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Abstract

The increasing penetration of distributed energy resources (DERs) and new electric loads 
associated with decarbonization is pushing Distribution System Operators (DSOs) towards 
more proactive management of Medium Voltage (MV) and Low Voltage (LV) networks. In 
this context, short-term load forecasting (STLF) at the secondary substation (SS) level is 
becoming increasingly relevant for network operation and planning. However, conventional 
approaches typically use exclusively the data at the SS level, without exploiting information 
available across the distribution network. This paper proposes a data-driven hierarchical 
forecasting framework that combines substation-level predictions with aggregated forecasts 
of the underlying connection points. SS are characterized according to their operating condi-
tions, based on the balance between annually consumed and produced energy, to investigate 
how these affect predictability. Forecasts from one to five days ahead are obtained using 
horizon-specific Random Forest (RF) models combining autoregressive, meteorological, 
and calendar information. Minimum Trace (MinT) reconciliation then ensures coherence 
between substation-level and connection-point forecasts. The analysis reveals markedly 
different forecasting behavior across operating conditions, with consumption-dominated 
substations proving considerably more predictable than their generation-dominated coun-
terparts, as reflected in median day-ahead weighted absolute percentage errors of 9.2% 
and 79%, respectively. Hierarchical reconciliation follows the same pattern, delivering its 
most consistent gains for passive substations, with a median day-ahead MAE reduction of 
2.8%, reaching up to 4.6%, while its benefit gradually fades as local generation grows. The 
results provide DSOs with practical indications for adapting forecasting and reconciliation 
strategies across heterogeneous distribution networks.

Keywords: distribution networks; hierarchical reconciliation; load forecasting; machine 
learning; power distribution; random forests

1. Introduction
In recent years, power distribution systems have undergone significant transformations 

due to the increasing integration of Renewable Energy Sources (RESs), Energy Storage 
Systems (ESSs), and the electrification of sectors such as transport and heating through 
Electric Vehicles (EVs) and Heat Pumps (HPs) [1,2]. These Distributed Energy Resources 
(DERs), increasingly connected to Medium Voltage (MV) and Low Voltage (LV) networks, 
are progressively reshaping the operating conditions of distribution grids by introducing 
more variable, heterogeneous, and potentially bidirectional power flows [3]. Consequently, 
Distribution System Operators (DSOs) are required to move toward a more proactive 
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management approach [4]. The ability to anticipate the evolution of electrical demand 
and power flows becomes increasingly important to identify potential operating issues 
before they occur and to plan suitable corrective actions in advance. Accurate short-term 
load forecasting (STLF) therefore represents a key enabling tool for distribution system 
operation [5]. Forecasts ranging from the next few hours to a few days ahead can support 
the early identification of critical operating conditions, the scheduling of flexibility resources, 
and the efficient use of existing network infrastructure. However, the operational value of 
these forecasts depends not only on their temporal horizon, but also on the spatial level at 
which load is predicted.

Distribution system operation involves decisions at different aggregation levels, rang-
ing from the overall network to individual feeders, substations, and local network areas [6]. 
Consequently, the spatial granularity of load forecasts plays a crucial role in determining 
the type of operational information they can provide [7]. While highly aggregated fore-
casts provide an overall view of expected system loading, forecasts at lower aggregation 
levels allow local variations in demand and potential network constraints to be captured 
more effectively.

1.1. State-of-the-Art and Research Objectives
The problem under investigation is schematically illustrated in Figure 1. DSOs can 

access and manage measurements collected by the meters installed at the end users’ con-
nection points, as well as measurements provided by the meter associated with the MV/LV 
distribution transformer. The objective is to forecast the power profile measured at the trans-
former level, which represents the aggregated power exchange between the LV distribution 
network and the upstream MV grid resulting from the consumption and generation of the 
connected users. Such information could enable more efficient and reliable operation of the 
MV grid.

Figure 1. Reference structure of the LV grids under investigation.

Considerable research has been devoted to STLF in distribution networks. Conven-
tional statistical approaches, including linear regression and autoregressive models, remain 
widely used because of their limited computational requirements and straightforward im-
plementation [8]. Autoregressive terms are often combined with calendar and meteorolog-
ical information to capture temporal periodicities and weather-dependent variations [8,9]. 
More recently, machine learning techniques have gained increasing attention because of 
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their ability to model nonlinear relationships between historical measurements and het-
erogeneous input variables. Random Forest (RF) and Gradient Boosting (GB) have been 
successfully applied to distribution-level forecasting, including MV feeders and distribution 
transformers [8,10], while Artificial Neural Networks (ANNs) and recurrent architectures, 
particularly Long Short-Term Memory (LSTM) networks, have been investigated to capture 
more complex temporal dependencies [11,12]. Global forecasting approaches, where a sin-
gle model is trained across multiple distribution-level time series, have also been proposed 
to improve scalability by exploiting common patterns among different loads [13]. Neural-
network-based methods have further been applied to load forecasting at LV substations 
with distributed generation [14].

Despite these advances, forecasting at the distribution level remains challenging, as 
lower aggregation levels are characterized by increasingly heterogeneous consumption and 
generation patterns [15]. As illustrated in Figure 1, different types of users may be connected 
to the LV feeders, and different distribution grids may therefore exhibit heterogeneous 
user compositions. Consequently, forecasting performance can vary significantly with the 
characteristics of the considered load or generation profile [16–19]. This heterogeneity 
becomes particularly relevant when forecasting methods are applied to large populations 
of secondary substations (SSs) [13,20].

