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A B S T R A C T

As demand-side flexibility becomes increasingly necessary to integrate variable renewable energy, understanding 

electricity demand composition across different grid levels is essential. However, at regional and national scales, 

visibility into the relative contributions of different consumer categories remains limited due to the complexity 

and cost of collecting end-use consumption data. To address this challenge, we propose a blind source separation 

framework to disaggregate open-access high-voltage grid load measurements into sectoral contributions. The 

approach relies on a constrained variant of non-negative matrix factorization, termed linearly-constrained non-

negative matrix factorization (LCNMF), which allows prior information to be incorporated as linear constraints 

on the factor matrices, thereby providing weak supervision of the separation process. The framework is evaluated 

using Italian national load data from 2021 to 2023. Results demonstrate the identifiability of residential, services, 

and industrial load components and provide monthly sectoral consumption estimates consistent with reported 

statistics. The proposed method is generalizable and applicable to load disaggregation problems across multiple 

grid scales where disaggregated measurements are unavailable.

1 . Introduction

1.1 . Motivations

Monitoring and understanding electricity consumption dynamics is 

essential for power system operation. At the national level, electricity 

consumption (and generation) is typically monitored by the transmission 

system operator (TSO) both at the level of geographical zones, such as 

states, regions or power zones, and across different sectors often grouped 

into three or four categories: industry, commercial & public services (or 

simply commercial or services), residential (or households) and sometimes 

agriculture [1,2]. While zone-level consumption is directly accessible 

to the TSO at high temporal resolution via measurements on the high-

voltage network, sector-level consumption is considerably more difficult 

to monitor. It must be retrieved from the medium- and low-voltage 

networks,1 which fall outside the TSO’s scope and are managed by nu­

merous distribution system operators (DSOs). This process thus involves 

aggregating numerous building-level load measurements, which are not 

centrally collected. As a result, sector-specific consumption data are of­

ten available only at very poor temporal resolution, mostly on an annual 

basis, and with significant reporting delays [3].

However, estimating sector-specific consumption at finer temporal 

resolutions, such as monthly or daily, or even directly monitoring the 

load at the sector level, is of particular interest to TSOs and other power 

system actors for two reasons:

First, it obviously provides valuable knowledge on sectors them­

selves. For instance, global sectors’ typical load profiles and granular 

consumption can be used for the calibration and validation of building 

stock energy models, especially in top-down approaches [4]. It is also 

valuable for demand-side management as it allows an understanding 

of load composition during peak hours—which may vary depending on 

the type of day or the season—and therefore helps in designing efficient 

sector-specific demand response programs [5]. Real-time consumption 
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monitoring can also help rapidly detect and quantify how the differ­

ent sectors respond to economic shocks (e.g., energy price spikes) [6,7], 

policy interventions (e.g., lockdowns) [8–10] or extreme weather events 

(e.g., heat waves) [11], which is increasingly important in a context of 

rising demand-side and generation flexibility needs. Past and current ef­

forts on sectors’ power consumption monitoring rely on small consumer 

samples, which are not always representative nor accessible [3,12], and 

are only available a posteriori. Finally, sector-level demand at higher 

frequency is obviously not only useful to the power sector but also to 

economic institutions and policymakers to monitor national economic 

activity [13] with greater precision.

Second, it can enhance aggregate load modeling and forecasting 

[14–16]. A significant portion of the variability in the national load 

curve arises from the dynamic contributions of different sectors [15]. For 

example, weekday load profiles are typically flatter than those on week­

ends due to a stronger industry contribution, whose consumption pattern 

is rather stable throughout the day. It may also improve the modeling 

of weather or calendar effects on the aggregate load curve, as different 

load components (i.e., sectors) may respond differently to specific condi­

tions. For instance, the household and services sectors may show higher 

temperature sensitivity in summer due to widespread air conditioning 

usage, compared to the industrial sector [17]. Additionally, the long-

term evolution of sector-specific load profiles may be easier to model and 

project in scenarios—especially in the context of electrification—than 

the aggregate national load [6,14,18].

1.2 . Objectives of the work

In this work, we demonstrate that, despite the absence of actual 

measurements, it is possible to monitor the hourly consumption of 

the residential, commercial and industrial sectors in real-time from the 

aggregate open-access TSO load measurements, by applying signal sepa­

ration techniques. The signal separation framework we propose enables 

both the extraction of sector-specific daily load profiles and the now­

casting of daily or monthly sectoral consumption. We formulate this 

unsupervised load disaggregation task as a blind source separation (BSS) 

problem, showing that the incorporation of sector-level information 

usually available—such as annual demand and monthly consumption 

proxies—as boundary conditions allows us to identify characteristic sec­

tors’ load profiles and obtain an accurate sector-wise disaggregation. 

The BSS problem is formalized as a constrained variant of non-negative 

matrix factorization (NMF) [19], which is termed linearly-constrained 

non-negative matrix factorization (LCNMF), and solved using a modi­

fied version of the multiplicative updates algorithm [20]. We apply this 

method to Italian national load data from 2021–2022 and show that the 

identified sector profiles for this period allow us to accurately disaggre­

gate in real-time new load curves for which no sector-level information 

is available, using 2023 data for validation.

1.3 . Paper structure

The remainder of this paper is structured as follows. Section 2 

provides a detailed literature review and explains our contributions. 

Section 3 details the methodology, beginning with a description of 

the data sources (Section 3.1) and a qualitative introduction to the 

problem (Section 3.2) before presenting the mathematical and compu­

tational details (Sections 3.3 and 3.4). Finally, Section 4 presents the 

results, followed by a discussion in Section 5 and concluding remarks in 

Section 6.

2 . Literature review

Statistical modeling and analysis of load curves is a major topic in 

power systems. A literature overview suggests that most works belong 

to one of the three following categories:

1. Load forecasting: The problem is to predict future load at various 

network scales from past measurements and influencing factors 

such as weather and calendar effects. Though the results of the 

present work may be relevant for such purposes, the problem we 

solve is not a forecasting one and the corresponding literature is 

therefore not further presented here.

2. Load profiling/classification: This category concerns the anal­

ysis of typical patterns and similarities between load curves 

observed in different locations, for different day types, seasons or 

categories of consumers. The comparison with such works is rel­

evant since our method involves identifying sector-specific load 

profiles.

3. Load disaggregation: We refer to load disaggregation as the task 

of separating unobserved devices, end-users or consumer groups 

contributions to observed aggregated load measurements. This 

is precisely the problem of interest. Since nearly all load dis­

aggregation works are limited to device-level decomposition of 

buildings consumption, we selected those whose methodological 

framework is close to ours and this part of the review is essentially 

on the technical side.

In addition, we demonstrate that this work brings a genuine method­

ological novelty by extending the discussion to all contributions that 

have proposed constrained non-negative matrix factorization methods, 

regardless of the application.

2.1 . Load profiling and classification

In load profiling and classification, a distinction can be made accord­

ing to whether load measurements or models correspond to end-users or 

an aggregated level (such as district or regional/national level).

At the end-user level, typical residential, commercial and indus­

trial load profiles can be inferred by averaging individual consumers’ 

load curves within each sector. This is typically done with a man­

ual weekday/weekend, season, region and household characteristics 

stratification or in a more data-driven fashion using clustering tech­

niques. As highlighted in Ref. [3], thanks to the widespread diffusion 

of smart meters, the residential sector has received the most attention 

in the literature [21–26], while fewer works have studied commercial 

and industrial consumers [27,28]. Our study, instead, considers aggre­

gate country-level profiles and their temporal variations rather than 

within-sector heterogeneity.

