-importance score is assigned to each feature by combining the 
strongest observed target-relation score with the mean relation score across valid target-
facing relations, with greater weight placed on the strongest relation. The maximum score 
captures whether a feature has at least one strong and interpretable dependency with the 
target, while the mean score rewards repeated support across relation types or time win-
dows. Windowed relation summaries are retained separately through their mean score, 
maximum score, variability, and valid-window fraction. These quantities indicate 
whether a feature is consistently related to the target or only relevant under specific oper-
ating conditions. 

Feature-level target summaries are merged with the feature-family membership ta-
ble. Family-level relevance is computed by aggregating target-importance scores within 
each family. For each family, the method records the maximum feature importance, mean 
feature importance, and strongest target-facing feature. The maximum importance iden-
tifies whether the family contains at least one strongly target-relevant feature, while the 
mean importance indicates whether relevance is distributed across multiple family mem-
bers. The resulting feature and family summaries guide the selection of families entering 
the attribution stage and identify which features provide evidence within each family. 
These scores are not interpreted as causal effects or component labels. They indicate rela-
tion-supported target dependency. 

Before family evidence is constructed, the target load is separated into a baseline 
component and a dynamic component. The baseline 𝐵௧ represents persistent or slowly 
varying demand that is not treated as directly responsive to the observed driver evidence. 
The pipeline supports a zero baseline, a constant-minimum baseline, and a rolling-quan-
tile baseline. For the rolling-quantile case, the baseline is defined as B୲ = Q୯(Yத: τ ∈ W୲),  (3)

where 𝑄௤ denotes the 𝑞-quantile and 𝑊௧ is the rolling window centered around time 𝑡. 
The dynamic load available for attribution is defined as the non-negative above-baseline 
component: D୲ = max(0, Y୲ − B୲) .  (4)

This definition bounds the subsequent attribution problem. Driver families can only 
claim dynamic load above the selected baseline, and any dynamic load that is not sup-
ported by valid family evidence remains available as unexplained load. When the zero-
baseline option is used, the same formulation applies to the full aggregate target signal. 

Target-relevant families are converted into time-varying evidence signals. For each 
family, candidate evidence features are selected from the target-centric relation summary. 
Each candidate is associated with a relation type, target-relation score, target-importance 
value, and, when available, local-window support. The relation type determines how the 
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feature contributes to the family evidence signal. As summarized in Table 4, threshold, 
tail-threshold, activation-threshold, and band relations support gate evidence; linear, 
monotone, nonlinear, lagged, regime-switching, and multi-level relations support inten-
sity evidence; cyclical and state-like relations support modulation evidence; and strong 
target-facing features that do not match a preferred role may be retained as fallback or 
local helper evidence. 

Table 4. Mechanism roles used for family evidence construction. 

Relation Evidence 
Mecha-

nism Role Function in Evidence Construction 

Threshold, tail-threshold, activation-
threshold, and band relations Gate 

Identifies periods in which a rela-
tion-supported condition is active 

Linear, monotone, nonlinear, lagged, 
regime-switching, and multi-level rela-

tions 
Intensity Provides a non-negative magnitude 

signal for the family 

Cyclical, angular, calendar, and state-
like relations Modulator 

Adjusts evidence according to peri-
odic or contextual conditions 

Window-local relation support and 
augmented target-facing evidence 

Local 
helper 

Increases support during periods 
with stronger local dependency 

Strong target-facing feature without a 
complete role structure 

Fallback 
Provides evidence when no complete 
gate or intensity structure is availa-

ble 

When comparable evidence is available, raw physical variables are preferred for in-
tensity roles because they are easier to interpret as magnitude-related drivers. Augmented 
or locally transformed features are primarily used as local helper evidence when they pro-
vide strong target-facing support. 

Evidence construction is relation-native. Threshold and band relations are converted 
into gate signals that are active under driver conditions associated with higher dynamic 
load. When relation-specific thresholds or band limits are available, these values are used 
directly; otherwise, data-driven fallback thresholds or intervals are derived from the fea-
ture distribution. Gating evidence is represented as positive uplift in 𝐷௧ during active pe-
riods relative to the inactive reference level, rather than only as a binary mask. 

Continuous relations are transformed into non-negative intensity signals that repre-
sent the time-varying strength of family evidence. Lagged relations use the lag-adjusted 
feature representation, while regime-switching and multi-level relations use regime- or 
state-specific representations. Cyclical and state-like features are transformed by estimat-
ing the typical dynamic load associated with each state, cycle position, or discretized bin, 
and assigning positive evidence only to states associated with above-reference dynamic 
load. This allows calendar-like and state-like variables to contribute without assuming a 
linear numerical scale. 

For each family, the selected evidence features are organized into a mechanism struc-
ture. Gate features indicate when the family is active. Intensity features describe the pri-
mary magnitude-related evidence. Modulators adjust the strength of the evidence under 
contextual or cyclic conditions. Local helpers incorporate time-local support when the 
family-target relation is stronger in specific windows. Families are also assigned coarse 
mechanism types, such as gated, continuous, cyclical, or regime-based, according to their 
primary relation evidence. These mechanism types guide later allocation behavior, espe-
cially in the event-background separation step. A fallback feature is retained when no 
complete role structure can be formed. The family confidence score 𝛾௞ summarizes the 
strength of the selected target-facing evidence and the available local support. 
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The resulting family evidence signal is defined as E୩,୲ = G୩,୲ ⋅ I୩,୲ ⋅ Mo୩,୲ ⋅ L୩,୲ ⋅ γ୩  (5)

where 𝐺௞,௧ is the gate component, 𝐼௞,௧ is the intensity component, 𝑀𝑜௞,௧ is the modula-
tion factor, 𝐿௞,௧ is the locality factor, and 𝛾௞ is the family confidence score. If no gate is 
available, the gate defaults to one, meaning that the family is not restricted to specific 
activation periods. If no locality information is available, the locality factor defaults to one. 
Modulation and locality are bounded to prevent excessive amplification. All evidence sig-
nals are constrained to be non-negative, so they represent support for allocating dynamic 
load rather than signed prediction error. 

The output of this stage is a set of target-facing feature summaries, family relevance 
summaries, family mechanism descriptions, and one evidence time series per selected 
family. These evidence signals are not final load contributions. They represent relation-
supported claims on the dynamic load and are passed to the subsequent validity, explain-
ability, and allocation stages. 

3.4. Validity, Explainability, and Conservative Allocation 

The family evidence signals indicate where each family has relation-supported 
claims on the dynamic load, but the presence of evidence alone is not sufficient for alloca-
tion. The pipeline evaluates the validity of each family claim and determines how much 
of the dynamic load is explainable before distributing load across families. This distinction 
is central to the conservative design of the method, because it prevents weak, inactive, or 
locally inconsistent evidence from receiving unsupported load assignments. 

For each family, a time-varying validity score is computed from the available mech-
anism components. Gate activity indicates whether the family is active under a relation-
supported condition, while locality support indicates whether the family-target relation 
is stronger in the corresponding time window. These components are combined into an 
average support term rather than multiplied, so that one weak component does not fully 
suppress a family when other evidence remains plausible. The support term is modulated 
by the family confidence score derived during mechanism construction. The resulting va-
lidity score is defined as V୩,୲ = max൫V୫୧୬, P̄୩,୲ ⋅ max൫γ୩஛, V୫୧୬൯൯ ,  (6)

where 𝑉௞,௧ is the validity of family 𝑘 at time 𝑡, 𝑃̄௞,௧ is the average of the available gate 
and locality support components, 𝛾௞  is the family confidence score, 𝜆  controls the 
strength of the confidence effect, and 𝑉୫୧୬ is the validity floor. This formulation applies 
confidence as a soft adjustment rather than a hard exclusion rule. 

The pipeline estimates how much relation-supported evidence is available at each 
time step. Family evidence signals are weighted by their validity scores and summed 
across all families: Z୲ = ෍E୩,୲୏

୩ୀଵ V୩,୲,  (7)

where 𝐸௞,௧ is the relation-aware evidence signal of family 𝑘. The summed support 𝑍௧ is 
transformed into a bounded explainability score, S୲ = Z୲Z୲ + c  (8)

where 𝑐 is a scale parameter estimated from a high quantile of the positive support val-
ues. This transformation ensures that explainability increases smoothly with available ev-
idence while remaining bounded between zero and one. 
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The explainability score determines the amount of dynamic load that is eligible for 
allocation. Let 𝐷௧ be the dynamic load above the baseline. The explainable magnitude is 
defined as M୲ = η(0.15+0.85S୲)D୲  (9)

where 𝜂  is a configurable cap on the maximum explainable fraction. The small lower 
term prevents the explainable magnitude from collapsing abruptly to zero in periods with 
weak but non-zero evidence, while the cap ensures that the method does not force all 
dynamic load into the observed families. 

After 𝑀௧ has been defined, allocation is performed only over the explainable portion 
of the dynamic load. For each family, a non-negative allocation weight is computed as We୩,୲ = E୩,୲୮ుV୩,୲୮౒Ma୩,୲  (10)

where 𝑝ா and 𝑝௏ control the influence of evidence and validity, and Ma୩,୲ is a mecha-
nism-aware allocation boost. If total active weight is below a minimum threshold at a 
given time step, no family allocation is made for that step. All weights are clipped to be 
non-negative. 

To identify cases where one family clearly dominates the available evidence, domi-
nance is computed as Dom୲ = max ୩ We୩,୲∑ W୨ e୨,୲ + ϵ .  (11)

If 𝐷𝑜𝑚௧ exceeds a predefined threshold, the winning family receives a large fixed 
fraction of the allocation share, while the remaining share is distributed among other ac-
tive families in proportion to their weights. 

The allocation share of each family is obtained through normalized weighting: As୩,୲ = We୩,୲த෍ We୨,୲த୨ + ϵ ,  (12)

where 𝐴𝑠௞,௧ is the allocation share and 𝜏 controls the sharpness of the allocation. 
The family contribution is obtained by multiplying the allocation share by the ex-

plainable magnitude: C୩,୲ = As୩,୲M୲.  (13)

Because 𝑀௧ is bounded by the explainability-control stage, the sum of family contri-
butions cannot exceed the amount of dynamic load judged explainable from the available 
evidence. Families compete only for the explainable magnitude, not for the full observed 
load. 

The unexplained dynamic load is computed as the part of the dynamic load that is 
not included in the explainable magnitude: U୲ = max(0, D୲ − M୲) .  (14)

The final residual is evaluated relative to the original target signal after combining 
the baseline, family contributions, and unexplained dynamic load. Negative residuals are 
clipped to preserve the non-negative decomposition semantics. This allocation design 
produces three distinct outputs: evidence-supported family contributions, unexplained 
dynamic load, and residual mismatch. The separation prevents forced completeness and 
preserves the diagnostic value of unresolved demand. 

3.5. Event-Background Separation 

The conservative allocation stage controls how much dynamic load may be attributed 
to feature families, but it does not by itself distinguish smooth background variation from 
short event-like peaks. The pipeline applies an event-background separation step to 
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improve the handling of dominant transient load events. This is particularly relevant 
when short, high-magnitude events could otherwise be diluted across continuous families 
or absorbed by smoother background allocation. 