A further challenge arises when forecasts are produced across multiple aggregation lev-
els of the distribution network. Forecasts obtained independently for individual customers, 
substations, and higher-level aggregates are not necessarily coherent with the physical 
aggregation structure of the network. Forecast reconciliation methods address this issue by 
adjusting independently generated base forecasts to enforce consistency across aggregation 
levels [21]. Among them, the Minimum Trace (MinT) method proposed in [22] exploits 
the covariance structure of forecast errors to obtain coherent predictions while minimizing 
the overall forecast error variance. Its application to distribution systems has been investi-
gated in [23], where forecasts at customer, phase, and distribution transformer levels were 
reconciled using Advanced Metering Infrastructure (AMI) data. However, reconciliation 
introduces additional computational requirements, which may become critical when the 
procedure is deployed over a large number of substations.

Although the literature provides a wide range of forecasting and reconciliation tech-
niques, fewer studies jointly address heterogeneous SSs, multi-day forecasting, and hier-
archical reconciliation within the same framework. Practical DSO applications therefore 
require forecasting approaches that combine accuracy, robustness across heterogeneous 
operating conditions, and computational scalability. In this context, it is also important to 
assess how forecasting performance varies across substations with different consumption 
and generation characteristics and, consequently, under which conditions the resulting 
forecasts can be considered reliable.

1.2. Paper Contribution
The gaps just highlighted motivate the analysis performed in this paper, which develops 

and evaluates a forecasting framework combining RF regression and MinT reconciliation. 
The proposed approach is tailored to real-world metering data and systematically assessed 
across SSs with heterogeneous operating characteristics, with particular emphasis on the 
forecasting requirements of DSOs. The main contributions of this work are as follows:
• A characterization of SSs according to their consumption and generation behavior, 

distinguishing passive, hybrid, and active operating profiles.
• The development of a STLF framework over a five-day horizon, based on autoregressive, 

meteorological, and calendar features.
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• The assessment of the forecasting methodology on real distribution system measure-
ments over an extended one-year time window.

• The formulation of a measurement-based hierarchy in which the residual between 
the substation meter and the connection-point meters (error index) is modeled as 
an explicit node, which allows MinT reconciliation to be applied to real metering 
data, together with an assessment of its accuracy benefit across operating classes and 
forecasting horizons and of its computational cost.
The rest of the paper is organized as follows: Section 2 presents the proposed method-

ology, including SSs classification, short-term forecasting, and hierarchical reconciliation. 
Section 3 presents the case study and discusses the results in terms of SSs classification, fore-
casting performance across the different operating classes, forecasting drivers, the impact of 
hierarchical reconciliation, and the robustness of the results with respect to the evaluation 
period. Finally, Section 4 summarizes the main findings, conclusions, and limitations.

2. Methodology
The proposed methodology is organized into sequential stages. Each SS is first classified 

based on the ratio between its annual energy consumption and production. The classification 
is then complemented by an autocorrelation analysis of the substation power profile, which 
characterizes the temporal structure of each class and supports the interpretation of the 
forecasting results. Second, a five-day-ahead STLF framework is developed based on a family 
of RF models, with a dedicated feature engineering and forecasting for each day. Third, a 
hierarchical reconciliation stage based on the MinT method is applied to ensure coherence 
between the substation level forecast and the forecasts of the underlying connection point 
clusters, while assessing its impact on forecasting performance. The three stages are detailed 
in the following subsections.

2.1. Secondary Substation Classification
The dataset provided by the DSO consists of real-world measurements collected during 

the operation of its distribution network. For each SS, it includes measurements from the 
balance meter on the MV side of the transformer, describing the aggregated active power 
consumed (A1) and produced (A2), together with the corresponding measurements from 
all underlying connection points. All measurements cover the whole of 2025 at quarter-
hourly resolution (35,040 samples per series). Given the heterogeneous operating conditions 
across substations, a preliminary classification is introduced to characterize their different 
load and generation profiles.

Let EA1  and EA2  denote the energy consumed and produced by the balance-metering 
point over the reference year, obtained by integrating the corresponding quarter-hourly 
power profiles as in Equation (1):

𝐸𝐴1 =
𝑇

∑
𝑡=1

𝑃𝐴1
𝑡 Δ𝑡, 𝐸𝐴2 =

𝑇
∑
𝑡=1

𝑃𝐴2
𝑡 Δ𝑡 (1)

where T = 35,040 is the number of quarter-hour samples in one year and Δt = 0.25 h. 
The classification index 𝜌 is defined in Equation (2) as the ratio between consumed and 
produced energy:

𝜌 =
𝐸𝐴1

𝐸𝐴2 (2)

Each substation is then assigned to one of three classes:
• Passive: 𝜌 > 10;
• Hybrid: 1 ≤ 𝜌 ≤ 10;
• Active: 𝜌 < 1.
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The resulting classes represent different balances between consumption and local 
generation. Passive substations are characterized by energy consumption largely exceed-
ing production, hybrid substations exhibit more comparable levels of consumed and 
produced energy, whereas active substations are characterized by annual production 
exceeding consumption.

The two thresholds have a clear physical interpretation. The threshold 𝜌 distinguishes 
net energy importers from net exporters on an annual basis. Below this threshold, the 
substation injects more energy into the MV grid than it withdraws, meaning that reverse 
power flow dominates annual energy exchanges. The value 𝜌 = 10 identifies substations in 
which local production does not exceed 10% of consumption, so that generation acts only as 
a minor perturbation of an otherwise conventional load profile. As shown in Section 3.2, the 
analyzed substations form three well-separated groups in terms of 𝜌, so that the resulting 
classification does not depend on the exact values of the thresholds.