Regarding the aggregate level, most works use a so-called bottom-

up approach [4]: The load profile of the aggregation level is built by 

aggregating load profiles of different consumer categories with weights 

reflecting the local consumer mix. For instance, Ref. [3] builds neighbor­

hood, district and municipality-level load profiles, which are shown to 

be well-described by a three-level “residential“, “business”, and “mixed” 

classification. Their results show that at aggregate levels, only global 

sector categorization really makes the difference, rather than finer ones. 

Their study however lacks the inclusion of the industrial component, 

which is instead present in our work. Ref. [15] aggregates load curves 

of 4500 end-users in Denmark to derive national profiles for resi­

dential, commercial, public services, industry and agriculture sectors, 

finding strong weekly and seasonal variation except for industry. Later 

work [6] shows that sector profiles remain relatively stable over the 

2019–2022 period. Finally, Refs. [14,18] adopt more of a top-down ap­

proach as they estimate the consumer mix in local areas in Denmark 

by combining an end-users load profiles dataset and transformer sta­

tion aggregate measurements. Note that, similarly to Ref. [3], they rely 

on the assumption that load profiles of specific consumer categories 

are constant across locations and, differently from us, do not properly 

model sectors’ load profile variations over time. Moving to the highest 

aggregation level, Ref. [29] proposed a methodology to build weather-

dependent load profiles for European countries. They however do not 

address the weather-independent temporal variations of load profiles 

and sector-specific consumption patterns.
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2.2 . Load disaggregation

Prior research on load profiling and classification has consistently 

shown that aggregate curves from the substation to the national level 

contain identifiable sector components. However, while building-scale 

load disaggregation is a flourishing field of study, which we will discuss 

first, disaggregation at higher grid scales remains largely unexplored. We 

will review the few existing works on this topic in a subsequent section.

2.2.1 . Non-intrusive load monitoring

First introduced in Ref. [30], building-scale load disaggregation is 

referred to as non-intrusive load monitoring (NILM) or sometimes energy 

disaggregation. The purpose of NILM is to monitor a building’s load at 

the appliance level without the necessity of installing dedicated sensors 

on every single device—which in this case is referred to as intrusive 

load monitoring (ILM)—but with a unique building-level energy meter, 

thereby reducing costs and addressing privacy issues. While this work 

is not about NILM, it’s actually solving a similar load disaggregation 

problem at a higher level of the network, with the difference that it sep­

arates consumer categories rather than individual appliances. Because 

of this conceptual similarity, we believe it’s relevant to compare our 

methodological approach to established NILM techniques.

According to a recent review by Ref. [31], NILM methods fall into 

three primary families: machine learning, pattern matching, and source 

separation. It’s important to note that most of these approaches, es­

pecially those in the first two families, are supervised, meaning they 

require access to ground truth, appliance-level measurements to which 

a learning procedure is applied. In contrast, our method operates in 

an unsupervised fashion, directly estimating sector load profiles from 

a composite signal without needing any ground truth measurements.

In the source separation methods, three different categories are 

distinguished: independent component analysis (ICA) [32–34], non-

negative matrix or tensor factorization (NMF/NTF) [35–39] and sparse 

component analysis (SCA) [40–42]. All three methods have in common 

that they solve a low-rank matrix (or tensor) approximation problem, 

differing however in the assumptions they rely upon and the factor ma­

trices properties they look for. A key point is that they are in practice 

unsuccessful when used in a fully blind, i.e., unsupervised, setting, as 

in this case there is often non-uniqueness of the solution and high de­

pendence on the initialization strategy. In fact, Ref. [31] states that 

source separation methods developed for NILM, despite being originally 

thought of as unsupervised, are actually “semi-unsupervised” learning 

procedures, as they all require some degree of prior knowledge which 

can range from ground truth source signal data to little contextual or 

structural information on the sources or the mixture.

Notably, both Ref. [42] (SCA-based) and Ref. [37] (NMF-based) rely 

on training data consisting of individual appliance-level measurements. 

Their methods involve modeling each source load (appliance) using ba­

sis functions—predefined in Ref. [37] and learned in Ref. [42]—which 

are then used to disaggregate the aggregate load. Interestingly, Ref. [37] 

formulates an NMF problem with a linear constraint on the weights ma­

trix, similar in form to ours. However, they treat this as a non-negative 

least squares (NNLS) problem, updating only the weights while keeping 

the basis fixed.

Finally, Ref. [43] proposes a contextually-supervised source separa­

tion framework. They incorporate prior information about appliances 

load via penalty terms, allowing for weak supervision in the absence 

of full training data. However, their paper does not provide details 

on how the resulting penalized matrix factorization problem is solved 

algorithmically.

2.2.2 . Beyond the building level

To the best of our knowledge, only two works tackled a load dis­

aggregation problem beyond the building scale, among which only one 

concerns a disaggregation in consumer categories:

• A recent study2 [44] proposes an unsupervised method for sepa­

rating the weather- and calendar-dependent components of the na­

tional load curve. Similarly to us, they don’t rely on the observation 

of disaggregated measurements for model training. Nevertheless, 

their methodological framework does not resemble ours as they es­

timate the separate components as non-linear functions of weather 

and calendar variables with a deep-learning method. The authors 

themselves note a key limitation: the resulting decomposition lacks 

meaningfulness and practical utility. In contrast, our approach’s de­

composition is both identifiable and meaningful, as prior research 

on load profiling has shown.

• Another, more relevant work is Ref. [12], which proposes a source 

separation framework to estimate consumer category profiles from 

transformer substation load data. Their method uses a customer 

database containing annual consumption for each consumer cate­

gory, which is available for every area covered by the substations. 

The main difference on the application side regards the fact that 

they work at the low-medium voltage vs high-voltage network 

scale in our case. On the methodological side, since they already 

know the consumer category weights in the aggregate curves, 

they solve a non-blind source separation problem—which boils 

down to NNLS—for which a global minimum exists. Our source 

separation problem instead is truly blind, as consumer category 

weights are unknown and must be estimated simultaneously with 

the source profiles. This optimization problem is more complex as it 

is non-convex and therefore no global minimum can be found [45]. 

Though valuable for the specific problem tackled by the authors, 

their study has several limitations affecting the validity of results 

and its generalizability to similar yet different load disaggregation 

problems like ours:

1. It relies on a non-typical customer database—belonging to the 

French DSO—providing very local consumer information which 

may not be available for other applications. Our method, con­

versely, uses widely available country-level annual and monthly 

consumption data.

2. As noted by the authors in the conclusion, they do not have an 

automatic way to determine the number of source profiles that 

can be extracted from the aggregate curves. In our case, though 

we look for a three-level decomposition, we model the aggregate 

load with a higher number of source profiles, directly inferred 

from the data.

3. By assigning a single and fixed profile to each consumer cat­

egory, they assume that average consumption behaviors at 

this geographical scale are temporally and spatially invariant. 

However, Ref. [18] highlights that, while this is a reasonable 

assumption for households, the industry profile is very likely 

to differ between areas depending on the local industrial mix. 