The event-background separation is applied to the dynamic load 𝐷௧. A smooth dy-
namic-load background is estimated using a centered rolling quantile: Y୲ୠ୥ = Q୯(Dத: τ ∈ W୲),  (15)

where 𝑊௧ is a rolling time window and 𝑄௤ is a configurable quantile. The resulting back-
ground estimate is clipped to remain non-negative, and boundary values are filled to ob-
tain a complete time series. The event-like component is defined as the positive deviation 
above this background: Y୲ୣ ୴ୣ୬୲ = max൫0, D୲ − Y୲ୠ୥൯ .  (16)

This formulation treats events as local increases above the smooth dynamic-load 
background rather than as all load above the original baseline. The event component cap-
tures sharper deviations, while the smoother part of the dynamic load remains available 
for ordinary background allocation. 

Event responsibility is computed separately for each family. The responsibility score 
combines gate activity, relation-aware evidence, locality support, and family confidence. 
Gated families receive stronger event responsibility when they are active under a relation-
supported condition and have corresponding evidence at the same time step. Continuous 
or regime-based families may receive reduced event responsibility, depending on the con-
figuration, so that event-like load is preferentially assigned to families with event-com-
patible evidence. The event responsibility of family 𝑘 is defined as R୩,୲ୣ୴ୣ୬୲ = A୩,୲ ⋅ Co୩,୲ ⋅ (1 + λγ୩),  (17)

where 𝐴௞,௧ is event-active support derived from the gate and evidence signals, 𝐶𝑜௞,௧ is 
an event compatibility term based on gate, evidence, and locality support, 𝛾௞ is the family 
confidence score, and 𝜆 controls the influence of confidence. Very small responsibility 
values are suppressed to avoid numerical noise. 

The event contribution of family 𝑘 is obtained by normalizing family event respon-
sibilities across all active families: C୩,୲ୣ୴ୣ୬୲ = Y୲ୣ ୴ୣ୬୲ ൫R୩,୲ୣ୴ୣ୬୲൯ஒ෍ ൫R୨,୲ୣ୴ୣ୬୲൯ஒ୨ + ϵ ,  (18)

where 𝛽 controls the sharpness of event allocation and 𝜖 prevents division by zero. If no 
family has event responsibility at a given time step, no event load is assigned. 

The event contribution is combined with the background family contribution ob-
tained from the ordinary allocation stage: C୩,୲ = C୩,୲ୠ୥ + C୩,୲ୣ୴ୣ୬୲.  (19)

After the background and event components are combined, the row-wise sum of all 
family contributions is capped by the explainable magnitude 𝑀௧. If the combined alloca-
tion exceeds 𝑀௧, all family contributions are scaled down proportionally. This preserves 
the conservative allocation constraint while allowing event-compatible families to capture 
short, dominant peaks more specifically. 

3.6. Role-Based Attribution and Outputs 

After family-level contributions have been estimated, the pipeline decomposes each 
family contribution into feature-level outputs. This within-family attribution step does not 
change the amount of load assigned to each family. Instead, it improves interpretability 
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by distributing family contributions across the features that define each family mecha-
nism. 

The attribution uses the mechanism roles introduced in Table 4. For each family, fea-
tures may be assigned to gate, intensity, modulator, local helper, or fallback roles. Gate 
features identify activation conditions, intensity features describe the main magnitude-
related evidence, modulators adjust the response under contextual or cyclic conditions, 
and local helpers provide time-local support. A fallback feature is used only when no 
complete role-based structure is available. 

Each role receives a predefined budget share of the family contribution. In the imple-
mented configuration, most of the contribution is assigned to the intensity role, while 
smaller shares are assigned to gates, modulators, and local helpers. If a family lacks fea-
tures for a given role, that role’s budget is redistributed across the available roles, primar-
ily to the intensity role when present. Let 𝐶௞,௧ denote the contribution of family 𝑘 at time 𝑡. The role-level contribution is defined as C୩,୰,୲ = ρ୩,୰,୲C୩,୲,  (20)

where 𝑟 denotes the role and 𝜌௞,௥,௧ is the normalized budget assigned to that role. 
Within each role, the role contribution is distributed dynamically across the features 

assigned to that role. The feature share depends on two terms: the feature’s time-varying 
role activity and its target-importance score. Gate activity is obtained from the family gate 
component when available. Intensity, modulator, and local helper activity are computed 
from the corresponding relation-native feature signal and normalized to the interval [0,1]. 
For feature 𝑖 assigned to role 𝑟 in family 𝑘, the within-role weight is We୧,୰,୲ = A୧,୰,୲୮౨ (I୧+ϵ)୮౅ ,  (21)

where 𝐴௜,௥,௧ is the role-specific activity of the feature, 𝐼௜ is its target-importance score, 𝑝௥ 
controls the activity sharpness for the role, 𝑝ூ controls the influence of target importance, 
and 𝜖 prevents zero weights. The within-role feature share is obtained by normalizing 
these weights across all features assigned to the same role: Rs୧,୰,୲ = We୧,୰,୲෍ We୨,୰,୲୨∈୰ + ϵ .  (22)

If all weights within a role are zero at a given time step, the method falls back to a 
uniform split among the features assigned to that role. The final feature-level contribution 
is computed as F୧,୲ = ෍C୩,୲୩,୰ ρ୩,୰,୲Rs୧,୰,୲.  (23)

This formulation preserves the family-level energy balance while providing feature-
level attribution consistent with the mechanism structure used during allocation. The 
summation allows a feature to receive contributions through more than one family or role 
when such overlap exists. Gate features are credited for activation conditions, intensity 
features receive the main magnitude-related share, and modulator or local helper features 
receive contributions according to their contextual role. The pipeline stores diagnostic out-
puts, including role-budget shares and the mean, maximum, and active fraction of each 
feature’s within-role share. These outputs support inspection of whether a family contri-
bution is dominated by one feature, distributed across several mechanism components, 
or driven mainly by fallback behavior. 

The final pipeline outputs are the baseline load, dynamic load, family-level contribu-
tions, feature-level attributions, unexplained dynamic load, residual demand, and diag-
nostic summaries for feature types, relations, families, evidence signals, validity scores, 
and role-based attribution. 
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3.7. Computational Complexity and Implementation Characteristics 

Let 𝑛 denote the number of timestamps, 𝑝 the number of original variables entering 
pairwise relation discovery, 𝑞 the number of variables after local-context augmentation, 𝑤  the number of local temporal windows, ℎ  the average number of observations per 
window, 𝑟 the number of relation layers, 𝑝௥ the number of features retained after target-
centric pruning, 𝑓 the number of feature families, 𝑚 the number of retained relation rec-
ords, and ethe number of retained graph edges. 

Relation discovery evaluates 𝑝(𝑝 − 1) = 𝑂(𝑝ଶ)  ordered variable pairs. For an 
aligned pair containing s observations, the tested mechanisms include rank-based asso-
ciation, lag scanning, threshold and band searches, and regime-dependent relations. A 
conservative per-pair bound is C(s) = O(slog s + (l+g୲+gୠଶ+g୰)s)  (24)

where 𝑙 is the maximum tested lag and 𝑔௧, 𝑔௕, and 𝑔௥ are the fixed threshold, band, and 
regime-search grid sizes. The global and local relation-discovery stage requires O(pଶ[C(n) + w(n + C(h))])  (25)

The additional 𝑤𝑛 term reflects the current implementation, in which local windows 
are extracted through repeated scans of the complete timestamp index. With fixed-dura-
tion sliding windows, the number of windows increases with the observation period, giv-
ing a conservative implementation-level upper bound of: O(pଶnଶ)  (26)

Precomputing and reusing window boundaries would reduce this overhead and 
bring the relation-scoring stage closer to: O(pଶ n log n)  (27)

for fixed relation grids and lag limits. 
Graph construction processes the compact relation table across r relation layers. Con-

sensus construction examines retained feature pairs across the layers and requires O(rp୰ଶ)  (28)

time and O(p୰ଶ)  (29)

memory in the current dense implementation. Evidence construction, validity and ex-
plainability control, event allocation, family allocation, and within-family attribution op-
erate over timestamp by family or timestamp by feature matrices. Since 𝑓 ≤ 𝑝௥ , these 
stages require approximately O(np୰)  (30)

time and space. 
For the compact-output configuration used in the experiments, the overall space re-

quirement can be summarized as O(n(q + p୰) + pଶr + p୰ଶ + e)  (31)

This is a theoretical space bound because peak memory was not instrumented in the 
runtime experiment. The current implementation is batch-based and does not provide 
streaming or incremental updates. Global relations, local-window summaries, relation 
thresholds, graph layers, consensus communities, and allocation matrices are recomputed 
for each supplied dataset. 
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All computational analyses were implemented in custom Python code and executed 
using Python 3.10.11 (Python Software Foundation, Wilmington, DE, USA) in a notebook-
based environment through Visual Studio Code 1.120. Data handling, numerical compu-
tation, statistical evaluation, machine-learning utilities, and visualization used NumPy 
2.0.2, pandas 2.2.3, SciPy 1.15.1, scikit-learn 1.6.1, XGBoost 3.2.0, Matplotlib 3.10.0, IPython 
8.32.0, and Permetrics 2.0.0. The custom implementation was used for feature typing, re-
lation discovery, feature-family construction, evidence modeling, attribution, ablation 
analysis, sensitivity analysis, diagnostic analysis, Bayesian thermal comparison, and 
runtime analysis. 

4. Experimental Setup 
4.1. Dataset Origin and Case Context 

The experimental evaluation uses an electric-vehicle charging dataset derived from 
a multi-agent simulation of decentralized EV home-charging strategies [7]. The original 
simulation model was developed for a Danish residential distribution-grid case in Strib, 
Denmark, serving 126 residential consumers, and evaluates how EV adoption and decen-
tralized charging strategies affect future distribution-grid loading at hourly resolution. 
The detailed assumptions of the underlying simulation, including the distribution-grid 
scenario design and EV charging strategy, are provided in the original source [7]. The 
present study does not modify or recalibrate that simulation model. Instead, it uses one 
resulting household-level hourly time series as an evaluation dataset for the proposed 
attribution pipeline. 

The unit of analysis in the present evaluation is a single household-level aggregate-
load signal. The method attributes the selected target signal to the driver information rep-
resented in the available feature set; it is not designed to separate the consumption of 
individual households from a combined feeder signal unless household-specific driver 
information is included in the input data. 

The primary EV case uses a simulated two-year analysis horizon from January 2025 
to December 2026 at hourly resolution. These calendar dates are assigned timestamps 
within the simulation scenario and should not be interpreted as historical measurements 
collected during those calendar years. The year labels do not introduce year-specific real-
world information; they only provide a chronological index from which calendar features 
such as month, day, hour, day of week, and weekend status can be derived. No supervised 
train/test split is used, because the proposed method is applied as an unsupervised attrib-
ution procedure rather than as a predictive model trained on component labels. 

The single simulated household-level case provides a structurally rich test environ-
ment because the aggregate signal contains overlapping event-driven, weather-sensitive, 
schedule-related, and market-responsive behavior together with known post hoc compo-
nent signals. This makes the case suitable for evaluating whether the proposed pipeline 
can identify heterogeneous dependency structures under partial observability. 