Beyond describing the operating characteristics of the substations, this classification 
provides a basis for investigating whether different consumption-generation patterns are 
associated with different levels of predictability. To make this link explicit, the sample 
autocorrelation function (ACF) and partial autocorrelation function (PACF) of the balance 
series are computed.

For a stationary series {xt } of mean 𝑥, the Correlation Function (CF) measures the linear 
dependence between observations separated by k time steps. The sample autocorrelation at 
lag k is given by Equation (3).

𝑟𝑘 =
∑𝑇−𝑘

𝑡=1 (𝑥𝑡 − 𝑥)(𝑥𝑡+𝑘 − 𝑥)

∑𝑇
𝑡=1(𝑥𝑡 − 𝑥)2 (3)

While the ACF captures both direct and indirect correlations transmitted through inter-
mediate lags, the PACF isolates the linear dependence between xt  and xt−k  after removing 
the effects of the intermediate lags. To obtain the PACF, an autoregressive model of order k 
is considered, as expressed in Equation (4).

𝑥𝑡 = 𝑐 + 𝜙𝑘1𝑥𝑡−1 + 𝜙𝑘2𝑥𝑡−2 + ⋯ + 𝜙𝑘𝑘𝑥𝑡−𝑘 + 𝜀𝑡 (4)

The autoregressive coefficients 𝜙𝑘1, … , 𝜙𝑘𝑘 are determined by solving the Yule-Walker 
equations reported in Equation (5).

[



1 𝑟1 𝑟2 ⋯ 𝑟𝑘−1
𝑟1 1 𝑟1 … 𝑟𝑘−2
𝑟2 𝑟1 1 … 𝑟𝑘−3
⋮ ⋮ ⋮ ⋱ ⋮

𝑟𝑘−1 𝑟𝑘−2 𝑟𝑘−3 … 1

]



[



𝜙𝑘1
𝜙𝑘2
𝜙𝑘3
⋮

𝜙𝑘𝑘

]



=

[



𝑟1
𝑟2
𝑟3
⋮
𝑟𝑘

]



(5)

The PACF at lag k is then given by 𝜙𝑘𝑘, as expressed in Equation (6).

𝑃𝐴𝐶𝐹(𝑘) = 𝜙𝑘𝑘 (6)

The ACF and PACF therefore characterize the linear dependence of the balance series 
on its past values and provide an indication of the relevance of autoregressive information 
for forecasting.

2.2. Short-Term Load Forecasting Framework
The forecasting framework provides load predictions from one to five days ahead. 

Because the information available at the prediction instant differs for each horizon, a sin-
gle multi-output model is inadequate. Multiple-input multiple-output architectures were 
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considered but discarded due to their higher computational cost [24]. Instead, five inde-
pendent RF regressors {RFk }, k = 1, …, 5, have been trained, each associated with a specific 
forecasting horizon from D-1 to D-5.

2.2.1. Feature Engineering
For each horizon k, three families of features are used to predict the target series:

• Autoregressive terms;
• Weather variables;
• Calendar variables.

The autoregressive terms are constructed from two families of past values, motivated 
by the two dominant periodicities of the load. These include daily and weekly lags to 
capture short-term persistence and recurring weekly patterns. Lag selection depends on 
the forecasting horizon k. Since observations between days D and D-k are unavailable, 
only lags satisfying ℓ ≥ 96k are used. The resulting lags for the five models are reported in 
Table 1.

Table 1. Autoregressive lags retained for each forecasting model.

Model Lag 1 Lag 2 Lag 3 Lag 4 Lag 5

RF1 
(D-1) 96 (1d) 192 (2d) 288 (3d) 384 (4d) 672 (1w)

RF2 
(D-2) 192 (2d) 288 (3d) 384 (4d) 480 (5d) 672 (1w)

RF3 
(D-3) 288 (3d) 384 (4d) 480 (5d) 576 (6d) 672 (1w)

RF4 
(D-4) 384 (4d) 480 (5d) 576 (6d) 672 (1w) 1344 (2w)

RF5 
(D-5) 480 (5d) 576 (6d) 672 (1w) 1344 (2w) 2016 (3w)

The weather features are retrieved from the OpenMeteo service by querying the ge-
ographic coordinates of each substation [25]. Archived operational forecasts are used to 
ensure consistency with the information available at the time of prediction. For each fore-
casting horizon D-k, both training and testing use forecasts issued k days before the target 
time, preventing the use of information that would not have been available when the load 
forecast was issued. Seven variables are collected as follows:
i. Air temperature at 2 m;
ii. Relative humidity;
iii. Precipitation;
iv. Wind speed at 10 m;
v. Wind direction at 10 m;
vi. Surface pressure;
vii. Shortwave radiation.

Finally, calendar information is represented through cyclical sine-cosine encoding. 
Denoting by q ∈ {0, …, 95} the quarter-hour of the day (period 96), by w ∈ {0, …, 6} the day 
of the week (period 7), and by m ∈ {1, …, 12} the month (period 12), the three variables 
are encoded as in Equation (7)–(9):

(sin
2𝜋𝑞
96 , cos

2𝜋𝑞
96 ) (7)
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(sin
2𝜋𝑞
96 , cos

2𝜋𝑞
96 ) (8)

(sin
2𝜋𝑞
96 , cos

2𝜋𝑞
96 ) (9)

The trigonometric features are then complemented by a binary indicator identifying 
weekends and national holidays, thereby accounting for differences between working and 
non-working days.