Moreover, the results of Ref. [15] clearly show that household 

and service profiles change over the year. The framework of the 

present work, instead, enables flexible profiles that can account 

for intra-week and seasonal variations.

4. They only test the ability of their model to accurately repre­

sent a new transformer aggregate load curve but they don’t 

validate the accuracy of their decomposition. This is obviously 

due to the lack of ground truth measurements, like us, but in 

our case we validate the disaggregated estimates at the month 

level against sector-level consumption indicators and compare 

the load profiles with those reported in the literature.

2.3 . Constrained NMF

Beyond contributions specifically addressing load disaggregation 

problems, several constrained NMF (CNMF) methods have been proposed 

2 In which the authors confirm the literature gap we identify.
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in the literature, most of which extend the original multiplicative up­

dates (MU) algorithm introduced in Ref. [20]. A recent review can be 

found in Ref. [46]. However, most papers tackle highly specific cases 

which are not generalizable to our problem. For instance, Refs. [47,48] 

introduce a so-called CNMF method which is in reality more akin to 

nonnegative matrix tri-factorization (NMTF).

Several contributions—mainly in the hyperspectral unmixing 

literature—focus on sparse or smooth NMF (which can both be considered 

as belonging to CNMF, c.f. [46]), where an 𝐿𝑝-norm or a more elaborate 

regularization term is incorporated into the objective function [49–52] 

to promote sparsity or smoothness in the factor matrices. In a differ­

ent direction, Ref. [53] propose a specific CNMF method—classified as 

NMF in manifolds in Ref. [46]—aiming at preserving pairwise similarities 

between observations in the reduced space. Finally, Ref. [54] provides 

theoretical grounding for our LCNMF method by showing that the MU 

algorithm can be trivially tweaked to solve NMF with additional linear 

constraints on the factor matrices, although the modified MU algorithms 

are not explicitly detailed in their paper.

Consequently, this work introduces a novel algorithmic framework 

for solving a general NMF problem with linear constraints on the factor 

matrices.

2.4 . Research gap and main contributions

All aforementioned studies on aggregate load modeling and profil­

ing rely on the availability of large, costly, end-user load samples or 

atypical consumer information datasets, making them poorly general­

izable. Besides, most of them put efforts into the definition of granular 

load-based consumer classifications while failing to account for the tem­

poral variations of daily profiles. Moreover, none of them address the 

problem of monitoring the total consumption of an entire consumer 

group, such as households, services or industry at the national level 

and at high frequency. Despite studies showing that highly aggregate 

load curve variations reflect a dynamic composition of distinctive sec­

tor consumption profiles, no work has explored the potential of load 

disaggregation methods for large-scale sector consumption monitoring. 

Finally, no existing methodological framework makes it possible to solve 

a general NMF problem with linear constraints, such as the one consid­

ered in this paper. To address these limitations, this paper makes the 

following contributions:

1. We are the first to propose a transmission-level load disaggrega­

tion method for monitoring sectoral power demand from national 

high-voltage grid load measurements.

2. We introduce a novel top-down approach for identifying country-

level sectors daily load profiles and their temporal variations 

which does not require the availability of consumer-level samples 

and relies on open-access TSO data only.

3. We provide an algorithmic framework to solve a general NMF 

problem with linear constraints on the factor matrices, which can 

be applied to unsupervised load disaggregation problems at any 

scale of the power grid.

3 . Methodology

Fig. 1 provides an input–output diagram of the load decomposition 

process.

3.1 . Data

The consumption data we aim to decompose come from the Italian 

TSO’s (Terna) hourly measurements of the national load in Italy between 

2021 and 2023 [55]. Additionally, available information on sectors’ 

electricity consumption is used. Specifically, we use two sector-level 

data sources:

Fig. 1. Diagram showing the load decomposition process. The input data are 

represented in blue rectangular boxes (lighter blue for secondary inputs) while 

the output of the LCNMF disaggregation procedure is represented as a red 

rectangular box. 

Table 1 

Data sources and preprocessing steps.

Data Resolution Unit Source Preprocessing

Load Hourly MW [55] Daylight saving time (DST) 

adjustment1

ASD Yearly MWh [56] Merge of Agriculture into Industry and 

rescaling to match load data2

MSI Monthly None [57–59] None

1
 The second occurrence of the duplicate timestamp (02:00) on hour gain days 

is deleted and the missing timestamp (02:00) on hour loss days is added with the 

load value observed at 01:00.
2

 Note that the decomposition, originating from load data, will inherently over­

estimate the sectors’ consumption as it disaggregates a quantity that includes 

network losses, being computed from the generation side of the grid. To address 

this issue, one can either subtract the losses to the load data or add the losses 

proportionally to the ASD, before running the separation process.

(i) The yearly consumption per sector from Terna’s annual consump­

tion report [56], which we refer to as the annual sector demand

(ASD).

(ii) Three unitless indicators [57–59] used by Terna, describing the 

monthly evolution of the household, industry3 and services sec­

tors consumption, designated as monthly sectoral indicators (MSI).

Table 1 shows a tabular view of the three different data sources and the 

preprocessing steps applied.

3.2 . Qualitative description

Blind source separation (BSS) is a technique used to separate a set of 

mixed signals into their original, independent source components, with­

out prior knowledge of the mixing process or the source signals. In our 

load disaggregation problem, we observe each day a load curve having 

a specific shape resulting from the mixture of the sectors’ load profiles–

which can be seen as the source signals. We aim to leverage the fact 

that some sectors are predominant on certain days to identify their load 

3 This also includes the agricultural sector. Given that the agricultural sector’s 

weight in total consumption is negligible compared to the three other sectors, 

and since we have no suitable indicator to act as a proxy for its monthly con­

sumption, we have chosen to merge this sector with the industrial one (as we 

believe their consumption patterns are most similar).
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Fig. 2. Illustration of the load disaggregation problem. In this example, each sector is associated with one source only. 

profile, estimate their contribution to the overall mixture, and recon­

struct their load signal. However, beyond this necessity to have mixture 

weights, i.e., sector importance, that show some degree of variability, 

BSS assumes that sectors have distinct and time-invariant load profiles. 

While it is reasonable to expect that the typical load curve of one sec­

tor differs from another, it is clear that these profiles can vary based 

on factors such as the day of the week (weekday vs. weekend) or the 

season (winter vs. summer) as shown in Ref. [15]. Therefore we cannot 

consider the sectors’ load profiles as fixed and constant over time. To 

address this limitation, we assume that each sector’s load profile is it­

self a mixture of multiple underlying sources, which may or may not 

be directly interpretable, and that these sources meet the conditions 

for separation. Note that the number of sources present in the aggre­

gated signal can be inferred from the data with dimensionality reduction 

techniques such as principal component analysis (PCA). By identifying 

the contribution of these sources to the overall load signal, we can esti­

mate the contribution of each sector by aggregating the corresponding

sources (Fig. 2).

However, without incorporating prior information on the sectors pro­

files or weights, the likelihood of finding the desired decomposition—

where the sources are precisely the “voices” of our sectors—is quite low. 

Fortunately, we do have valuable data that can guide the separation 

process: the ASD and MSI. The ASD provides information on sectors’ to­

tal annual consumption, while the MSI indicates how this consumption 

is distributed over the 12 months. Hence an estimate of each sector’s 

monthly consumption can be computed, and this can be compared to 

the results of the decomposition, aggregated at the month level. By con­

straining the decomposition to produce monthly consumption estimates 

that align with these known values, we can identify sources that are 

hierarchically linked to the sectors and hence reconstruct the sectors’ 

load.