The dataset contains an aggregate household-level load signal together with tem-
poral, environmental, market-related, and operational contextual variables. The target 
variable is Total Load [kW]. In the simulation dataset, this aggregate load is composed of 
Base/inflexible load [kW], EV Charging Load [kW], and HP Heating Load [kW]. These 
component signals are not used as model inputs and are retained only as post hoc refer-
ence signals. The dataset’s Base/inflexible load [kW] component should be distinguished 
from the analytical baseline term used in the MD-ADD formulation. 

In addition to the primary simulated EV case, measured-data validation was con-
ducted using nine commercial and public buildings from the ADRENALIN project. The 
ADRENALIN dataset was selected as the measured validation dataset because it is di-
rectly aligned with the low-frequency, partial-observability, and contextual-attribution 
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setting considered in this study. It was developed for low-frequency temperature-depend-
ent load disaggregation and combines aggregate energy measurements, weather varia-
bles, and validated temperature-dependent reference loads. The dataset origin, building 
selection, preparation, and validation procedures are documented in detail in [50]. 

4.2. Dataset Variables and Preprocessing 

The primary EV dataset contains hourly timestamp and calendar variables, load var-
iables, market variables, and weather-related contextual variables. For the simulated Jan-
uary 2025 to December 2026 analysis horizon, the full hourly period corresponds to 17,520 
time steps before any removal caused by preprocessing. The timestamp column is parsed 
as a datetime index, after which the data are sorted chronologically. Duplicate timestamps 
are checked, and when duplicates are present, the first occurrence is retained. The target 
column is converted to numeric format, and rows with missing target values are removed. 

For the primary EV case, the three known component load columns are separated 
from the dataset and stored for evaluation before the pipeline is applied. The pipeline 
input excludes Base/inflexible load [kW], EV Charging Load [kW], and HP Heating Load 
[kW]. The remaining input contains the aggregate target load and contextual variables, 
including calendar variables, indoor temperature, spot price, CO2 emission intensity, sun-
shine duration, outdoor air temperature, humidity, wind speed, precipitation duration, 
precipitation amount, and solar irradiance. This setup evaluates the method under partial 
observability because the algorithm receives the aggregate load and contextual drivers, 
while component loads are introduced only after decomposition for post hoc alignment 
analysis. 

The additional ADRENALIN analysis uses hourly data from the nine retained build-
ings. For each building, aggregate load is used as the pipeline target, while the measured 
temperature-dependent load is excluded from the input and retained only for post hoc 
evaluation. Two feature sets are evaluated. The restricted feature set contains outdoor air 
temperature and hour of day. The full feature set contains all available meteorological and 
calendar variables, including outdoor air temperature, relative humidity, direct and dif-
fuse solar radiation, wind speed, wind direction, year, month, day, hour of day, day of 
week, and a weekend indicator. The prepared building datasets are used without intro-
ducing additional component labels or end-use reference signals. Detailed descriptions of 
the energy-meter processing, weather-data alignment, quality control, and temperature-
dependent submeter validation are provided in [50]. 

4.3. Feature Analysis and Family Construction Setup 

The first stage applies automatic feature typing to the pipeline input data. Each var-
iable is assigned a final semantic type and confidence score, which are used to guide rela-
tion discovery. Local-context augmented features are generated using rolling windows of 
6, 24, and 72 time steps. These augmented variables are used to identify target-facing re-
lationships that may not be visible in the raw feature values. 

Pairwise relation discovery is performed using ordered feature pairs with a mini-
mum overlap requirement of 200 observations. Activation relationships are scored using 
the log-risk ratio formulation, and lagged relationships are searched up to 48 time steps. 
Both global relations and rolling-window summaries are computed. The compact relation 
table is used for feature-family construction. 

Feature families are constructed through the multi-layer relation graph procedure 
described in Section 3.2. Dynamic relation thresholds are computed from the observed 
score distributions using the 80th percentile of global relation scores, with relation-specific 
minimum floors. Greedy modularity clustering is applied within relation layers, and a 
consensus grouping is constructed using a minimum agreement threshold of 0.5. The 
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target load is excluded from grouping, and augmented features are excluded from the 
family-construction step so that families are formed from original interpretable variables. 

After an initial target-centric analysis, features with an overall target importance be-
low 0.20 are removed. This threshold defines the retained target-facing feature set used in 
the reported pipeline configuration, reducing the influence of weakly target-facing varia-
bles before the feature-family construction and MD-ADD allocation stages are repeated. 
The augmented target-facing relation analysis is merged back into the retained original 
feature summary so that each retained feature can use either its raw representation or its 
strongest augmented representation during evidence construction. 

4.4. MD-ADD Configuration 

For the primary EV case, the MD-ADD pipeline is applied to the augmented input 
data using Total Load [kW] as the target. In the reported EV experiment, the baseline 
mode is set to ‘none’, meaning that the decomposition is performed directly on the aggre-
gate target load without subtracting an estimated analytical baseline. This choice reflects 
the distinction between the dataset’s Base/inflexible load [kW] component and the MD-
ADD baseline term. The former is a simulated component of the total load, while the latter 
is an optional baseline estimate derived from the aggregate target signal. A baseline-mode 
check showed that the constant-minimum baseline was only 0.02 kW and produced nearly 
identical EV alignment to the no-baseline configuration, with EV correlation changing 
from 0.990 to 0.991 and EV NMAE from 0.100 to 0.101. A rolling-quantile baseline was not 
used because it absorbed 17.6% of the target energy into a local baseline component, 
thereby changing the attribution objective. The main configuration parameters used in the 
reported experiment are summarized in Table 5. The pipeline settings are retained across 
datasets. Within each dataset, the restricted and full runs differ only in the supplied fea-
ture set. The following paragraphs highlight the settings most relevant to interpretation. 

Table 5. Main configuration parameters used in the reported experiments. 

Component Parameter Value 
Feature filtering target-importance threshold 0.20 

Relation discovery minimum overlap 200 
Relation discovery lag search maximum 48 time steps 
Relation thresholds threshold quantile 80th percentile 

Family grouping consensus agreement thresh-
old 

0.5 

Baseline baseline mode none 
Explainability explainability cap 0.95 

Validity family-validity floor 0.10 
Allocation evidence power 1 
Allocation validity power 1 
Allocation dominance threshold 0.85 
Allocation winner fraction 0.95 

Event-background rolling window 24 time steps 
Event-background rolling quantile 0.20 

Event allocation eligible families gated families only 

Role-based within-family attribution is enabled. The configured role budgets assign 
the largest share to intensity features, followed by modulators, while gate and local helper 
features receive smaller shares. Family validity and explainability control are enabled, 
with an explainability cap of 0.95 and a family-validity floor of 0.10. The allocation stage 
uses evidence and validity powers equal to one, a dominance threshold of 0.85, and a 
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winner fraction of 0.95 for cases where one family clearly dominates the allocation evi-
dence. 

The event-background decomposition is enabled to handle sharp EV-related load 
peaks. The background component is estimated using a 24-step rolling window and a 0.20 
quantile. Event responsibility is restricted to gated families, so event-like load is preferen-
tially assigned to families with explicit activation evidence. The allocation excludes Year 
from relation-based allocation and penalizes calendar features to reduce the risk that 
broad calendar structure absorbs load that should be attributed to more specific drivers. 

The reported values define an interpretable reference configuration rather than a 
globally optimized parameter set. The minimum overlap of 200 observations provides a 
support requirement for relation testing, while the maximum lag of 48 h covers delayed 
responses over a two-day period at hourly resolution. The 80th-percentile relation thresh-
old retains stronger relation evidence, and the consensus agreement of 0.50 requires sup-
port across at least half of the available relation layers. Evidence and validity powers of 
one preserve proportional weighting without additional nonlinear amplification. The va-
lidity floor of 0.10 prevents weak but plausible evidence from being eliminated com-
pletely, while the explainability cap of 0.95 preserves an allowance for unsupported vari-
ation. The dominance threshold of 0.85 and winner fraction of 0.95 restrict near-exclusive 
allocation to cases with clearly dominant family evidence. The 24 h event window repre-
sents a daily operating cycle, and the 0.20 quantile defines a lower local background 
against which event-like deviations are identified. The local sensitivity of these settings 
was evaluated through one-factor-at-a-time variation around the reported configuration. 

4.5. Evaluation Protocol 

The evaluation compares the estimated MD-ADD outputs with the known reference 
component load signals that were excluded from the pipeline input. Family-level outputs 
are compared against Base/inflexible load [kW], EV Charging Load [kW], and HP Heating 
Load [kW]. For each estimated family and each reference component, Pearson correlation, 
mean absolute error, root mean squared error, and normalized mean absolute error are 
computed. Normalized mean absolute error is computed as NMAE = ∑ ∣୲ y୲ − yො୲ ∣∑ ∣୲ y୲ ∣ +ϵ  (32)

where 𝑦௧ is the reference component, 𝑦ො௧ is the estimated family, feature, or proxy signal, 
and 𝜖 is a small numerical constant. Correlation and NMAE provide complementary in-
formation: correlation describes temporal co-variation, while NMAE describes the mag-
nitude of the absolute error relative to the reference-component energy. 

For post hoc component-alignment analysis, the best matching family for each refer-
ence component in the primary EV case is identified based on the highest correlation. In 
the additional ADRENALIN validation, the reported output is instead selected without 
reference-load information as the feature family containing outdoor air temperature. Pear-
son correlation and NMAE are calculated between this family contribution and the meas-
ured temperature-dependent load, and the per-building results are summarized using the 
median across the nine buildings. 

The evaluation is designed as a post hoc alignment analysis rather than a supervised 
component-reconstruction experiment. The model input consists only of the aggregate 
load and the observed contextual or operational features. Reference component signals 
are excluded from feature typing, relation discovery, grouping, evidence construction, 
and allocation, and are introduced only after decomposition to assess alignment with 
known physical load components. The reported correlation and error metrics are external 
alignment measures rather than losses optimized during model construction. 
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Post hoc alignment with a reference component indicates that an inferred contribu-
tion follows a similar temporal and magnitude structure. It does not establish causal in-
fluence or validate every feature within the corresponding family as a physical driver. 

For comparison, Bayesian Disaggregation is included as a task-aligned thermal-load 
baseline in two settings [51]. On the primary EV dataset, an adapted Bayesian thermal-
disaggregation run was performed using aggregate load and outdoor air temperature as 
inputs and was evaluated against the withheld HP Heating Load reference. It was not 
evaluated against the EV charging reference because the Bayesian formulation estimates 
a predefined temperature-dependent thermal component rather than an EV charging 
component. The same limitation applies to the base/inflexible reference. For the meas-
ured-building validation, the previously published Bayesian Disaggregation results for 
the same nine ADRENALIN buildings are also included [14]. Bayesian Disaggregation is 
an unsupervised probabilistic method that estimates a predefined temperature-depend-
ent component from aggregate load and outdoor temperature. The configuration without 
separate weekend treatment is used for the ADRENALIN comparison, and the compari-
sons are based on NMAE, which is reported for both methods. 

A direct EV-specific NILM baseline was not included because the primary EV case is 
not a standard appliance-level EV NILM benchmark, and EV-specific NILM methods typ-
ically target predefined EV detection or EV-load reconstruction rather than component-
agnostic multi-driver attribution under partial observability. 