2.2.2. Model, Training and Validation
RF is adopted as the base learner for its robustness to non-linearities and overfitting [26]. 

It combines multiple regression trees, with the final forecast obtained as their ensemble 
average, as given by Equation (10):

ˆ𝑦𝑡 =
1
𝐵

𝐵
∑
𝑏=1

ℎ𝑏(𝑥𝑡) (10)

where hb  is the b-th tree and xt  the engineered feature vector at instant t. Averaging predic-
tions across multiple, weakly correlated trees reduces prediction variance and improves the 
stability of the resulting model [26].

The forecasting procedure is applied separately to the two power-flow directions, with 
independent RF models developed for withdrawn (A1) and injected (A2) power, allowing 
the forecasting performance to be evaluated according to the operating class of each SS.

The first 305 days of 2025 (about 84%) are used for training, and the last 60 days (2 
November–31 December, about 16%) are used as a test set, while the last 60 days of the train-
ing period (3 September–1 November) serve as a validation window for hyperparameter 
selection, preserving the temporal order of the series. This approach prevents information 
leakage by ensuring that future observations are not used during model training [27]. To 
assess the robustness of the results across different test periods, a rolling-origin evaluation 
is also conducted at the D-1 horizon (Section 3.3). Six forecast origins are considered at 
monthly intervals from July to December. At each origin, the models are retrained on all 
preceding data and evaluated over the following month.

Model accuracy is assessed on the validation set through different metrics. Denoting 
by yi  the measured value, by ˆ𝑦𝑖 the forecast, by 𝑦 the mean of the measurements, and by n 
the number of test samples, the metrics are defined in Equation (11)—(14):

𝑀𝐴𝐸 =
1
𝑛

𝑛
∑
𝑖=1

|𝑦𝑖 − ˆ𝑦𝑖| (11)

𝑀𝐴𝑃𝐸 =
100
|ℐ |

𝑛
∑
𝑖∈ℐ

|
𝑦𝑖 − ˆ𝑦𝑖

𝑦𝑖
| (12)

𝑊𝐴𝑃𝐸 = 100
∑𝑛

𝑖=1|𝑦𝑖 − ˆ𝑦𝑖|
∑𝑛

𝑖=1|𝑦𝑖|
(13)

𝑅2 = 1 −
∑𝑛

𝑖=1(𝑦𝑖 − ˆ𝑦𝑖)
2

∑𝑛
𝑖=1(𝑦𝑖 − 𝑦)2 (14)

The Mean Absolute Error (MAE) quantifies the absolute magnitude of the forecasting 
error. The Mean Absolute Percentage Error (MAPE) expresses the error relative to the mea-
sured values, while R2  measures the share of the target variance reproduced by the model. 
Since the MAPE diverges when the measured power approaches zero, which systematically 
occurs for injected power at night and during low-wind periods, it is computed only on the 
set ℐ  of samples whose absolute value exceeds 5% of the peak of the test series; the share of 
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samples retained (coverage) is reported where relevant. The weighted absolute percentage 
error (WAPE) is always defined, and is therefore used to compare series with near-zero 
values and substations of different sizes.

The RF forecasts are evaluated against a seasonal naive benchmark that requires 
no training and uses only information available at forecast issuance. The daily naive 
benchmark assigns each quarter-hour the value recorded at the same time on the most 
recent observed day. The improvement over this benchmark is expressed by the skill 
score, Skill = 100·(1–WAPERF /WAPEnaive ), which is positive when the RF outperforms 
the benchmark.

RF hyperparameters, such as the number of trees, the maximum depth, and the min-
imum number of samples per leaf, are tuned by a grid search over the values listed in 
Table 2.

Table 2. Random Forest hyperparameter grid explored by the grid-search procedure.

No. of Trees Max Depth Min Samples/Leaf Max Features

200 10 1 “sqrt”
300 20 5 0.5
500 30 10 1

- None - -

The hyperparameter grid search was performed at the D-1 horizon on three series 
selected to represent the different classes and power-flow directions: SS1 (A1), SS12 (A2), 
and SS2 (A2). Although the optimal hyperparameters varied across these series, a common 
configuration was adopted for all models to ensure a consistent setup. For the three series 
considered, this configuration yielded validation MAE values only 1.5–4.1% higher than 
their respective minima. The selected settings were 300 trees, a maximum depth of 20, 
a minimum of 10 samples per leaf, all features considered at each split, and bootstrap 
sampling. A fixed random seed was used to ensure reproducibility.

2.3. Hierarchical Reconciliation Framework
Forecasts generated independently at different aggregation levels do not necessarily 

satisfy the physical consistency constraints of the network. Hierarchical reconciliation 
addresses this issue by adjusting the base forecasts according to the underlying aggrega-
tion structure. In the considered setting, the SS represents the aggregate level, while the 
connection points constitute its underlying components. Accordingly, at each time step t, 
the power measured at the substation can be expressed through Equation (15):

𝑃𝑆𝑆
𝑡 = 𝐸𝑟𝑟𝑡 +

𝑁𝑈𝑠𝑒𝑟𝑠

∑
𝑘=1

𝑃𝑈𝑠𝑒𝑟𝑠
𝑘,𝑡 (15)

where Errt , the error index, is the measured residual between the substation meter and the 
sum of the connection-point meters, computed separately for A1 and A2. It collects losses, 
unmetered loads, and metering errors. Being measured over the whole historical period, 
it is forecast by its own RF like any other node; including it as a bottom-level node makes 
the aggregation constraint exact on real metering data. For reconciliation, its predictability 
is more relevant than its magnitude, as an accurate forecast allows this discrepancy to be 
effectively accounted for.