Once we have identified the sources, any new set of daily load curves 

can be decomposed into contributions from these sources without re­

quiring any further information about sectors’ consumption (which, 

by contrast, is necessary for the initial source identification). In other 

words, we can decompose new load data using only the load curves 

themselves (and the identified sources, obviously). The source separa­

tion process becomes “non-blind” because we only need to estimate the 

weights of the observed mixtures. To validate this nowcasting predic­

tive approach, we decompose the load curves for the year 2023 using 

the sources estimated from 2021-2022, without using any further sector-

level data. We then compute the predicted monthly consumption and 

compare it to the MSI for verification.

The next two subsections delve into the mathematical details of what 

was just described.

3.3 . Model

Let 𝐿𝑖 ∶ [0, 𝑇 ] → R+ represent the system’s4 load as a function of 

time during a day 𝑖 ∈ {1,… , 𝑛}. The total energy consumption 𝑒𝑖 during 

day 𝑖 is given by:

𝑒𝑖 = ∫

𝑇

0
𝐿𝑖(𝑡)𝑑𝑡 = ‖𝐿𝑖‖1

We define 𝑋𝑖 ∶ [0, 𝑇 ] → R+ as the load shape curve observed on 

day 𝑖:

𝐿𝑖 = 𝑒𝑖 ⋅𝑋𝑖

In other words, 𝑋𝑖 is the normalised load curve of day 𝑖 such that it 

corresponds to a total consumption of 1. For notational convenience, 

we may assimilate 𝑋𝑖 to an element of R𝑝
+, corresponding to evaluations 

of the underlying function at 𝑝 regularly-spaced time instants spanning 

the interval [0, 𝑇 ]. For example, 𝑝 = 25 corresponds to evaluations at 

00:00, 01:00, …, 24:00.

Each curve 𝑋𝑖 is assumed to be a mixture of 𝐾 sources 𝑆1,… , 𝑆𝐾  with 

𝐾 ≪ 𝑛: 

⎧

⎪

⎪

⎨

⎪

⎪

⎩

𝑋1 = 𝑐11𝑆1 + 𝑐12𝑆2 +⋯ + 𝑐1𝐾𝑆𝐾 + 𝜖1
𝑋2 = 𝑐21𝑆1 + 𝑐22𝑆2 +⋯ + 𝑐2𝐾𝑆𝐾 + 𝜖2

⋮

𝑋𝑛 = 𝑐𝑛1𝑆1 + 𝑐𝑛2𝑆2 +⋯ + 𝑐𝑛𝐾𝑆𝐾 + 𝜖𝑛

(1)

where for 𝑖 ∈ {1,… , 𝑛} and 𝑘 ∈ {1,… , 𝐾}, the coefficient 𝑐𝑖𝑘 represents 

the concentration of source 𝑘 in the load (shape) curve 𝑋𝑖 and 𝜖1,… , 𝜖𝑛
are additional noise terms. The profiles 𝑆1,… , 𝑆𝐾  and the concentra­

tions 𝑐𝑖𝑘’s are constrained to be positive. Additionally, we impose that 

𝑆1,… , 𝑆𝐾  integrate to 1 (as the 𝑋𝑖’s) and thus 𝑐𝑖1 +⋯ + 𝑐𝑖𝐾 = 1, for all 

𝑖 ∈ {1,… , 𝑛}. The system of Eq. (1) can be re-written in a matrix form: 

X ≈ 𝐶𝑆 (2)

where X is the 𝑛×𝑝 load curves matrix, 𝐶 the 𝑛×𝐾 concentrations matrix 

and 𝑆 the 𝐾 × 𝑝 sources matrix:

X =

⎡

⎢

⎢

⎢

⎢

⎣

𝑋1
𝑋2
⋮
𝑋𝑛

⎤

⎥

⎥

⎥

⎥

⎦

, 𝐶 =

⎡

⎢

⎢

⎢

⎢

⎣

𝑐11 𝑐12 ⋯ 𝑐1𝐾
𝑐21 𝑐22 ⋯ 𝑐2𝐾
⋮ ⋮ ⋮
𝑐𝑛1 𝑐𝑛2 ⋯ 𝑐𝑛𝐾

⎤

⎥

⎥

⎥

⎥

⎦

and 𝑆 =

⎡

⎢

⎢

⎢

⎢

⎣

𝑆1
𝑆2
⋮
𝑆𝐾

⎤

⎥

⎥

⎥

⎥

⎦

.

The load can hence be decomposed by finding a pair of matrices 𝐶̂
and 𝑆̂ whose product 𝐶̂𝑆̂ best approximates the data X. The estimated 

4 The national power grid in our case
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consumption 𝑒𝑖𝑘 of source 𝑘 during day 𝑖 is then deduced by multiplying 

the estimated concentration 𝑐𝑖𝑘 with the total consumption 𝑒𝑖:

𝑒𝑖𝑘 = 𝑐𝑖𝑘𝑒𝑖

𝐾 can be chosen by estimating the underlying dimension 𝑑 of the space 

in which the load curves X are embedded, e.g. with functional principal 

component analysis (FPCA) [60]. Given that the fitted curves 𝐶𝑆 are 

convex linear combinations of the sources and therefore live in a (𝐾 −
1)-dimensional linear subspace of R𝑝

+, we must choose 𝐾 = 𝑑 + 1.

The low-rank matrix approximation problem of equation (2), when 

both matrices are constrained to have all their coefficients positive, is 

known as Non-negative Matrix Factorization (NMF), with the difference 

that we have an additional constraint due to the fact that the profiles 

contained in 𝑆 must integrate to 1. Moreover, as stated in the previous 

section, we would like to add a constraint on the solution such that it is 

consistent with the ASD-MSI sectors’ monthly consumption estimates. To 

formalise this, let 𝐸 = [𝑒1 𝑒2 … 𝑒𝑛]′ be the 𝑛-dimensional vector of daily 

consumption, for which we consider a block-form notation in which the 

vector elements are grouped by month:

𝐸 =

⎡

⎢

⎢

⎢

⎢

⎣

𝐸1
𝐸2
⋮
𝐸𝑚

⎤

⎥

⎥

⎥

⎥

⎦

where 𝑚 is the number of months in the period considered. We addi­

tionally define a 𝑚 × 𝑛 matrix B and re-write the 𝑛 × 𝐾 matrix 𝐶 of 

concentrations in a similar block-form manner:

B =

⎡

⎢

⎢

⎢

⎢

⎣

𝐸′
1 0 ⋯ 0
0 𝐸′

2 ⋯ 0
⋮ ⋮ ⋱ ⋮
0 0 ⋯ 𝐸′

𝑚

⎤

⎥

⎥

⎥

⎥

⎦

and 𝐶 =

⎡

⎢

⎢

⎢

⎢

⎣

𝐶1
𝐶2
⋮
𝐶𝑚

⎤

⎥

⎥

⎥

⎥

⎦

Multiplying the two matrices gives us the 𝑚 × 𝐾 matrix of the monthly 

consumption of the 𝐾 sources:

B𝐶 =

⎡

⎢

⎢

⎢

⎢

⎣

𝐸′
1𝐶1

𝐸′
2𝐶2
⋮

𝐸′
𝑚𝐶𝑚

⎤

⎥

⎥

⎥

⎥

⎦

The problem now concerns mapping the 𝐾 sources to the 𝑔 sectors. We 

may assign more sources to sectors where we expect the characteristic 

load profile to vary more significantly throughout the year. We formalise 

this mapping by defining a surjection 𝜎 ∶ {1,… , 𝐾} → {1,… , 𝑔} and the 

associated 𝐾 × 𝑔 matrix A such that, for source 𝑖 ∈ {1,… , 𝐾} and sector 

𝑗 ∈ {1,… , 𝑔}:

A𝑖,𝑗 =

{

1 if 𝑗 = 𝜎(𝑖) i.e., if i is a source of sector j
0 otherwise

For instance, in the case 𝐾 = 5 and 𝑔 = 3, attributing source 1 to sector 

1, sources 2 and 3 to sector 2, and sources 4 and 5 to sector 3, we have:

A =

⎡

⎢

⎢

⎢

⎢

⎢

⎣

1 0 0
0 1 0
0 1 0
0 0 1
0 0 1

⎤

⎥

⎥

⎥

⎥

⎥

⎦

We can finally obtain the 𝑚 × 𝑔 matrix Z of the estimated monthly 

consumption per sector:

Z = B𝐶A

On the other side, let Y = [𝑌1 … 𝑌𝑔] be the 𝑚 × 𝑔 matrix whose columns 

𝑌𝑗 ’s represent the MSI, which, as highlighted in Section 3.2, only carry 

information on the shape that the columns of Z, seen as monthly time 

series, must assume. Intuitively, we would like to drive the decomposi­

tion to yield a Z matrix with columns as correlated as possible with those 

of Y, regardless of the difference in scale. However, the introduction of 

a penalty term based on the Pearson correlation coefficient–or other rel­

evant similarity measure quantifying statistical dependence–between Z𝑗
and Y𝑗  in the loss function may be computationally intractable. To ad­

dress this issue, our approach is to use the ASD to rescale the matrix Y

so that it can directly be compared to Z. More specifically, let 𝑤𝑗 , for 

𝑗 ∈ {1,… , 𝑔}, be the total consumption given by the ASD of sector 𝑗
over the period considered (which must necessarily be composed of en­

tire years). Note that we should have 𝑤1 +⋯ +𝑤𝑔 = ‖𝐸‖1. Performing 

the following scaling operation, for all 𝑗 ∈ {1,… , 𝑔}:

𝑌𝑗 ←
𝑌𝑗

‖𝑌𝑗‖1
𝑤𝑖

Y is now exactly an estimate of what Z should be. Note that the 

boundary condition 𝑌1 +⋯ + 𝑌𝑔 = [‖𝐸1‖1, ‖𝐸2‖1,… , ‖𝐸𝑚‖1]
′, i.e., sum­

ming the sectors’ consumption should give the total consumption at the 

month level, may not be fully satisfied but we can similarly rescale Y

row-wise to correct this effect.

We can write down the final optimisation problem:

(𝐶̂, 𝑆̂) = argmin
𝐶∈R𝑛×𝐾

+ , 𝑆∈R𝐾×𝑝
+

dist(X, 𝐶𝑆)2

s.t. B𝐶A = Y

𝑆 𝟏𝑝 = 𝟏𝐾 (3)

where dist() is some distance measure on R𝑛×𝑝
+  and 𝟏𝑟 is the 𝑟-dimensional 

vector of ones.

3.4 . Solution method

The Multiplicative Updates (MU) algorithm introduced by Lee and 

Seung [20] allows one to find a local minimum to the ordinary NMF 

problem, formulated with a distance measure being the metric induced 

by the Frobenius norm (or another distance measure similar to the 

Kullback-Leibler divergence). Essentially, starting from arbitrary initial 

values, the matrices 𝐶 and 𝑆 are alternately updated by multiplying 

their current values by a factor that depends on the quality of the 

approximation, until convergence.

We propose a modified version of the MU algorithm to solve the 

linearly constrained non-negative matrix factorization (LCNMF) problem, 

i.e., NMF with additional equality constraints that take a linear form 

in the factor matrices, generalizing (3). Indeed, given any B ∈ R𝑚×𝑛
+ , 

A ∈ R𝐾×𝑔
+ , Y ∈ R𝑚×𝑔

+ , F ∈ R𝑙×𝐾
+ , D ∈ R𝑝×𝑞

+ , Z ∈ R𝑙×𝑞
+ , let

(𝐶̂, 𝑆̂) = argmin
𝐶∈R𝑛×𝐾

+ , 𝑆∈R𝐾×𝑝
+

dist(X, 𝐶𝑆)2

s.t. B𝐶A = Y

F𝑆D = Z. (4)

We reformulate (4) by choosing the metric induced by the Frobenius 

norm as the distance measure and translating the constraints in terms 

of distance. Considering then its Lagrangian form, we obtain the fol­

lowing unconstrained loss function to be minimized, with constraints 

incorporated as penalization terms: 

L(𝐶, 𝑆) = ‖X − 𝐶𝑆‖2𝐹 + 𝛼‖B𝐶A − Y‖

2
𝐹 + 𝛽‖F𝑆D − Z‖2𝐹 (5)

for some 𝛼, 𝛽 > 0 penalizing violations of the constraints.

To minimise L, we start from arbitrary initial values and update the 

factor matrices as follows, until convergence:

𝑆 ← 𝑆 ⋅
𝐶 ′X + 𝛽F′ZD′

𝐶 ′𝐶𝑆 + 𝛽F′F𝑆DD′ , 𝐶 ← 𝐶 ⋅
X𝑆′ + 𝛼B′YA′

𝐶𝑆𝑆′ + 𝛼B′B𝐶AA′
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where ⋅ (multiplication) and  (division) operations are coefficient-

wise. These updates are derived following the same logic as in Ref. [20], 

further detailed in the appendix.

A first consideration regards the determination of suitable 𝛼 and 𝛽
values as they define the weight that will be given to the terms penalizing 

the violation of the constraints. Given that the penalization loss terms 

may not be of the same magnitude as the factorization loss term, their 

primary purpose is a rescaling one. Analysing jointly the three loss terms 

at convergence obtained for different values of (𝛼, 𝛽), one can determine 

suitable values.