To quantify the progression from the earlier MD-ADD formulation, an adapted im-
plementation was applied to the primary EV dataset. The earlier formulation used prede-
fined driver groups consisting of price-derived variables for EV-related attribution, out-
door-temperature and heating-degree-day variables for heating-related attribution, and 
calendar variables as a separate group. No analytical baseline was applied. Contributions 
were estimated using five-fold forward-chaining evaluation and out-of-fold XGBoost at-
tribution. The present pipeline used the blindly selected EV- and temperature-associated 
feature families. Both methods were evaluated over the same 17,517 aligned hourly ob-
servations using the correlation and NMAE definitions introduced above. This experi-
ment adapts the earlier formulation to the EV case rather than reproducing its original 
building-data evaluation. 

A feature-level comparison is performed when feature-level outputs are available. 
The same metrics are computed between each feature-level contribution and each refer-
ence component. These comparisons do not imply that the method was trained using the 
reference components. They are used only to assess whether the unsupervised family and 
feature contributions align with the known simulated load structure. 

The ablation analysis evaluates selected pipeline components using the same input 
data, target signal, timestamps, post hoc family-selection procedure, and evaluation met-
rics as the full configuration. The tested variants disable event-background separation, 
local-context augmentation, the conservative residual cap, validity control, or feature-
family grouping. A further variant restricts relation discovery to linear or monotonic cor-
relation-based relations. Two additional reduced-mechanism configurations use only 
global relations or exclude activation and threshold mechanisms. All remaining pipeline 
settings are kept unchanged so that differences reflect the modified component or relation 
representation. 

Parameter sensitivity was evaluated using a one-factor-at-a-time procedure in which 
one setting was varied while all remaining settings were fixed at the reported values. In 
addition to the target-importance and relation-threshold analyses, the tested settings were 
consensus agreement values of 0.40, 0.50, and 0.60; explainability caps of 0.85, 0.95, and 
1.00; validity floors of 0.05, 0.10, and 0.20; dominance thresholds of 0.75, 0.85, and 0.95; 
winner fractions of 0.85, 0.95, and 1.00; evidence and validity powers of 0.5, 1.0, and 2.0; 
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event windows of 12, 24, and 48 h; event quantiles of 0.10, 0.20, and 0.30; maximum lags 
of 24, 48, and 72 h; and minimum overlap requirements of 100, 200, and 500 observations. 
Each configuration was evaluated using the same dataset, reference components, family-
selection procedure, and evaluation metrics as the reported configuration. 

Input-perturbation and temporal-resolution sensitivity were evaluated using the 
same post hoc component-alignment procedure as the reported EV experiment. Three in-
put-perturbation conditions were tested: 5% zero-mean Gaussian perturbation of the ag-
gregate target load, 5% zero-mean Gaussian perturbation of continuous contextual fea-
tures, and random removal of 10% of continuous contextual observations. Each perturba-
tion condition was evaluated with three random seeds. Calendar variables, timestamps, 
and withheld reference component loads were not perturbed. Temporal-resolution sensi-
tivity was evaluated by resampling the primary EV dataset to 2 h, 4 h, and 6 h resolution. 
Power and continuous contextual variables were resampled using their mean, while cal-
endar variables were reconstructed from the resampled timestamps. The same family-se-
lection procedure, reference components, and evaluation metrics were used across all con-
ditions. These tests are interpreted as input-sensitivity checks rather than calibrated phys-
ical sensor-noise models. 

Additional diagnostic checks were conducted to examine why the heat-pump and 
base/inflexible reference components were less successfully recovered than the EV refer-
ence component. These checks summarize component magnitude, activity frequency, 
masking of heat-pump temperature relationships in the aggregate target, base-load dis-
tinctiveness relative to the available contextual variables, and a preliminary hierarchical 
second-pass recovery test. The diagnostics are used only to interpret failure modes and 
possible improvement directions; they are not introduced as an additional optimized dis-
aggregation configuration. 

In addition to numerical metrics, the experiment produces time-series diagnostics for 
visual inspection, including reconstruction plots, stacked family decompositions, individ-
ual family contributions, and temporal comparisons between selected family outputs and 
reference components. These plots are used to evaluate whether the decomposition is tem-
porally plausible and whether dominant load components are captured consistently in 
the selected temporal diagnostics. 

4.6. Computational Runtime and Scaling Protocol 

Computational runtime was evaluated using three executions of the primary EV da-
taset. The reference case used all 17,517 available timestamps and all 14 contextual input 
features. The timestamp-scaling case used the first 50% of the observations while retaining 
all contextual features. The feature-scaling case used the complete observation period and 
a fixed 50% subset of the contextual features. The resulting configurations contained 210, 
210, and 56 candidate ordered variable pairs, respectively. 

The algorithm and configuration parameters were unchanged between cases. Each 
run recorded the total pipeline runtime and the runtime of the main processing stages. 
Execution was sequential, optional visualization generation was excluded from the tim-
ings, and no memory profiler was used. The reduced cases are empirical scaling checks 
intended to identify computational bottlenecks rather than accuracy-optimized experi-
mental configurations. 

5. Results 
5.1. Feature Families and Target-Relevant Evidence 

The multi-layer relation grouping procedure produced a compact set of feature fam-
ilies from the retained contextual and operational variables. Figure 2 shows the resulting 
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consensus feature-family graph. The graph indicates that the selected features form dis-
tinct relation-supported groups rather than a single undifferentiated feature set. Strongly 
connected features correspond to variables that are repeatedly co-assigned across relation 
layers, while weakly connected or isolated features remain separated. 

 

Figure 2. Consensus feature-family graph derived from the multi-layer relation grouping proce-
dure. 

The stability of the grouping is further illustrated by the consensus co-assignment 
matrix in Figure 3. High values along the block-diagonal regions indicate that features 
within the same family are consistently grouped together across relation layers. Low off-
diagonal values indicate limited cross-family ambiguity, suggesting that the final family 
structure is not dominated by one relation type alone. 
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Figure 3. Consensus co-assignment matrix showing the fraction of relation layers in which each pair 
of features is assigned to the same family. 

The final family composition is summarized in Table 6. Three families are retained. 
Family 0 contains sunshine duration, spot price, and solar radiation, with sunshine dura-
tion selected as the representative feature. Family 1 contains indoor and outdoor air tem-
perature variables, with indoor temperature selected as the representative feature. Family 
2 contains CO2 emission intensity as a singleton family. These groups provide the driver 
structures used in the subsequent target-relevance and attribution stages. 

Table 6. Consensus feature-family membership with representative features and internal connec-
tivity statistics. 

Family 
id Feature 

Representative 
Feature 

Representative 
Score 

Number of 
Links in Fam-

ily 

Mean Weight in 
Family 

Max Weight in 
Family 

0 sun-
shine_mins 

sunshine_mins 6.700 12 0.558 1.00 

0 Spot Price 
[DKK/kWh] 

sunshine_mins 1.285 5 0.257 0.84 
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0 solar_radiance sunshine_mins 6.305 15 0.420 1.00 

1 
Indoor Tem-
perature [C] 

Indoor Tempera-
ture [C] 3.927 9 0.436 0.733 

1 airtemp_c 
Indoor Tempera-

ture [C] 3.922 9 0.436 0.733 

2 
CO2 Emission 

[g/kWh] 
CO2 Emission 

[g/kWh] 0 0 0 0 

The target-centric relevance analysis evaluates how strongly each family relates to 
the aggregate load. The family-level summary in Table 7 shows that target relevance is 
unevenly distributed across the retained families. Family 0 has the highest maximum tar-
get importance, with solar radiation as the strongest target-facing feature. Family 2 has 
moderate target relevance through CO2 emission intensity, while Family 1 shows slightly 
lower but still retained relevance through the temperature variables. 

Table 7. Family-level target relevance summary, including representative features and importance 
statistics. 

Family 
id 

Representative 
Feature 

Family 
Size 

Best Feature in 
Family 

Best Feature 
Score 

Mean Family Im-
portance 

Max Family Im-
portance 

0 sunshine_mins 3 solar_radiance 0.311 0.259 0.311 

2 
CO2 Emission 

[g/kWh] 1 
CO2 Emission 

[g/kWh] 0.253 0.253 0.253 

1 
Indoor Tempera-

ture [C] 2 
Indoor Tempera-

ture [C] 0.225 0.224 0.225 

At the feature level, Table 8 shows the effect of local-context augmented representa-
tions. Several transformed features obtain higher target-facing importance than their orig-
inal forms, including spot price, indoor temperature, outdoor air temperature, and sun-
shine duration. The final target-facing importance used by the disaggregation model is 
defined as the stronger available representation, which allows the attribution stage to use 
either the raw feature or its most informative augmented form. This step ensures that tar-
get-relevant local structure is retained without allowing augmented features to dominate 
the earlier family-construction stage. 

Table 8. Target-feature summary including original and augmented importance and preferred tar-
get-facing representations. 

Feature Family id Overall Target Importance Original Overall Target Importance Augmented 
solar_radiance 0 0.311181 0.316842 

CO2 Emission [g/kWh] 2 0.253319 0.24574 
Spot Price [DKK/kWh] 0 0.245067 0.313284 

Indoor Temperature [C] 1 0.225072 0.291161 
airtemp_c 1 0.222717 0.270425 

sunshine_mins 0 0.221063 0.230131 

5.2. Family-Level and Feature-Level Attribution 

The MD-ADD decomposition assigns part of the aggregate load to the identified fea-
ture families while preserving a residual or unexplained component. The method explains 
82.5% of the total load through the identified families, while 17.5% remains as residual or 
unexplained load. The distribution of target-load contributions across families is shown 
in Table 9. The largest share is assigned to Family 0, followed by Family 1 and Family 2. 
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The selected target-facing evidence signals for these families are a low-rank electricity-
price representation, outdoor air temperature, and CO2 emission intensity, respectively. 
These features should be interpreted as relation-derived evidence signals rather than di-
rect physical measurements of individual loads. 

Table 9. Family-level contribution shares and associated statistics. 

Family Share of Target Selected Feature Selected Relation Selected Importance Mean Valid-
ity 

0 0.665 Spot Price 
[DKK/kWh]__rank_low_24 

threshold_tail 0.491 0.375 

1 0.098 airtemp_c lagged_raw 0.417 0.646 
2 0.062 CO2 Emission [g/kWh] linear_monotone 0.519 0.721 

Temporal behavior of the family-level decomposition is illustrated in Figure 4, which 
shows the stacked family contributions for January 2025. The figure highlights how dif-
ferent families contribute during specific periods, reflecting both broader background var-
iation and event-driven contributions. 

 

Figure 4. Stacked family-level disaggregation for January 2025. 

The attributed reconstruction is shown in Figure 5, where the sum of the baseline and 
relation-supported family contributions is compared with the observed target load. The 
gap between the two curves corresponds to load that was not assigned to feature families, 
including unexplained dynamic variation and any remaining residual mismatch. 

 

Figure 5. Aggregate load and attributed reconstruction for January 2025. 
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The role-based within-family attribution distributes each family-level contribution 
across its constituent features according to assigned roles, activity patterns, and target-
facing relevance. The resulting feature-level contribution shares are summarized in Table 
10. The largest contributions are assigned to the low-rank electricity-price representation, 
sunshine duration, electricity price, and solar radiation, indicating that the final decom-
position is mainly driven by features associated with event timing and contextual modu-
lation. Temperature-related and CO2-related variables receive smaller but visible shares, 
suggesting that smoother environmental drivers contribute to the decomposition without 
dominating the attribution. 