2.3.1. Clustering of the Connection Points
Since each SS may include a large number of underlying users, forecasting them in-

dividually would significantly increase the computational effort. The connection points 
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are therefore grouped according to their maximum recorded power Pmax  into three classes, 
defined by 𝑃𝑚𝑎𝑥 ≤ 3.3 kW, 3.3 < 𝑃𝑚𝑎𝑥 ≤ 6.6 kW and 𝑃𝑚𝑎𝑥 > 6.6 kW. Pmax  is the max-
imum quarter-hourly power recorded by each connection-point meter over the year, on 
withdrawn power for A1 and on injected power for A2. The thresholds correspond to the 
common Italian contractual powers, so that the clusters approximately group customers by 
contractual power.

Within each class, the individual profiles are summed to obtain an aggregated time 
series, for which a dedicated RF model is trained.

The base forecasts are collected in the vector ˆ𝑦𝑡, defined in Equation (16), which 
includes the SS forecast, the three cluster forecasts and the error index forecast.

ˆ𝑦𝑡 = [ ˆ𝑦𝑆𝑆
𝑡 ˆ𝑦<3.3 kW

𝑡 ˆ𝑦3.3−6.6 kW
𝑡 ˆ𝑦>6.6 kW

𝑡 ˆ𝑦𝐸𝑟𝑟
𝑡 ] (16)

The coherence constraint is represented through the summing matrix S, which maps 
the bottom-level vector bt , containing the three cluster series and the error index, into the 
complete vector yt , as defined in Equation (17).

𝑆 =

[



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

]



, 𝑦𝑡 = 𝑆 𝑏𝑡, 𝑏𝑡 =
[



𝑦<3.3 kW
𝑡

𝑦3.3–6.6 kW
𝑡
𝑦>6.6 kW

𝑡
𝑦𝐸𝑟𝑟

𝑡

]



(17)

According to this structure, coherence requires the SS forecast to equal the sum of the 
forecasts associated with the three connection-point clusters and the error index.

2.3.2. Minimum Trace Reconciliation
Since the independently generated base forecasts do not necessarily satisfy this con-

straint, they are reconciled by projecting them onto the coherent space defined by S. The 
reconciled forecast vector ∼𝑦𝑡 is obtained according to Equation (18), where G is an m × n 
matrix mapping the n base forecasts into the m bottom-level series (n = m + 1). 

∼𝑦𝑡 = 𝑆 𝐺 ˆ𝑦𝑡 = 𝑃 ˆ𝑦𝑡 (18)
The MinT approach determines G by minimizing the total variance of the reconciled 

forecast errors while preserving unbiasedness. Let W denote the covariance matrix of the 
base forecast errors et  = yt − ˆ𝑦𝑡. Under the constraint GS = I, the MinT optimization problem 
can be written according to Equation (19).

min
𝐺

𝑡𝑟(𝑆𝐺𝑊𝐺𝑇𝑆𝑇), 𝑤𝑖𝑡ℎ 𝐺𝑆 = 𝐼 (19)

Solving this problem with Lagrange multipliers yields the reconciliation matrix in 
Equation (20):

𝐺 = (𝑆𝑇𝑊−1𝑆)−1𝑆𝑇𝑊−1 (20)

The covariance matrix W is estimated from a historical sample of T base forecast errors. 
At each time step t, the errors associated with the SS, the three connection-point clusters, and 
the error index are collected in the vector et . The sample covariance estimator is therefore 
given by Equation (21).

𝑊 =
1
𝑇

𝑇
∑
𝑡=1

𝑒𝑡𝑒𝑇
𝑡 , 𝑒𝑡 = [𝑒𝑆𝑆

𝑡 𝑒<3.3 kW
𝑡 𝑒3.3–6.6 kW

𝑡 𝑒>6.6 kW
𝑡 𝑒𝐸𝑟𝑟

𝑡 ]
𝑇

(21)

By accounting for both individual error variances and cross-covariances, W allows 
MinT to exploit the joint error structure of the base forecasts. The resulting forecasts are 
coherent by construction, ensuring consistency between the SS forecast and its lower-level 
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components. The reconciliation framework requires additional forecasting models for the 
three connection-point clusters and the error index. Most of the associated computational 
burden therefore arises from generating the additional base forecasts, whereas the MinT 
projection itself introduces a comparatively limited computational overhead. This aspect 
becomes particularly relevant when the methodology is extended to a large population of 
substations and multiple forecasting horizons.

3. Results
This section evaluates the proposed methodology on a real distribution system dataset. 

The analysis covers the identification of substation operating profiles, the short-term fore-
casting performance, and the impact of hierarchical reconciliation on forecast accuracy. All 
computations were performed on a ThinkPad T16 Gen 2 laptop (Lenovo, Beijing, China) 
with an Intel Core i7-1355U processor (10 cores, 12 threads, up to 5.0 GHz; Intel Corpora-
tion, Santa Clara, CA, USA), 32 GB of RAM, and Windows 11Pro (Microsoft Corporation, 
Redmond, WA, USA).