A second consideration concerns the initialization strategy, which is 

obviously a critical point. Our approach involves running the MU algo­

rithm 𝑁 = 1000 times, each time with a different initialization–keeping 

the same initial value 
[

1
𝑝 … 1

𝑝

]′
 for the rows of 𝑆 but obtaining each 

time a different initial value for 𝐶 by uniformly sampling its rows on the 

simplex S(𝐾) = {𝑥 ∈ R𝐾
+ ∣ 𝑥1+⋯+𝑥𝐾 = 1}—generating a large set of so­

lutions. This set of solutions is then clustered based on the loss function 

value at convergence and the cluster of solutions associated with the 

minimum value is retained. This allows us to work with an ensemble 

of 𝑁∗ solutions that can be combined to obtain more robust estimates 

and to quantify uncertainty. The ensemble estimated consumption 𝑒𝑖𝑘
of source 𝑘 during day 𝑖 is hence deduced by averaging the individual 

estimates given by the 𝑁∗ solutions:

𝑒𝑖𝑘 = 1
𝑁∗

𝑁∗
∑

𝑙=1
𝑐(𝑙)𝑖𝑘 𝑒𝑖

Additionally one can also retrieve source 𝑘’s estimated load during day 𝑖:

𝐿̂𝑖𝑘 = 1
𝑁∗

𝑁∗
∑

𝑙=1
𝑐(𝑙)𝑖𝑘 𝑒𝑖 𝑆

(𝑙)
𝑘

As mentioned in Section 3.2, we can project a new load curve X0 on 

the linear space spanned by the solution matrix 𝑆̂ to estimate the 

sources concentrations hence sectors’ contributions to X0. The source 

separation problem becomes “non-blind” as we only need to estimate 

the concentrations:

𝐶̂0 = argmin
𝐶∈R𝑛×𝐾

+

‖X0 − 𝐶𝑆̂‖2𝐹

This is a convex optimisation problem for which the global minimum 

can be found, as long as the sources are linearly independent (i.e., 𝑆̂ is 

full rank). In practice, we use the standard MU of Ref. [20] to solve the 

problem, updating 𝐶 only.

4 . Results

4.1 . LCNMF solutions analysis and interpretation

We applied the source separation algorithm to 2021 and 2022 data, 

acting as a training set, to identify the sources and consequently the sec­

tors’ profiles. We held 2023 data out as a test set on which we estimated 

the concentrations of the sources identified in the training set, without 

incorporating the ASD-MSI information. We then compared the sectors’ 

monthly consumption of 2023 estimated from the decomposition with 

the ASD-MSI target.

Fig. 4 shows the scree plot of the FPCA performed on 2021–2022 

load curves. We can see that 4 principal components explain ≈ 97%
of the variance and appear to be a good choice for dimensionality re­

duction. We can therefore deduce that we should achieve a satisfying 

decomposition with 𝐾 = 5 sources. Trials clearly indicate that the op­

timal sources/sectors mapping is obtained by assigning two sources to 

households, two sources to services and one source to industry.

Concerning the penalization parameters, we chose 𝛼 = 3 ⋅ 10−10 and 

𝛽 = 1 as they provided the best trade-off between matrix factorization 

quality and compliance with the constraints. Following the 𝑁 = 1000

Fig. 3. Value of the loss L at convergence for the 𝑁 = 1000 LCNMF runs. The 

values are vertically jittered for legibility. The grey dashed line indicates the 

threshold used to isolate the red cluster.

Fig. 4. Scree plot of the FPCA run on 2021–2022 load curves.

Table 2 

Comparison of the low-rank matrix approximation quality 

between FPCA and LCNMF.

Loss ‖𝐴 − 𝐵‖1 ‖𝐴 − 𝐵‖𝐹 ‖𝐴 − 𝐵‖∞

FPCA 9.2 0.0096 0.0053

LCNMF 8.9 0.0077 0.0051

LCNMF runs, two compact and well-separated clusters of loss values at 

convergence were observed. We then simply used a threshold of L = 0.01
to retrieve the cluster of 𝑁∗ = 271 optimal solutions (Fig. 3).

As underlined in Section 3.4, we do not choose a specific solution 

but we analyse and use the entire set of 𝑁∗ optimal solutions to obtain 

a robust ensemble estimation and quantify uncertainty.

A first consideration regards the quality of the approximation of the 

load curves that we obtain with the LCNMF decomposition. Table 2 com­

pares the average low-rank matrix approximation quality of LCNMF with 

the approximation provided by the projection of the curves onto the 

space spanned by the first 4 functional principal components.

The comparison is relevant because both approximation methods 

rely on a 4-dimensional representation. We observe that LCNMF pro­

vides a better fit than FPCA, showing that the approximation quality is 

more than satisfactory.

The extracted sources are shown in Fig. 5. We notice considerable 

variability across the different solutions, except for the source corre­

sponding to the industrial sector. In this case, all solutions converge 

on the same load profile, marked by a sharp morning ramp beginning 

at 05:00 and three distinct peaks at 09:00, 16:00, and 20:00. Sources 

mapped to the household sector show a morning ramp that either starts 

steeply at 05:00 or more gradually at 08:00. The first one displays an 

evening peak around 18:00–19:00, while the second one shows it around 
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Fig. 5. Sources corresponding to the 𝑁∗ = 271 retained solutions. Each thin line corresponds to one solution while the thick line, added for visualization purposes, 

is the geometric medoid of the thin lines, which is the closest observation to the geometric median (in terms of Euclidean distance). Since inside a sector the source 

number is arbitrary, the sources of household and services were aligned on the order given by the first solution.

21:00–22:00. Beyond these few observations, the results are hard to 

interpret. The sources linked to the services sector are generally flat­

ter than those of the household sector. They typically exhibit a morning 

ramp either at 05:00 or 07:00, depending on the solution. In particu­

lar, for most solutions, 𝑆4 (Services) shows an afternoon peak around 

17:00–18:00. 𝑆5 (Services) seems to be characterized, in most cases, by 

a rather constant regime with an afternoon trough centered on 15:00 

and an evening peak located around 20:00.

Overall, except for the industrial sector whose load profile is directly 

described by 𝑆3 (Industry), the interpretability of the resulting sources 

for the two other sectors is limited as their load profile is given by a posi­

tive linear combination of their sources. For these two sectors, there is in 

fact a profile specific to each day as the weights of the linear combination 

are free to vary, thereby causing a modification of the profile whenever 

one weight increases in proportion to the other. Fig. 6 shows the average 

profile of households and services that we obtain depending on the type 

of day—Monday, Working day, Saturday and Holiday5—and the sea­

son.6 It is quite clear that enabling flexible profiles allows us to model 

weekly and yearly seasonal variations in these two sectors’ daily con­

sumption patterns. Specifically, we can see that the households profile 

is represented by a double-hump curve with a first small hump at 10:00-

11:00 and a second higher one around 19:00-20:00. The curve is flatter 

and has a shallow and late morning ramp during the weekends com­

pared to the weekdays. We can also note that the evening peak is delayed 

by one hour, occurring more around 20:00 than 19:00. Concerning the 

seasonal effect, we observe a fall-winter vs a spring-summer regime. Fall-

winter profiles show higher amplitude, an earlier and steeper morning 

ramp, and an earlier evening peak around 19:00. On average, the ser­

vices profiles show a nearly constant activity between 10:00 and 20:00 

with no clear morning or evening peak, which is consistent with business 

5 Sundays and Bank holidays
6 The mapping is made at the month level so winter is composed of all 

days from January to March, spring from April to June, summer from July to 

September and fall from October to December.

and office hours in Italy. While the day type effect is not so clear, we 

observe a seasonal effect that is similar to that for households, with the 

difference that summer and spring show slightly diverging behaviors in 

the afternoon.

The interpretation of the identified sources is made easier by looking 

at their concentrations measured every day. Specifically, we can try to 

understand whether a source is more or less active depending on the day 

type and the period of the year.

Fig. 7 shows the distribution of the average concentration of each 

source per type of day and season. We can therefore appraise both the 

effect of day type/season, and the variability, or disagreement, among 

the solutions. Overall, the day type seems to have a clear effect on the 

activity of any source (Fig. 7 a): on average, all five sources contribute 

equally to holidays while Mondays and working days are clearly domi­

nated by 𝑆3 (Industry). Saturdays lie in-between. Besides, we can note 

the strong agreement between solutions—which can be called “models” 

at this point—on the average concentration estimated during working 

days compared to the other day types. On the contrary we observe con­

siderable disagreement in the disaggregation of Mondays’ load curves, 

especially regarding 𝑆3’s contribution.