Table 10. Feature-level contribution shares derived from role-based attribution. 

 Share_of_Target 
Spot Price [DKK/kWh]__rank_low_24 0.2160 

sunshine_mins 0.1666 
Spot Price [DKK/kWh] 0.1611 

solar_radiance 0.121 
airtemp_c 0.0786 

CO2 Emission [g/kWh] 0.0609 
Indoor Temperature [C] 0.0147 

Indoor Temperature [C]__rank_low_24 0.0025 
airtemp_c__rank_low_72 0.0025 

Figure 6 shows the temporal evolution of feature-level contributions for January 
2025. The figure highlights how individual features dominate during specific periods, re-
flecting their role in different operating conditions and supporting the interpretation of 
the family-level decomposition. 

 

Figure 6. Feature-level contribution time series for January 2025. 

5.3. Post Hoc Component Alignment 

Although the model operates without direct access to component-level load signals, 
post hoc comparison provides insight into how the estimated family-level contributions 
align with the known simulated reference components. The best matching family for each 
reference component is reported in Table 11. The strongest alignment is observed for EV 
charging load, where Family 0 achieves a correlation of 0.990 and a normalized mean ab-
solute error of 0.100. The heat-pump and base-load components show weaker alignment, 
indicating that the decomposition captures the dominant event-driven EV component 
more clearly than smoother or more continuously overlapping load components. 
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Table 11. Best matching family for each reference component. 

Reference Component Family ID Correlation MAE RMSE NMAE 
Base/inflexible load [kW] 2 0.159 0.099 0.203 0.895 
EV Charging Load [kW] 0 0.990 0.082 0.449 0.100 
HP Heating Load [kW] 1 0.349 0.119 0.193 0.565 

The full comparison across all families is presented in Table 12. The results show that 
the decomposition is strongly dominated by the EV-related structure. Family 0 aligns 
closely with the EV charging reference, whereas the best heat-pump and base-load 
matches remain substantially weaker. The best heat-pump match reaches only moderate 
alignment, while the base-load reference remains weakly aligned with all families. This 
indicates that the present configuration does not recover all simulated components 
equally. Instead, it is most effective for the dominant, temporally localized EV charging 
component, while smoother and lower-magnitude heat-pump and background-load var-
iation remains only partially separated under the available contextual information. 

Table 12. Comparison between family outputs and reference components using correlation and er-
ror metrics. 

Family ID Reference Component Correlation MAE RMSE NMAE 
2 Base/inflexible load [kW] 0.159 0.099 0.203 0.895 
1 Base/inflexible load [kW] 0.111 0.089 0.206 0.799 
0 Base/inflexible load [kW] −0.031 0.834 2.742 7.512 
0 EV Charging Load [kW] 0.990 0.082 0.449 0.100 
1 EV Charging Load [kW] 0.238 0.893 2.938 1.093 
2 EV Charging Load [kW] 0.079 0.870 2.972 1.065 
1 HP Heating Load [kW] 0.349 0.119 0.193 0.565 
2 HP Heating Load [kW] 0.304 0.154 0.220 0.733 
0 HP Heating Load [kW] 0.058 0.918 2.707 4.359 

The temporal comparison between the family most strongly aligned with EV charg-
ing and the reference EV charging load is shown in Figure 7. The estimated family contri-
bution reproduces the timing of the dominant EV charging events with strong consistency 
across January 2025. Most major charging peaks are aligned with the reference signal, alt-
hough small differences in peak magnitude and low-level fluctuations remain. 

 

Figure 7. Hourly comparison between the EV-aligned family contribution and the reference EV 
charging load for January 2025. 

Figures 8 and 9 show the corresponding temporal comparisons for the heat-pump 
and base-load components. The weaker alignment in both cases reflects the lower 



Algorithms 2026, 19, 516 34 of 51 
 

https://doi.org/10.3390/a19070516 

separability of smoother load components under the available feature set. Family 1 cap-
tures some short-term heating-related variation, while Family 2 only partially follows the 
base-load signal. The large isolated spike visible in both estimated families corresponds 
to an EV charging event that was not assigned exclusively to the EV-related family, high-
lighting a remaining allocation ambiguity for individual high-load events. 

 

Figure 8. Hourly comparison between the heat-pump-aligned family contribution and the reference 
heat-pump load. 

 

Figure 9. Hourly comparison between the base-load-aligned family contribution and the reference 
base/inflexible load. 

The post hoc reference comparison shows that one estimated family aligns strongly 
with the event-driven EV charging component at the original temporal resolution. The 
family most closely aligned with the heat-pump component partially represents but un-
derestimates that signal, while no estimated family aligns strongly with the base-load 
component. These results indicate that the proposed relation-aware allocation is most ef-
fective for dominant, temporally localized load components and less effective for 
smoother or lower-magnitude components under the available feature set. 

5.4. Additional Measured-Data Validation and Comparative Evaluation 

The pipeline was additionally evaluated on the nine measured ADRENALIN build-
ings using the restricted and full feature sets defined in Section 4.2. For each building, the 
evaluated output was the feature family containing outdoor air temperature, selected 
without using the measured temperature-dependent reference load. Table 13 presents the 
resulting correlation and NMAE values. 
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Table 13. Alignment of the selected temperature-associated family with the measured temperature-
dependent load in the ADRENALIN buildings. 

Building Restricted Feature Set  Full Feature Set  
 Correlation NMAE Correlation NMAE 

L03.B02 0.548 0.815 0.561 0.751 
L06.B01 0.751 1.143 0.229 0.909 
L09.B01 0.579 0.988 0.597 0.877 
L10.B01 0.664 0.846 0.106 0.995 
L14.B01 0.849 0.554 0.830 0.536 
L14.B02 0.889 0.491 0.864 0.555 
L14.B03 0.846 0.594 0.828 0.576 
L14.B04 0.888 0.515 0.883 0.493 
L14.B05 0.931 0.433 0.928 0.441 
Median 0.846 0.594 0.828 0.576 

A temperature-associated family was retained for all nine buildings under both fea-
ture sets. The restricted feature set produced a median correlation of 0.846 and a median 
NMAE of 0.594. The corresponding values for the full feature set were 0.828 and 0.576. 
The restricted feature set produced the higher correlation in six buildings, while the full 
feature set produced the lower NMAE in five buildings. The selected temperature-associ-
ated family was also the family with the highest post hoc correlation to the measured 
reference in all nine restricted feature-set runs and in six of the nine full feature-set runs. 

Table 14 compares the median NMAE of the two MD-ADD configurations with the 
previously published Bayesian Disaggregation results for the same nine buildings. Bayes-
ian Disaggregation achieved the lowest median NMAE of 0.540, followed by the full MD-
ADD configuration at 0.576 and the restricted configuration at 0.594. 

Table 14. Median temperature-dependent load NMAE across the nine ADRENALIN buildings. 

Method and Configuration Result Source Median NMAE 

Bayesian Disaggregation 
Previously published results 

[14] 0.540 

MD-ADD, restricted feature 
set Present study 0.594 

MD-ADD, full feature set Present study 0.576 

Table 15 compares the adapted earlier MD-ADD formulation, the adapted Bayesian 
thermal-disaggregation baseline, and the present relation-aware pipeline on the primary 
EV dataset. The comparison uses the same aligned timestamps and metric implementa-
tion. Bayesian thermal disaggregation is reported only for the heat-pump reference be-
cause it estimates a predefined temperature-dependent thermal component and is not ap-
plicable to EV charging. 

Table 15. Comparison of the adapted earlier MD-ADD formulation, Bayesian thermal disaggrega-
tion, and the present relation-aware pipeline on the primary EV dataset. 

Reference Component Method Correlation NMAE 
EV charging Earlier MD-ADD 0.556 0.974 
EV charging Present MD-ADD 0.990 0.100 

Heat-pump heating Earlier MD-ADD 0.310 0.831 
Heat-pump heating Bayesian thermal disaggregation 0.769 0.278 
Heat-pump heating Present MD-ADD 0.349 0.565 
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For EV charging, the present pipeline produced a correlation of 0.990 and an NMAE 
of 0.100, compared with 0.556 and 0.974 for the adapted earlier formulation. No Bayesian 
result is reported for EV charging because Bayesian Disaggregation is formulated for tem-
perature-dependent thermal-load estimation. For heat-pump heating, the Bayesian ther-
mal baseline achieved a correlation of 0.769 and an NMAE of 0.278, compared with 0.349 
and 0.565 for the present MD-ADD heat-pump-associated family and 0.310 and 0.831 for 
the adapted earlier formulation. This indicates that the heat-pump signal is partly recov-
erable by a task-specific thermal estimator, while the present pipeline remains broader 
because it performs component-agnostic feature-family attribution rather than predefined 
thermal-load reconstruction. 

5.5. Proxy, Ablation, and Sensitivity Checks 

To contextualize the post hoc component-alignment results, two simple component-
specific proxy comparisons were evaluated. These proxies are not direct baselines for the 
proposed MD-ADD pipeline, because they assume the component of interest and its ex-
pected driver structure in advance. The EV proxy is constructed as an event-oriented 
proxy for EV-like high-load behavior, while the heating proxy is constructed from heat-
ing-degree-day information and assumes a temperature-driven heating component. In 
contrast, the proposed pipeline does not assume in advance that EV charging or heating 
should be extracted as target components. 

Table 16 compares these component-specific proxies with the corresponding MD-
ADD family outputs. The EV event proxy achieves a very high correlation with the EV 
reference component, indicating that the timing of dominant EV events is relatively easy 
to capture when the component type is assumed in advance. However, its NMAE remains 
much higher than the MD-ADD result because the proxy is not magnitude-calibrated to 
the EV load. It captures event timing but assigns inaccurate energy magnitudes. For heat-
ing, the HDD proxy achieves high correlation because it directly encodes the expected 
temperature relationship, but its NMAE remains higher than the MD-ADD heat-pump-
aligned family. These results show that component-specific assumptions can recover ex-
pected temporal patterns, but they do not solve the component-agnostic relation-sup-
ported attribution problem addressed in this paper. 

Table 16. Component-specific proxy comparison for EV and heat-pump reference components. 

Reference Component Method Correlation NMAE 
EV charging Event proxy 0.999 0.924 
EV charging MD-ADD 0.990 0.100 
HP heating HDD proxy 0.967 0.713 
HP heating MD-ADD 0.349 0.565 

Ablation analysis was used to examine the contribution of the main relation, repre-
sentation, and allocation components. Table 17 compares the full configuration with six 
successful reduced variants evaluated under the same input data and post hoc evaluation 
protocol. 

Table 17. Ablation results for selected MD-ADD pipeline components. 