3.1. Case Study and Data
The methodology is assessed on a dataset comprising 17 SSs located in central-southern 

Italy, whose geographical distribution is shown in Figure 2. For each SS, the dataset covers 
one year of active power measurements with a 15 min resolution, including both consumed 
(A1) and produced (A2) power measured at the MV side of the transformer, together with 
the corresponding measurements of all underlying connection points.

Figure 2. Geographical distribution of the analyzed secondary substations.
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The composition of the analyzed SSs is shown in Figure 3 in terms of the number of 
connection points associated with consumption (A1) and production (A2).

Figure 3. Distribution of withdrawn (A1) and injected (A2) connection points across the analyzed 
secondary substations.

The dataset includes datasets with markedly different sizes and user compositions, 
ranging from small SSs with only a few connection points to larger ones supplying more 
than 200 connection points. Moreover, the relative presence of consumption and production 
connection points varies considerably across the analyzed SSs, providing a heterogeneous 
set of operating conditions for the subsequent forecasting analysis. All substations belong to 
a single DSO and area, which limits the generality of the quantitative results. Nevertheless, 
the SS spans the three operating classes defined in the methodology, a wide range of sizes, 
and both PV and wind generation.

3.2. Secondary Substation Classification Results
Applying the energy-ratio criterion defined in Equation (2) to the 17 SSs reveals 

markedly different operating conditions across the analyzed distribution area. Figure 4 
shows, for each substation, the annual consumed energy (A1), produced energy (A2), their 
ratio 𝜌, and the resulting operating class.

Figure 4. Energy balance and operating classification of the analyzed secondary substations.

Overall, the analysis distinguishes consumption-dominated passive substations, 
generation-dominated active substations, and intermediate hybrid cases where both con-
sumption and local generation contribute significantly to the annual energy balance. These 
differences are also reflected in the measured power profiles. As shown by the representa-
tive examples in Figure 5, passive substations exhibit a regular and recurrent daily pattern 
in withdrawn power (A1), whereas injected power (A2) is shown for hybrid and active sub-
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stations. Hybrid substations display a recognizable daily generation pattern, concentrated 
during daylight hours and characterized by a bell-shaped profile, consistent with a pre-
dominant photovoltaic contribution. Conversely, active substations exhibit more irregular 
generation, with large variations throughout the day and no clearly repeatable daily pattern, 
consistent with the predominance of wind generation. The temporal profiles therefore 
complement the annual energy balance by revealing distinct operating patterns across the 
three classes. These differences are further confirmed by the corresponding autocorrelation 
functions. Passive substations exhibit pronounced ACF peaks at approximately 24 h and its 
multiples, reflecting the strong daily periodicity of consumption. A similarly clear structure 
is observed for hybrid substations, where photovoltaic generation produces recurring daily 
peaks. In contrast, active substations show a much weaker autocorrelation structure, with 
a rapid decay and limited periodicity at longer lags, reflecting the greater variability of 
wind generation.

Figure 5. Weekly power profiles with the corresponding ACF and PACF for (a) a passive (SS1), (b) a 
hybrid (SS12), and (c) an active (SS2) secondary substation.
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The classification therefore captures not only different balances between consumption 
and generation, but also distinct temporal structures that directly affect forecasting. The 
strong autocorrelation of passive and photovoltaic-dominated hybrid substations provides 
useful information for autoregressive forecasting, whereas wind-dominated active substa-
tions are less predictable from historical power measurements alone. These differences 
provide a physical and statistical basis for interpreting the forecasting performance of the 
three classes in the following analysis.

3.3. Short-Term Load Forecasting
Forecasting performance is analyzed separately for passive, hybrid, and active SSs to 

highlight the differences associated with their operating characteristics.

3.3.1. Passive Substations
Passive SSs represent the conventional load forecasting case, as their power exchange is 

predominantly determined by the consumption of the underlying connection points. Their 
profiles exhibit regular daily and weekly patterns, providing a strong temporal structure that 
can be exploited by the autoregressive and calendar features of the forecasting framework.

Figure 6 shows an example for SS1 over five days of the validation period. The five 
horizon-specific models reproduce the main evolution of the measured load, including the 
overnight minimum, the morning increase, and the daily load cycles. Differences among 
the forecasts become more evident during the periods of rapid load variation and around 
the daily peaks. The lower panel confirms that the largest errors occur mainly during these 
high load periods, whereas the forecasts remain closer to the measurements during the 
more stable overnight conditions.

Figure 6. Validation for the passive substation SS1: measured load (A1) and the five model predictions 
(top) and the corresponding errors (bottom).

Table 3 extends the analysis to all passive substations and reports MAE, MAPE, WAPE, 
and R2  for the five forecasting horizons. At D-1, the MAE ranges from 4.37 kW for SS3 to 
8.14 kW for SS7, while the MAPE remains between 7.04% and 14.50%. The performance 
progressively deteriorates as the forecast horizon increases. At D-5, the MAE ranges from 
5.01 to 12.02 kW and the MAPE from 9.87% to 16.08%. This trend is observed across all six 
passive substations.
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Table 3. Test set MAE, MAPE, WAPE, R2 of the 5 forecasting models (D-1 to D-5) for 
passive substations.