For what regards the seasonal effect, Fig. 7(b) highlights a clear op­

position between spring-summer and fall-winter conditions for sources 

associated with households, 𝑆1 and 𝑆2, as was observed previously 

in the profiles. This observation supports the existence of two load 

regimes characterizing household consumption, one under cold temper­

atures, driven by 𝑆1, and one under warm temperatures, driven by 𝑆2. 

A possible explanation is the quadratic effect of temperature on power 

consumption in Italy [17] with electric heating in winter and air con­

ditioning devices in summer, causing two distinct seasonal shifts in the 

daily consumption profile. Note that this dual effect may not apply to 

countries where there are only either heating or cooling needs, e.g., 

Denmark. The seasonal effect is also pronounced on 𝑆3 (Industry), with 

the lower activity in summer (due to factory closures in August) and a 

highest activity in spring, indicating therefore that this effect is more a 

calendar than a climatic one. A summer effect opposed to the spring one 

is also perceived for 𝑆4 (Services).
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Fig. 6. Average load profiles found for the households and services sectors depending on the day type and the season. The load profiles were first averaged at the day 

type and season level for each solution separately after which the average across solutions was retrieved. For legibility, we do not show the result for all individual 

solutions.

Fig. 7. Distribution of the average concentrations per day type and season across 

solutions.

4.2 . Disaggregated consumption

The core output of the process, as indicated in Fig. 1, is the disaggre­

gated load signal, with the three separate contributions of the sectors. 

We first compute the daily load curve of each source, obtained from the 

shape curve rescaled with the fraction of the daily consumption corre­

sponding to that source, itself obtained by multiplying the concentration 

with the daily consumption. We then add up the sources curves to get 

the sectors curves, which we finally concatenate along days to get a 

continuous signal. Note that the signal presents an inherent discontinu­

ity every day at midnight since the concentration varies non-smoothly 

from day to day. This discontinuity is obviously a mathematical arti­

fact, which however does not affect the aggregated daily quantities. 

Nonetheless, for applications where this discontinuity is deemed to be 

problematic, it can be overcome by smoothing the concentrations re­

garded as hourly data over time, keeping daily average concentrations 

equal to the original ones. In this paper, we don’t pursue the matter 

further.

The disaggregated load signal for the first week of February 2022 

is shown in Fig. 8(b). Beyond the uncertainty which is quite high for 

the household and services sectors compared to the industrial one, we 

can observe that the uncertainty is higher during the weekend and even 

higher on Monday. This confirms the earlier observed fact that Mondays 

have a different status from the other weekdays.

Unfortunately, we don’t have sector-level consumption data to val­

idate the results of the disaggregation at the hourly, daily or weekly 

level. But moving to the monthly level, we have the MSI to which 

our estimates can be compared, which are the data, together with the 

ASD, that were used to guide the separation process. As 2023 was left 

out in the blind separation process—meaning that the sector-level in­

formation corresponding to that year is completely unknown to the 

model—we can reliably validate our disaggregation procedure by verify­

ing whether monthly sectors’ consumption estimates align with the MSI 

for that year. As a benchmark, we include a naive forecast corresponding 

to one-year-lagged values and a yearly-seasonal exponential moothing 

model: Holt-Winter’s (HW) additive method with no trend7 [61]. For the 

HW model, we forecast the 12 months of 2023 using 2021–2022 data 

only—similarly to the BSS approach.

The comparison of these out-of-sample predictions with the MSI for 

2023 is reported in Fig. 9 and Table 3. All three estimation methods 

7 Given the series are stationary.

Sustainable Energy, Grids and Networks 46 (2026) 102259 

9 



G. Koechlin, F. Bovera, E. Degli Innocenti et al.

Fig. 8. Result of the load disaggregation for the week starting on Monday 

January 31st, 2022. Shaded areas on the bottom panel represent the one-at-

a-time 95% prediction intervals given by the 0.025 and 0.975 quantiles of the 

ensemble estimation.

align well with the observed values. While BSS appears to reproduce 

the dynamics of the observed series slightly better than the naive 

forecast, its performance remains comparable to that of HW. These 

results suggest that the BSS approach produces accurate monthly con­

sumption estimates and is competitive for nowcasting sectors monthly 

consumption.

5 . Discussion

Though designed for the specific problem tackled in this work, 

the proposed LCNMF method is highly generalizable as it allows solv­

ing a load disaggregation problem at any scale of the power net­

work, for which prior information—such as low-frequency disaggre­

gated consumption values or direct information on one or more load 

Table 3 

Pearson’s correlation coefficient with MSI for the test year 2023.

Naive forecast HW forecast BSS

Household 0.914 0.959 0.951

Industry 0.962 0.961 0.974

Services 0.912 0.971 0.970

components—can be expressed as linear constraints on the factor matri­

ces. While the current formulation addresses linear constraints only, the 

framework can be easily adapted to support more complex non-linear 

forms, provided they involve functions differentiable with respect to the 

factor matrices (see Appendix A).

The application of our BSS framework to Italian national load data re­

vealed established features of household, industry, and services sectors’ 

electricity consumption profiles. There is in fact a strong consistency be­

tween the profiles we estimate and those identified in previous studies 

relying on ground truth data [3,12,15], thereby supporting the validity 

of our results and the effectiveness of the proposed method. In partic­

ular, households consumption shows a daily profile that is dominated 

by an evening peak and is driven by two distinct regimes, in warmer vs 

colder seasons. The services sector is found to be especially active dur­

ing the usual business and office hours and shows a singular summer 

daily load profile, which could be related to the air conditioning devices 

working at their maximum around 16:00, and only in summer. These 

patterns globally align with those observed in Ref. [15] for Denmark, 

with some nuances likely due to climate and lifestyle differences. Finally, 

industrial consumption is particularly low during holiday periods and 

does not seem to be much affected by seasons. The trimodal pattern 

we identify for the industrial daily load profile is very similar to that 

reported by Ref. [12,15]. Besides, the fact that a single source satisfacto­

rily describes industry’s daily load profile, unlike household and services 

profiles which are described by linear combinations of two sources each, 

is in line with the findings of Ref. [15] on the invariance of industrial 

power consumption. This consistent daily consumption pattern allows 

for a clear distinction of industry from the other two sectors. In con­

trast, households and services profiles appear to show a certain degree 

of similarity that makes them harder to dissociate. Besides, the monthly 

sectoral consumption estimates derived from disaggregated load were 

found to closely align with the TSO’s official statistics—indices based 

on consumer samples—and be a competitive approach for nowcasting 

sectors’ monthly consumption.

Fig. 9. Comparison of the BSS monthly sector consumption estimates with the TSO’s MSI and its naive and HW forecasts for the test year 2023. Note that the data 

are not on the same scale and are therefore represented with two different ordinate axes (left/blue for MSI and right/orange for BSS).