Configuration EV Corr. EV 
NMAE 

HP Corr. HP NMAE Base Corr. Base 
NMAE 

Residual 
Share 

Full MD-ADD 0.990 0.100 0.349 0.565 0.159 0.895 0.175 
Without event-back-
ground separation 0.991 0.115 0.331 0.590 0.238 0.913 0.175 



Algorithms 2026, 19, 516 37 of 51 
 

https://doi.org/10.3390/a19070516 

Without local-context fea-
tures 

0.760 0.450 0.135 1.012 0.067 1.482 0.294 

Without conservative re-
sidual cap 0.991 0.055 0.349 0.545 0.161 0.913 0.132 

Correlation-only relation 
discovery 0.682 0.851 0.300 1.455 0.021 2.058 0.529 

Without validity control 0.990 0.101 0.353 0.549 0.152 0.884 0.173 
Without feature-family 

grouping 0.907 0.561 0.613 0.661 0.222 0.853 0.160 

Restricting relation discovery to correlation-based relations produced the largest re-
duction in EV alignment, with correlation decreasing to 0.682, NMAE increasing to 0.851, 
and the residual share increasing to 0.529. Removing local-context features reduced EV 
correlation to 0.760 and increased EV NMAE to 0.450. Without feature-family grouping, 
EV correlation decreased to 0.907 and EV NMAE increased to 0.561, while HP correlation 
increased to 0.613 but HP NMAE increased to 0.661. 

Removing validity control produced values close to the full configuration. Disabling 
event-background separation caused a small increase in EV and HP NMAE. Removing 
the conservative residual cap reduced EV NMAE to 0.055 and the residual share to 0.132. 
Across the configurations, base-load alignment remained weak. 

The global-only relation-discovery variant and the variant without activation and 
threshold mechanisms did not produce retained final feature families under the un-
changed thresholds and did not yield allocation outputs. 

A compact sensitivity analysis was conducted because target-importance filtering 
and relation-threshold selection influence both the retained feature set and the resulting 
family structure. Table 18 varies the target-importance threshold and relation-threshold 
quantile while keeping the input data, target variable, baseline configuration, and post 
hoc evaluation protocol unchanged. The analysis provides a robustness check around the 
reported configuration by examining whether the main findings remain consistent under 
nearby target-importance and relation-threshold settings. 

Table 18. Sensitivity of post hoc component alignment to target-importance and relation-threshold 
settings. 

Setting EV Correla-
tion 

EV 
NMAE 

HP Correla-
tion 

HP 
NMAE 

Base Corre-
lation 

Base 
NMAE 

Residual 
Share 

Retained 
Features 

Families 

Target im-
portance = 

0.15 
0.766 0.627 0.140 1.021 0.056 1.488 0.392 8 3 

target im-
portance = 

0.20 
0.990 0.100 0.349 0.565 0.159 0.895 0.175 6 3 

target im-
portance = 

0.25 
0.764 0.456 0.133 1.005 0.066 1.765 0.426 2 2 

relation 
threshold 
quantile = 

0.70 

0.991 0.102 0.359 0.614 0.138 1.097 0.227 6 2 

relation 
threshold 0.990 0.100 0.349 0.565 0.159 0.895 0.175 6 3 
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quantile = 
0.80 

relation 
threshold 
quantile = 

0.90 

0.925 0.377 0.550 0.568 0.240 0.872 0.166 6 4 

The sensitivity results show that the selected target-importance threshold of 0.20 pro-
vides the strongest overall balance across the evaluated components. Lowering the thresh-
old to 0.15 retains more features but weakens EV alignment and increases the residual 
share, while increasing the threshold to 0.25 retains only two features and two families 
and again weakens EV alignment. The relation-threshold results show that EV alignment 
is comparatively stable at the 0.70 and 0.80 quantiles, with the 0.80 setting giving the low-
est EV NMAE and residual share among these two settings. At the 0.90 quantile, the family 
structure becomes more fragmented and EV NMAE increases. Overall, the qualitative 
conclusion remains consistent: the method aligns most strongly with the dominant EV 
charging component, while heat-pump and base/inflexible load alignment remains 
weaker. 

The one-factor-at-a-time analysis was extended to the remaining relation-discovery, 
family-construction, validity, allocation, and event-background settings. Table 19 summa-
rizes the maximum absolute change from the reported configuration across the alternative 
values tested for each parameter. 

Table 19. One-factor-at-a-time sensitivity of selected pipeline parameters relative to the reported 
configuration. 

Parameter Tested Val-
ues 

Maximum EV 
NMAE Change 

Maximum HP 
NMAE Change 

Maximum Residual-
Share Change 

Maximum Family-
Count Change 

Consensus 
agreement 

0.40, 0.50, 
0.60 0.276 0.003 0.009 1 

Explainability 
cap 

0.85, 0.95, 
1.00 0.094 0.041 0.087 0 

Winner fraction 0.85, 0.95, 
1.00 0.050 0.169 0.000 0 

Evidence power 0.5, 1.0, 2.0 0.002 0.022 0.000 0 
Validity power 0.5, 1.0, 2.0 <0.001 0.011 0.000 0 

Dominance 
threshold 

0.75, 0.85, 
0.95 

<0.001 0.008 0.000 0 

Event window 12, 24, 48 h <0.001 <0.001 0.000 0 

Event quantile 
0.10, 0.20, 

0.30 <0.001 <0.001 0.000 0 

Validity floor 
0.05, 0.10, 

0.20 0.000 0.000 0.000 0 

Maximum lag 24, 48, 72 h 0.000 0.000 0.000 0 
Minimum over-

lap 100, 200, 500 0.000 0.000 0.000 0 

Consensus agreement, explainability cap, and winner fraction produced the largest 
changes. Increasing consensus agreement from 0.50 to 0.60 increased the family count 
from three to four and increased EV NMAE from 0.100 to 0.377. Reducing the explaina-
bility cap to 0.85 increased EV NMAE to 0.194 and the residual share to 0.262, while in-
creasing the cap to 1.00 reduced EV NMAE to 0.055 and the residual share to 0.132. 
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Reducing the winner fraction to 0.85 increased EV NMAE to 0.150 and HP NMAE to 0.734, 
while a winner fraction of 1.00 produced corresponding NMAE values of 0.076 and 0.588. 

Evidence power, validity power, and dominance threshold produced smaller 
changes across the tested ranges. Changes in the event window and event quantile re-
mained below 0.001 for both EV and HP NMAE. The tested validity-floor, maximum-lag, 
and minimum-overlap settings produced no change in the reported component-align-
ment metrics for this dataset. 

Input-perturbation and temporal-resolution sensitivity were evaluated to examine 
whether the reported EV alignment remained identifiable under moderate input corrup-
tion and coarser temporal aggregation. Table 20 summarizes the clean 1 h configuration, 
the three perturbation cases, and the three coarser-resolution cases. 

Table 20. Input-perturbation and temporal-resolution sensitivity results. 

Condition EV Corr. EV NMAE HP Corr. HP NMAE Base NMAE Residual Share 
Clean 1 h baseline 0.990 0.100 0.349 0.565 0.895 0.175 

Missing contextual observations, 10% 0.927 0.352 0.390 0.711 0.953 0.198 
Contextual-feature noise, 5% 0.983 0.214 0.341 0.632 1.107 0.304 
Aggregate-meter noise, 5% 0.920 0.226 0.074 4.008 7.051 0.344 

2 h temporal resolution 0.621 0.689 0.150 2.039 3.292 0.476 
4 h temporal resolution 0.846 0.499 0.306 1.329 1.259 0.399 
6 h temporal resolution 0.947 0.523 0.150 2.340 3.344 0.366 

The EV-aligned family remained identifiable under the three perturbation settings, 
although magnitude accuracy degraded relative to the clean 1 h configuration. Contex-
tual-feature noise produced a high EV correlation of 0.983 but increased EV NMAE from 
0.100 to 0.214. Aggregate-meter noise reduced EV correlation to 0.920 and increased EV 
NMAE to 0.226. Removing 10% of continuous contextual observations produced EV cor-
relation of 0.927 and EV NMAE of 0.352. 

Temporal coarsening weakened the decomposition relative to the clean hourly case. 
EV NMAE increased to 0.689 at 2 h resolution, 0.499 at 4 h resolution, and 0.523 at 6 h 
resolution, while the residual share increased from 0.175 to between 0.366 and 0.476. Heat-
pump and base-load alignment remained fragile, particularly under aggregate-meter per-
turbation and coarser temporal aggregation. These results indicate that the dominant EV 
component remains detectable under moderate perturbation, but the method is most re-
liable for the hourly setting used in the main experiment and for components whose rela-
tion structure remains visible in the aggregate load. 

Additional diagnostic checks were used to characterize the weaker heat-pump and 
base/inflexible-load recovery. Table 21 summarizes component-scale, activity, masking, 
base-load distinctiveness, and hierarchical second-pass indicators. Some diagnostics ap-
ply only to one component, for example temperature masking for heat-pump load or con-
textual distinctiveness for base/inflexible load, so the table intentionally contains several 
non-applicable entries. 

Table 21. Diagnostic checks for weaker heat-pump and base/inflexible-load recovery. 

Diagnostic EV HP Base/Inflexible 
Share of target energy 0.718 0.185 0.097 

Nonzero fraction 0.074 0.944 1.000 
Selected-family correlation 0.990 0.349 0.159 

Selected-family NMAE 0.100 0.565 0.895 
Best temperature or HDD correlation in the true component n/a 0.967 n/a 
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Same temperature or HDD correlation in the aggregate target n/a 0.095 n/a 
Same temperature or HDD correlation after estimated EV-contribution removal n/a 0.279 n/a 

Maximum absolute Pearson correlation with contextual variables n/a n/a 0.262 
Maximum absolute Pearson correlation with selected family outputs n/a n/a 0.159 

Hierarchical second-pass correlation n/a 0.546 n/a 
Hierarchical second-pass NMAE n/a 0.525 n/a 

Hierarchical second-pass residual share n/a 0.408 n/a 

5.6. Computational Runtime and Empirical Scaling 

Table 22 reports the runtime results for the three scaling cases. The full configuration 
required 2525.0 s. Reducing the observation period by 50% reduced the total runtime to 
1158.8 s, while reducing the contextual feature count by 50% reduced it to 977.5 s. 

Table 22. Computational runtime and empirical scaling results. 

Case Timestamps Context Fea-
tures 

Candidate Or-
dered Pairs 

Relation Dis-
covery [s] 

Total 
Runtime [s] 

Relation-Discov-
ery Share 

Full timestamps, all 
features 17,517 14 210 2492.3 2525.0 98.7% 

First 50% of 
timestamps, all fea-

tures 
8759 14 210 1142.3 1158.8 98.6% 

Full timestamps, 50% 
of features 

17,517 7 56 959.0 977.5 98.1% 

Halving the timestamp count reduced total runtime by 54.1%, while halving the con-
textual feature count reduced it by 61.3%. Relation discovery accounted for more than 
98% of total runtime in every case. In the full configuration, original-variable relation dis-
covery required 1328.8 s and augmented target-relation discovery required 1163.5 s, 
whereas evidence construction, allocation, and attribution required 9.0 s. These results 
identify relation discovery as the dominant practical computational stage. The reduced 
runs are empirical scaling observations and should not be interpreted as estimates of a 
polynomial runtime exponent. 

6. Discussion 
6.1. Interpretation of Main Findings 

The results show that the proposed pipeline can extract structured and interpretable 
load components from aggregate energy data without using component-level labels as 
model inputs. The clearest result is obtained for the EV charging component, which shows 
strong temporal alignment, high correlation, and low normalized error relative to the 
withheld reference signal. This indicates that the relation-aware and event-focused allo-
cation strategy is effective for dominant, high-intensity, temporally localized load compo-
nents. In contrast, the heat-pump and base-load components are only partially recovered, 
showing that smoother, lower-magnitude, or more strongly overlapping components re-
main harder to separate when their relation structure is masked by stronger aggregate-
load behavior. 