Metric D-1 D-2 D-3 D-4 D-5

SS1

MAE [kW] 5.829 6.168 6.293 6.785 8.114
MAPE [%] 8.71 9.07 9.37 10.16 11.73
WAPE [%] 9.02 9.55 9.74 10.50 12.56

R2  [-] 0.868 0.858 0.852 0.828 0.748

SS3

MAE [kW] 4.365 4.529 4.424 4.717 5.012
MAPE [%] 14.50 15.10 14.57 15.09 15.67
WAPE [%] 13.98 14.51 14.17 15.11 16.05

R2  [-] 0.763 0.742 0.751 0.704 0.659

SS6

MAE [kW] 6.596 7.026 7.235 7.818 9.240
MAPE [%] 8.97 9.44 9.68 10.27 11.97
WAPE [%] 9.46 10.08 10.38 11.21 13.25

R2  [-] 0.807 0.782 0.775 0.733 0.649

SS7

MAE [kW] 8.136 8.743 9.222 10.597 12.025
MAPE [%] 7.04 7.50 7.91 8.84 9.87
WAPE [%] 7.42 7.98 8.41 9.67 10.97

R2  [-] 0.900 0.878 0.865 0.821 0.770

SS10

MAE [kW] 6.915 7.344 7.535 9.557 10.422
MAPE [%] 11.68 12.18 12.42 14.97 16.08
WAPE [%] 11.65 12.37 12.69 16.09 17.55

R2  [-] 0.821 0.792 0.775 0.648 0.588

SS17

MAE [kW] 4.661 4.819 4.921 5.119 6.051
MAPE [%] 8.41 8.63 8.80 8.98 10.18
WAPE [%] 8.82 9.12 9.32 9.69 11.46

R2  [-] 0.877 0.867 0.863 0.847 0.783

Overall, the results indicate that the proposed approach provides consistent short-term 
forecasts for passive substations, while confirming the expected loss of accuracy as the 
available historical information becomes more distant from the target day. The relatively 
gradual degradation from D-1 to D-5 suggests that the recurring daily and weekly structure 
of passive demand remains informative even at longer forecasting horizons.

3.3.2. Hybrid Substations
Hybrid substations are characterized by significant contributions from both consump-

tion (A1) and local generation (A2), which are therefore forecast separately.
Figure 7 shows the validation results for SS12 over five representative days. For A1, 

the five horizon-specific models reproduce the main load pattern, with the largest errors 
occurring around daily peaks and sharp variations. For A2, the models correctly capture 
the photovoltaic generation windows but show larger discrepancies in peak magnitude. In 
particular, the measured peaks vary considerably from day to day, while the forecasts tend 
to reproduce a more regular generation pattern.
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Figure 7. Validation for the hybrid substation SS12: measured load (A1 and A2) and the five model 
predictions (top) and the corresponding errors (bottom).

Table 4 extends the analysis to both hybrid substations and reports MAE, MAPE, 
WAPE, and R2  for A1 and A2 across the five forecasting horizons.

Table 4. Test set MAE, MAPE, WAPE, R2 of the 5 forecasting models (D-1 to D-5) for 
hybrid substations.

Target Metric D-1 D-2 D-3 D-4 D-5

SS12

A1

MAE [kW] 6.631 7.308 7.717 8.080 8.970
MAPE [%] 18.70 19.98 20.42 21.23 22.98
WAPE [%] 18.65 20.55 21.70 22.72 25.22

R2  [-] 0.772 0.739 0.723 0.690 0.653

A2

MAE [kW] 2.081 2.243 2.403 2.770 3.089
MAPE [%] 74.59 80.92 83.20 83.53 101.72
WAPE [%] 117.67 126.85 135.88 156.59 174.68

R2  [-] 0.391 0.240 0.194 0.044 −0.095

SS13

A1

MAE [kW] 10.003 10.476 11.237 11.369 11.615
MAPE [%] 21.07 22.46 23.24 24.09 24.82
WAPE [%] 25.67 26.88 28.84 29.18 29.81

R2  [-] 0.693 0.653 0.602 0.591 0.580

A2

MAE [kW] 1.296 1.376 1.502 1.625 1.683
MAPE [%] 54.56 55.15 57.79 64.17 64.95
WAPE [%] 57.16 60.70 66.23 71.66 74.23

R2  [-] 0.709 0.678 0.621 0.559 0.546

For A1, the D-1 MAE is 6.63 kW for SS12 and 10.00 kW for SS13, with corresponding 
MAPE values of 18.70% and 21.07%. Accuracy progressively decreases toward D-5, where 
the MAE reaches 8.97 kW and 11.62 kW, respectively. Compared with passive substations, 
the withdrawal forecast therefore exhibits higher relative errors, while maintaining a similar 
gradual degradation with the forecasting horizon.
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For A2, the absolute errors are considerably smaller, with D-1 MAE values of 2.08 kW 
for SS12 and 1.31 kW for SS13. However, the corresponding MAPE values are much higher, 
ranging from 54.56% to 74.59% at D-1 and reaching up to 101.72% at D-5.

Overall, the results show that the forecasting framework retains good capability in 
reproducing the temporal evolution of withdrawn power in hybrid substations, although 
with higher errors than in the passive case. The injected power forecast captures the 
occurrence and timing of the daily generation periods, but reproducing their amplitude is 
more challenging. The distinction between A1 and A2 therefore highlights the different 
forecasting behavior of the consumption and generation-related components within the 
same operating class.

3.3.3. Active Substations
Active substations represent the most challenging forecasting case due to the highly 

variable behavior of their injected power (A2).
Figure 8 shows the validation results for SS2 over five representative days. The five 

horizon-specific models capture the general evolution of A2 and the main periods of high 
and low generation but show larger discrepancies during rapid variations and transitions 
between operating levels. In particular, the forecasts tend to smooth the measured profile, 
failing to fully reproduce the magnitude and timing of short-term fluctuations. Conse-
quently, the largest errors occur during the most abrupt changes in injected power.