Sustainable Energy, Grids and Networks 46 (2026) 102259 

10 



G. Koechlin, F. Bovera, E. Degli Innocenti et al.

A primary limitation of this application is the lack of ground 

truth data at fine temporal resolutions, such as hourly or daily, 

which would enable (i) improved supervision of the source separation 

process and (ii) a direct assessment of disaggregation accuracy, thereby 

complementing the literature-based validation. Besides, the model as­

sumes a hierarchical relationship between the identified sources and the 

sectors, an assumption that may not hold in practice. Indeed, a given 

source may be associated with multiple sectors—for example, air condi­

tioning usage in both residential and commercial consumption. Finally, 

we do not explicitly control for weather effects which are likely to in­

troduce additional variability in the load signal. Properly accounting for 

such effects, by incorporating weather data directly into the model, may 

yield more consistent load profiles and lower estimation uncertainty. 

Another possible solution is to adopt a methodology to separate the 

weather-dependent load component, such as that of Ref. [44], prior to 

the sectoral separation. Future research could extend the empirical val­

idation to other countries or smaller power zones where high-frequency 

ground truth consumption data are available, potentially considering a 

more granular consumer segmentation.

From a broader perspective, models capable of detecting and profil­

ing consumption patterns, distinguishing among different categories of 

customers—such as that proposed in the present work, are a valuable 

tool for flexibility management. Indeed, while generation is becom­

ing more diffuse and less predictable, power demand is evolving due 

to new drivers such as electric vehicles, heat pumps and data centers. 

Concurrently, business opportunities emerge, resulting in a much more 

complex energy market structure. Within this framework, system op­

erators may lack the resources to monitor all the assets necessary to 

effectively manage the power system. Consequently, they could benefit 

from tools able to reconstruct sector-aware power profiles with ap­

propriate granularity. This possibly unlocks opportunities to efficiently 

schedule balancing actions, such as shifting, curtailment and modula­

tion of loads, thereby reducing peak generation and the need for costly 

reserves. Moreover, the use of advanced, standardized profiling mod­

els for end-user demand can enhance TSO-DSO coordination, improving 

system-wide balancing and power system resilience.

Another central takeaway from this work is the potential of statistical 

decomposition methods for solving electrical load profiling or disaggre­

gation problems beyond the building scale, even when no disaggregated 

consumption measurements are available at high-frequency. We hope 

this contribution will encourage further exploration of this topic.

6 . Conclusion

Monitoring electricity consumption at the level of residential, com­

mercial and industrial sectors is of considerable interest to the TSO and 

other power system stakeholders. To date, no solution exists to perform 

it live, at country scale, high frequency and utilizing open-access na­

tional grid load measurements only. In this context, we introduced a 

novel signal separation framework to monitor sectors consumption from 

open-access aggregate grid-scale load measurements collected by the 

TSO. The proposed framework is highly generalizable as it allows solv­

ing a load disaggregation problem at any scale of the power network 

where disaggregated ground truth data are not available, provided there 

is some prior information on load components which can be expressed 

as linear constraints on the factor matrices. Applied to Italian national 

load data over the 2021–2023 period, our method identifies residential, 

commercial and industrial daily load profiles which are consistent with 

existing literature. Besides, sectoral monthly consumption estimates ob­

tained from load disaggregation align with official sector-level power 

demand statistics used by the TSO.

The main limitation of this study lies in the absence of quantitative 

validation at the hourly or daily level, due to the lack of ground truth 

data at these levels. The application to other countries or smaller zones 

where granular disaggregated load data are available is left for future 

research.
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Appendix A . Modified multiplicative updates for the resolution of 

LCNMF

Given B ∈ R𝑚×𝑛
+ , A ∈ R𝐾×𝑔

+ , Y ∈ R𝑚×𝑔
+ , E ∈ R𝑙×𝐾

+ , D ∈ R𝑝×𝑞
+ , Z ∈ R𝑙×𝑞

+ , we 

propose to solve: 

(𝐶̂, 𝑆̂) = argmin
𝐶∈R𝑛×𝐾

+ , 𝑆∈R𝐾×𝑝
+

L(𝐶,𝑆, 𝛼, 𝛽) (A.6)

where

L(𝐶,𝑆, 𝛼, 𝛽) = ‖X − 𝐶𝑆‖2𝐹 + 𝛼‖B𝐶A − Y‖

2
𝐹 + 𝛽‖E𝑆D − Z‖2𝐹

and 𝛼, 𝛽 are two non-negative penalization parameters.

The case 𝛼 = 𝛽 = 0 corresponds to the ordinary NMF problem:

L(𝐶,𝑆) = L(𝐶,𝑆, 0, 0) = ‖X − 𝐶𝑆‖2𝐹

Using matrix differential calculus, with ′ denoting the transpose:

∇𝑆L(𝐶,𝑆) = 2𝐶 ′𝐶𝑆 − 2𝐶 ′X and ∇𝐶L(𝐶,𝑆) = 2𝐶𝑆𝑆′ − 2X𝑆′

Separating positive and negative contributions, the gradient ∇𝑆L or 

∇𝐶L can be written:

∇𝑆L(𝐶,𝑆) = ∇+
𝑆L(𝐶,𝑆) − ∇−

𝑆L(𝐶, 𝑆)

The popular multiplicative updates (MU) algorithm of Lee and Seung 

[20], in the case of Frobenius loss, proposes to alternately update 𝐶 and 

𝑆, as follows:

𝑆 ← 𝑆 ⋅
𝐶 ′X
𝐶 ′𝐶𝑆

, 𝐶 ← 𝐶 ⋅
X𝑆′

𝐶𝑆𝑆′

where ⋅ and  operations are coefficient-wise.
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There are several ways to derive these updates, mentioned in the 

original paper by Lee and Seung and detailed in Section 8.2 of Ref. [45], 

among which the “gradient ratio heuristic” shows that these updates can 

be written:

𝐶 ← 𝑆 ⋅
∇−
𝑆L(𝐶,𝑆)

∇+
𝑆L(𝐶,𝑆)

, 𝐶 ← 𝐶 ⋅
∇−
𝐶L(𝐶,𝑆)

∇+
𝐶L(𝐶,𝑆)

We can apply the same idea in the case 𝛼 ≠ 0 or 𝛽 ≠ 0. In this case we 

have:

∇𝐶L(𝐶,𝑆, 𝛼, 𝛽) = 2𝐶𝑆𝑆′ + 2𝛼B′B𝐶AA′ − (2X𝑆′ + 2𝛼B′YA′)

∇𝑆L(𝐶,𝑆, 𝛼, 𝛽) = 2𝐶 ′𝐶𝑆 + 2𝛽E′E𝑆DD′ − (2𝐶 ′X + 2𝛽E′ZD′)

and we can therefore consider the following updates:

𝑆 ← 𝑆 ⋅
𝐶 ′X + 𝛽E′ZD′

𝐶 ′𝐶𝑆 + 𝛽E′E𝑆DD′ , 𝐶 ← 𝐶 ⋅
X𝑆′ + 𝛼B′YA′

𝐶𝑆𝑆′ + 𝛼B′B𝐶AA′

With a well-chosen auxiliary function, the proofs in Ref. [20] can be di­

rectly adapted to prove that the previous updates lead to a monotonically 

decreasing loss L and a converging update sequence.

Code and data availability

The analyses presented in this work were conducted using Python 

3.11 and R 4.3.0. Code and data are available at https://github.com/

gkchln/bss_load. Note that the monthly sector indicator [57] cannot 

be shared due to privacy reasons and is therefore not included in the 

repository.
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