The additional ADRENALIN results provide context for the weaker heat-pump 
alignment in the primary EV case. Across the nine measured buildings, the temperature-
associated family achieved a median correlation of 0.846 under the restricted feature set, 
indicating that smoother temperature-responsive structure can be identified when it re-
mains visible in the aggregate load. The restricted feature set produced a slightly higher 
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median correlation and matched the strongest post hoc family in all nine buildings, com-
pared with six buildings under the full feature set, while the full feature set achieved a 
slightly lower median NMAE. This suggests that the dominant EV and base-load varia-
tion masks the heating relationship in the primary case, while broader contextual inputs 
can improve magnitude alignment but produce more complex family structures. 

The comparisons with Bayesian Disaggregation highlight the distinction between 
component-specific estimation and component-agnostic attribution. On the primary EV 
dataset, the Bayesian thermal baseline achieved stronger heat-pump alignment than the 
heat-pump-associated MD-ADD family, with a correlation of 0.769 and an NMAE of 
0.278. This result is expected because Bayesian Disaggregation is explicitly formulated for 
estimating temperature-dependent thermal load from aggregate load and outdoor tem-
perature, and it is not an EV-load disaggregation method. A similar pattern appears in the 
ADRENALIN comparison, where Bayesian Disaggregation achieved the lower median 
NMAE of 0.540, compared with 0.576 for the full MD-ADD configuration and 0.594 for 
the restricted configuration. The specialized Bayesian formulation therefore retains an ad-
vantage for predefined thermal-load tasks, while MD-ADD provides broader feature-fam-
ily attribution under weaker assumptions about which physical components are present. 

The comparison with the earlier MD-ADD formulation shows the collective effect of 
changing from direct attribution over predefined driver groups to automatic relation-
aware family construction and allocation. The largest difference occurs for EV charging, 
where the present pipeline captures the dominant event-driven structure substantially 
more accurately. Heat-pump correlation changes only modestly, although the lower 
NMAE indicates improved magnitude alignment. Because the comparison changes sev-
eral methodological stages simultaneously, the performance difference cannot be as-
signed to one individual mechanism. It quantifies the overall progression of the frame-
work, while the design-specific effects are interpreted through the ablation and sensitivity 
results in Section 6.2. 

The feature-family structure represents relational evidence rather than direct causal 
decomposition. The grouping process identifies variables with shared relational behavior 
and organizes them into families that provide evidence for specific parts of the aggregate-
load variation. The representative feature within a family provides a concise descriptor of 
the group, while the full family structure describes the broader timing and operating con-
text of the estimated contribution. This distinction is especially important for the EV-re-
lated family. In the simulated dataset, EV charging is primarily linked to spot-price-driven 
charging decisions, while other variables may enter the same family because they share 
temporal structure with charging events. For example, solar-radiation and sunshine-re-
lated variables reflect low-solar or night-time conditions that coincide with charging be-
havior. The family captures the timing and context of EV-related load, with spot price 
providing the most meaningful interpretation of the simulated charging mechanism. 

Mechanism modeling refines this interpretation by distinguishing between activa-
tion evidence, intensity-related evidence, modulation, and local contextual support. This 
prevents the family contribution from being interpreted as a single-feature explanation. 
Instead, the resulting structure supports a layered interpretation in which raw and aug-
mented variables are grouped by relational similarity, assigned mechanism roles, and 
translated into family-level and feature-level load contributions. This is important because 
the final attribution is not optimized directly against known EV, heat-pump, or base-load 
channels. The reference components are introduced only after decomposition to evaluate 
whether the inferred family outputs align with physically meaningful load processes. 
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6.2. Mechanism, Ablation, and Sensitivity Interpretation 

The ablation and sensitivity results clarify how the relation-aware framework con-
tributes to the observed attribution behavior. By combining linear, threshold-based, event-
driven, lagged, cyclic, and window-local relations, the method can capture interactions 
that would be missed by a single association measure. This is particularly relevant for EV 
charging, where the observable structure is not only a continuous linear relationship but 
also an event-like timing pattern associated with contextual conditions. The ablation anal-
ysis shows that local-context augmented features are especially important for the ob-
served EV alignment. Removing these features weakens EV alignment and increases the 
residual share, indicating that time-localized transformations expose relationships that 
are less visible in the raw feature values alone. 

The ablation analysis clarifies the roles of multi-mechanism relation discovery, fea-
ture-family grouping, and validity control. Restricting relation discovery to correlation-
based relationships substantially weakened EV alignment and increased the unexplained 
share, indicating that linear or monotonic co-variation alone did not preserve the event- 
and context-related structure identified by the full mechanism set. Removing feature-fam-
ily grouping also weakened EV recovery, although it increased heat-pump correlation 
while worsening heat-pump NMAE. This mixed result indicates that grouping supports 
coherent multi-feature attribution but does not necessarily maximize every individual 
component metric. Validity control had little effect in this case, showing that it was not 
responsible for the strong EV result; its role is primarily to limit allocation when family 
evidence becomes locally weak or inconsistent. 

The two reduced-mechanism variants that produced no retained families were eval-
uated under the unchanged thresholds of the main configuration. This outcome indicates 
an interaction between mechanism coverage and family-retention settings. Separately cal-
ibrated global-only or reduced-mechanism formulations may produce different retention 
behavior. 

A defining characteristic of the method is the explicit preservation of unexplained 
load. Rather than enforcing a complete decomposition of the target signal, the pipeline 
allocates only the portion of the load supported by sufficient relational evidence. The re-
maining load is retained as residual or unexplained dynamic variation. This design re-
duces the risk of assigning energy to spurious or weakly supported drivers and provides 
an explicit representation of uncertainty under partial observability. In the present exper-
iment, the residual remains non-zero even though the dominant EV charging component 
is recovered. This indicates that strong recovery of one component does not require forc-
ing all remaining variation into the identified feature families. 

The ablation without the conservative residual cap illustrates the trade-off intro-
duced by this design. Removing the cap improves the EV NMAE and increases the ex-
plained share, but reduces the residual share. The conservative cap prioritizes residual 
preservation and reduces the absorption of unsupported or ambiguous variation into es-
timated families. The residual serves as a diagnostic output that reflects load variation 
with insufficient feature-family evidence, including variation associated with missing 
drivers, weak relationships, overlapping components, or allocation ambiguity. 

The event-background separation contributes to the characterization of EV charging 
by improving the handling of short, event-like peaks. The method identifies periods of 
elevated activity relative to a local background level and assigns responsibility for these 
events using relation-driven evidence. The ablation analysis shows that disabling this 
layer does not remove the strong EV alignment, suggesting that the main EV structure is 
already captured by relation-aware evidence and local-context features. The event-back-
ground layer acts as an additional refinement rather than the sole mechanism behind the 
result. This design is most useful for high-intensity, short-duration loads with clear 
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deviations from background behavior, while smoother components such as heat-pump 
demand and base load remain less distinctly separated. Event allocation can also remain 
shared across families when evidence is ambiguous, explaining why isolated EV-related 
spikes may appear in families that are not the best post hoc match for EV charging. 

The sensitivity analysis shows that the pipeline parameters do not have equal influ-
ence. Target-importance filtering and consensus agreement affect the retained represen-
tation and family structure, while the explainability cap controls the tradeoff between 
component-level error and preservation of unexplained demand. The winner fraction af-
fects how strongly a dominant family receives the explainable load and produced the larg-
est change in heat-pump NMAE among the allocation settings. Evidence power, validity 
power, and dominance threshold had smaller effects around the reported configuration, 
while the tested validity-floor and event-background settings were stable in this case. 
These values should be interpreted as configurable design controls rather than physical 
constants or universally optimal settings. Recalibration may be required when the feature 
set, temporal resolution, or dominant load structure changes. 

The input-perturbation analysis should be interpreted as a sensitivity check rather 
than as a calibrated measurement-uncertainty study. The primary EV dataset already con-
tains background household-demand variation through the simulated base/inflexible 
component, while the added perturbations impose artificial changes on top of that struc-
ture. The results indicate whether the EV-aligned family remains identifiable under mod-
erate corruption of the input signals, not whether the method is universally robust to all 
realistic metering, sensing, or data-quality errors. The temporal-resolution results further 
indicate that attribution quality degrades when the hourly signal is aggregated to coarser 
intervals, especially for weaker heat-pump and base-load components. This supports 
treating hourly low-frequency data as the evaluated operating regime of the present 
study. 

6.3. Limitations, Generalizability, and Deployment Implications 

The method depends strongly on the availability and quality of the observed input 
features. Only load variations that are reflected in the available contextual or operational 
variables can be explained. Missing, weakly informative, or indirectly related features 
limit the recoverable structure and contribute to the residual component. This is an inher-
ent limitation of relation-supported attribution under partial observability, because the 
method can only allocate load to feature families when sufficient evidence is present in 
the observed data. 

The recovery of smooth or slowly varying components remains limited. Such com-
ponents may be distributed across several families, underestimated, or retained in the re-
sidual when their relation evidence is weaker than that of a dominant event-driven com-
ponent. This reflects the difficulty of separating overlapping continuous processes using 
relation-based evidence alone, especially when the aggregate signal contains stronger 
event-like variation. 

Dominant signals can also mask weaker relationships. In the present case, EV charg-
ing is large, sparse, and event-driven, accounting for 0.718 of target energy while being 
nonzero in only 0.074 of timestamps. The heat-pump component is smaller and smoother, 
accounting for 0.185 of target energy while being nonzero in 0.944 of timestamps. Alt-
hough the true heat-pump signal is strongly related to outdoor temperature and heating 
degree days, these relationships are largely hidden in the aggregate target and only partly 
re-emerge after the estimated EV-aligned contribution is removed. This masking limited 
the ability of automatic family construction and target-facing evidence selection to isolate 
temperature-driven heating behavior as a separate family. The preliminary hierarchical 
second-pass check improved heat-pump correlation from 0.349 to 0.546, reduced heat-
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pump NMAE from 0.565 to 0.525, and increased the residual share from 0.175 to 0.408. 
These results suggest that iterative recovery can reveal weaker structure, while reliable 
magnitude recovery for heat-pump and base-load components would require richer con-
textual information, such as occupancy indicators, appliance-use proxies, HVAC control 
states, indoor setpoints, improved baseline modeling, or a component-specific follow-up 
calibration stage. 

The weak alignment with the base/inflexible reference component also reflects the 
experimental configuration. The dataset’s base/inflexible load represents a simulated 
household-demand component, whereas the analytical baseline in the MD-ADD method 
represents a decomposition term defined by the selected baseline strategy. With baseline 
estimation disabled, the full aggregate load is treated as the attribution target, and the 
base/inflexible component serves as a post hoc reference signal. The resulting alignment 
reflects agreement with this simulated reference component rather than performance of 
the analytical baseline estimator. 

The evaluation is based on post hoc comparison with withheld reference compo-
nents. The model operates from aggregate and contextual inputs, and reference signals 
are used after decomposition to assess alignment. Metrics such as correlation, MAE, 
RMSE, and NMAE quantify post hoc agreement with withheld reference components in 
the simulated and measured evaluations. They provide alignment evidence rather than 
supervised training losses, causal validation, or complete-recovery guarantees. Family 
membership and feature-level shares should be interpreted as evidence structures within 
the observed feature space rather than as causal claims. 

The pipeline is data-agnostic in the sense that it does not require predefined appli-
ance models or labeled component data as model inputs. The primary empirical evalua-
tion remains the simulated EV-focused household case, which provides the heterogene-
ous contextual variables and multiple withheld component references needed for detailed 
multi-driver analysis. The additional ADRENALIN evaluation extends the evidence to 
nine measured commercial and public buildings, but it addresses a narrower task because 
only temperature-dependent reference loads and weather- and calendar-based contextual 
variables are available consistently across the buildings. The predecessor comparison uses 
an adapted implementation of the earlier MD-ADD formulation on the EV dataset and is 
intended to quantify methodological progression under a common case rather than to re-
produce the original building-data experiments. 

The measured-building results support applicability beyond the simulated case and 
provide evidence across nine commercial and public buildings. Alignment varied among 
buildings, and the effect of expanding the feature set was not uniform. These results indi-
cate that successful attribution depends on whether the available contextual variables pro-
vide sufficiently distinctive evidence for the underlying load process. Further validation 
remains necessary to characterize performance across additional component classes, 
building types, operational conditions, climates, and sampling regimes. 

The runtime analysis identifies relation discovery as the main computational bottle-
neck, accounting for more than 98% of execution time in all three scaling cases. Scalability 
improvements should prioritize precomputed rolling-window boundaries, cached pair-
specific statistics, early pruning of low-information variables, sparse consensus represen-
tations, and distributed processing of independent feature pairs. Approximate variants 
could further reduce cost by evaluating fewer local windows, using coarser threshold and 
lag grids, or applying an inexpensive relation screen before the more costly mechanisms. 
The current implementation is sequential and batch-based; streaming or incremental op-
eration would require rolling statistical summaries, bounded buffers, incremental relation 
updates, and periodic reconstruction of the feature-family structure. 
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The method is formulated for one aggregate target signal at a time, such as a single 
building, household, or metered site. Larger portfolios can be handled by running the 
pipeline separately across multiple meters or buildings. If the input target is a feeder-level 
aggregate, the method performs feeder-level driver attribution rather than separating in-
dividual buildings or households, unless site-specific features or metering information are 
included. Scaling requires both computational parallelization across sites and careful fea-
ture design when many sites are combined into one aggregate signal. 

The present implementation supports offline or periodic analysis. Deployment in a 
BMS or energy-management workflow would require mapping available sensors and 
contextual variables to the expected input structure, applying data-quality checks before 
relation discovery, recalibrating thresholds and feature-family structures for the specific 
site, and validating outputs against available operational knowledge or temporary sub-
metering where possible. The method exposes uncertainty through unexplained dynamic 
load, residual demand, sensitivity analysis, and failure-mode diagnostics. Formal proba-
bilistic confidence intervals, streaming updates, and site-specific integration procedures 
remain important engineering extensions. 

6.4. Future Work 

Future work should prioritize the recovery of masked lower-magnitude components. 
One promising direction is iterative or hierarchical decomposition, where a dominant 
component is identified, its contribution is removed or conditioned on, and the relation 
analysis is repeated on the remaining signal. This may allow weaker structures, such as 
temperature-driven heating demand, to become more visible after dominant event-driven 
loads have been accounted for. 

Feature representation should be extended. Additional contextual variables and 
more advanced temporal transformations may improve the ability to capture delayed, 
seasonal, or regime-dependent relationships. This is particularly relevant for heating and 
other smooth components, where the relevant driver signal may not align with the aggre-
gate target through a simple pointwise relationship. 

Relation modeling could be improved through adaptive or learned scoring functions. 
Such extensions may reduce reliance on fixed relation definitions and allow the pipeline 
to capture dataset-specific dependency patterns more flexibly. Broader validation is 
needed across measured and simulated datasets with different load structures, sampling 
resolutions, contextual variables, and dominant component types. Comparisons with es-
tablished NILM approaches would also help clarify where relation-supported attribution 
provides the greatest benefit relative to conventional disaggregation methods. 

7. Conclusions 
This paper presented a relation-aware pipeline for low-frequency load disaggrega-

tion under partial observability. The method does not rely on predefined appliance mod-
els, supervised component labels, or complete decomposition of the aggregate signal. In-
stead, it constructs an intermediate representation of the observed system through seman-
tic feature typing, multi-mechanism relation discovery, feature-family grouping, target-
centric relevance analysis, mechanism modeling, and conservative allocation. Load is as-
signed only where sufficient relational evidence is available, while unsupported variation 
is retained as residual demand. 

In the primary EV-focused case study, the method recovered the dominant event-
driven component with strong post hoc alignment. The selected EV-aligned family 
achieved a correlation of 0.990 and an NMAE of 0.100 against the withheld EV charging 
reference load. The heat-pump and base/inflexible components were less successfully re-
covered, with correlations of 0.349 and 0.159 and NMAE values of 0.565 and 0.895, 
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respectively. These results show that the proposed relation-aware and event-focused al-
location strategy is most effective for dominant, high-intensity, temporally localized load 
components, while smoother, lower-magnitude, or overlapping components remain more 
difficult to separate when their relation structure is masked by stronger signals. 

The additional measured-building validation on nine ADRENALIN buildings 
showed that the method can also identify temperature-associated load structure in meas-
ured commercial and public building data. The restricted feature set achieved a median 
correlation of 0.846 and a median NMAE of 0.594, while the full feature set achieved a 
median correlation of 0.828 and a median NMAE of 0.576. These results support the 
broader applicability of the attribution logic beyond the simulated EV case, but they also 
show that task-specific methods can remain advantageous for specialized targets. On the 
primary EV dataset, the Bayesian thermal baseline achieved lower heat-pump NMAE 
than the heat-pump-associated MD-ADD family, with NMAE values of 0.278 and 0.565, 
respectively. In the ADRENALIN comparison, the previously published Bayesian Dis-
aggregation benchmark retained a lower median NMAE of 0.540 for the temperature-de-
pendent reference load. These results indicate that the proposed method should be inter-
preted as a general relation-aware attribution framework rather than as a replacement for 
specialized component-specific disaggregation models. 

The comparison with the earlier MD-ADD formulation quantified the methodologi-
cal progression introduced by the present pipeline. On the primary EV dataset, the 
adapted earlier formulation achieved an EV correlation of 0.556 and an EV NMAE of 
0.974, whereas the present relation-aware pipeline achieved an EV correlation of 0.990 and 
an EV NMAE of 0.100. Heat-pump NMAE also improved from 0.831 to 0.565. These dif-
ferences indicate that automated feature typing, heterogeneous relation discovery, graph-
based family construction, mechanism-aware evidence modeling, conservative allocation, 
and event-background separation jointly improve the ability to recover dominant rela-
tion-supported structure. 

The sensitivity analyses further clarified the operating boundaries of the method. EV 
charging remained identifiable under moderate input perturbations, but magnitude accu-
racy degraded under missing contextual observations, contextual-feature noise, and ag-
gregate-meter noise. At 10% missing contextual observations, EV correlation remained 
0.927, but EV NMAE increased to 0.352. With 5% contextual-feature noise and 5% aggre-
gate-meter noise, EV NMAE increased to 0.214 and 0.226, respectively. Temporal aggre-
gation also weakened the decomposition, with EV NMAE increasing to 0.689, 0.499, and 
0.523 at 2 h, 4 h, and 6 h resolution. These findings indicate that the method can preserve 
dominant event-driven structure under moderate perturbation, but that attribution qual-
ity remains sensitive to temporal granularity, aggregate-signal quality, and the availabil-
ity of informative contextual variables. 

The weaker heat-pump and base-load results reflect identifiable failure modes rather 
than only parameter limitations. The EV component accounted for 0.718 of the target en-
ergy while being active in only 0.074 of timestamps, whereas the heat-pump component 
accounted for 0.185 of the energy while being active in 0.944 of timestamps. The base/in-
flexible component was active throughout the period and accounted for 0.097 of target 
energy. Although the true heat-pump load was strongly related to heating degree days, 
this relationship was largely masked in the aggregate signal and only partly re-emerged 
after the estimated EV-aligned contribution was removed. A preliminary hierarchical sec-
ond-pass check improved heat-pump correlation from 0.349 to 0.546 and reduced heat-
pump NMAE from 0.565 to 0.525, but increased the residual share from 0.175 to 0.408. 
This suggests that iterative recovery may help reveal weaker structure, but additional 
contextual information, improved baseline modeling, and component-specific calibration 
are likely needed for reliable recovery of smoother and lower-magnitude loads. 
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The results also reinforce the evidentiary nature of feature-family outputs. The esti-
mated families are formed from statistical and relational structure in the available varia-
bles, while reference component signals are used after decomposition for post hoc evalu-
ation. The retained unexplained dynamic load and residual demand are important out-
puts because they represent load variation with insufficient support from the observed 
feature families. This conservative treatment of unsupported variation is central to apply-
ing load attribution under partial observability. 

The runtime analysis identified relation discovery as the main computational bottle-
neck. In the full runtime configuration, the total runtime was 2525.0 s, with relation dis-
covery accounting for more than 98% of the computation. This indicates that larger-scale 
use would require implementation-level improvements such as feature pruning, caching, 
distributed pairwise processing, approximate relation screening, or parallel execution 
across buildings or meters. The present implementation is best interpreted as an offline or 
periodic analysis tool, while real-time or large-portfolio deployment would require fur-
ther engineering development. 

The proposed pipeline provides a modular and interpretable framework for driver-
based load attribution when labeled component data are unavailable or incomplete. Its 
main demonstrated strength is the recovery of dominant event-driven load structure 
through heterogeneous relation discovery, conservative allocation, and structured fea-
ture-family interpretation. Its main limitations are weaker recovery of smoother or lower-
magnitude components, sensitivity to temporal aggregation and missing driver evidence, 
and the computational cost of relation discovery. Future work should focus on iterative 
and hierarchical decomposition, richer contextual and operational feature sets, adaptive 
relation scoring, formal uncertainty quantification, streaming implementation, and 
broader validation across diverse measured and simulated datasets. 
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Abbreviations 
The following abbreviations are used in this manuscript: 

AMI Advanced metering infrastructure 
ANOVA Analysis of variance 
BiLSTM Bidirectional long short-term memory 
CNN Convolutional neural network 
LSTM Long short-term memory 
EV Electric vehicle 
HDD Heating degree day 
HP Heat pump 
HVAC Heating, ventilation, and air-conditioning 
MAE Mean absolute error 
MD-ADD Multi-driver automatic dependency disaggregation 
MIC Maximal information coefficient 
MINE Maximal information-based nonparametric exploration 
NILM Non-intrusive load monitoring 
NMAE Normalized mean absolute error 
PV Photovoltaic 
REDD Reference Energy Disaggregation Dataset 
RMSE Root mean squared error 
SARIMAX Seasonal autoregressive integrated moving average with exogenous variables 
SHAP SHapley Additive exPlanations 
XGBoost Extreme Gradient Boosting 
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