Figure 8. Validation for the active substation SS2: measured load (A2) and the five model predictions 
(top) and the corresponding errors (bottom).

Table 5 extends the analysis to all active substations and reports MAE, MAPE, WAPE, 
and R2  across the five forecasting horizons.
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Table 5. Test set MAE, MAPE, WAPE, R2 of the 5 forecasting models (D-1 to D-5) for active substations.

Metric D-1 D-2 D-3 D-4 D-5

SS2

MAE [kW] 37.41 39.48 47.25 49.64 74.81
MAPE [%] 81.85 74.00 83.21 83.92 140.92
WAPE [%] 67.73 71.47 85.54 89.86 135.44

R2  [-] 0.478 0.457 0.250 0.175 −0.650

SS4

MAE [kW] 27.74 28.56 35.04 38.03 43.88
MAPE [%] 73.58 67.96 75.40 81.72 101.84
WAPE [%] 68.73 70.76 86.81 94.22 108.71

R2  [-] 0.382 0.351 0.030 0.015 −0.196

SS5

MAE [kW] 12.05 12.56 14.75 17.39 17.31
MAPE [%] 64.82 61.88 65.31 70.31 70.39
WAPE [%] 90.77 94.61 111.16 131.04 130.46

R2  [-] 0.388 0.389 0.296 0.081 0.047

SS8

MAE [kW] 52.80 51.09 56.26 63.01 80.24
MAPE [%] 76.51 70.61 75.92 78.18 92.28
WAPE [%] 92.23 89.24 98.27 110.07 140.15

R2  [-] 0.318 0.410 0.322 0.143 −0.288

SS9

MAE [kW] 15.90 16.68 17.27 22.82 25.62
MAPE [%] 76.57 71.44 68.20 91.29 101.25
WAPE [%] 62.36 65.42 67.75 89.51 100.52

R2  [-] 0.453 0.497 0.467 0.062 −0.009

SS11

MAE [kW] 18.35 18.90 22.50 23.43 27.38
MAPE [%] 73.07 70.60 75.29 77.74 83.29
WAPE [%] 79.02 81.35 96.87 100.88 117.89

R2  [-] 0.400 0.412 0.236 0.140 −0.078

SS14

MAE [kW] 31.42 30.55 35.54 43.07 42.14
MAPE [%] 80.92 70.38 74.67 102.95 90.60
WAPE [%] 86.23 83.82 97.52 118.18 115.64

R2  [-] 0.299 0.293 0.155 −0.129 −0.089

SS15

MAE [kW] 33.47 35.33 42.74 43.21 50.70
MAPE [%] 71.20 76.79 88.23 87.53 97.60
WAPE [%] 85.80 90.57 109.56 110.76 129.96

R2  [-] 0.332 0.240 0.048 0.028 −0.258

SS16

MAE [kW] 3.49 3.55 4.02 4.56 4.96
MAPE [%] 68.61 62.74 71.16 81.15 91.56
WAPE [%] 60.37 61.47 69.58 78.93 85.80

R2  [-] 0.646 0.677 0.575 0.479 0.412

At D-1, the MAE varies considerably across the class, from 3.49 kW for SS16 to 52.80 kW 
for SS8, while the MAPE ranges from 64.82% to 81.85%. Unlike the passive and hybrid 
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cases, the accuracy degrades markedly with the horizon (median WAPE from 79% at D-1 
to 118% at D-5), following the decreasing accuracy of the weather forecasts on which these 
models rely.

Overall, the results indicate that injected power forecasting in active substations is sub-
stantially more challenging than load forecasting in passive substations. More importantly, 
the degradation from D-1 to D-5 follows the accuracy of the weather forecasts rather than 
the loss of recent measurements, and the dominant limitation is the difficulty of reproduc-
ing the short-term variability of the generation profile from the information available to 
the forecasting model. This is particularly relevant for the active substations considered 
here, whose injected power is predominantly associated with wind generation. Accurate 
wind power forecasting generally requires dedicated forecasting approaches combining 
meteorological information with plant-specific characteristics, such as wind conditions at 
hub height, turbine technology and power curves, and other operational data [28]. The 
absence of this information limits the ability of the present general-purpose framework to 
reproduce the highly variable generation profiles observed in this class.

Finally, Table 6 compares the RF with the daily naive benchmark. The RF outperforms 
the benchmark in 85 of the 95 cases. RF skill is about 20% for passive substations up to D-4 
and decreases to 7% at D-5, where the naive is slightly more accurate only for SS10; for active 
substations it drops from 33% at D-1 to 2% at D-5 as the weather forecasts lose accuracy. 
The naive is also more accurate for the photovoltaic injection of SS12 at all horizons and 
SS16 at D-1 and D-5, whose low winter output is well predicted by the previous day.

Table 6. Median test-set WAPE [%] of the RF and of the daily naive benchmark, and median skill 
[%] of the RF over the benchmark. For the hybrid class, the values of SS12 and SS13 are given 
in parentheses.

Class Target Forecast D-1 D-2 D-3 D-4 D-5

Passive A1

RF 9.2 9.8 10.1 10.9 12.9
Daily naive 11.9 14.0 13.9 14.1 14.5

Skill [%] 21.0 24.2 22.7 18.0 7.4

Hybrid A1

RF 22.2
(18.6; 25.7)

23.7
(20.5; 26.9)

25.3
(21.7; 28.8)

25.9
(22.7; 29.2)

27.5
(25.2; 29.8)

Daily naive 31.3
(21.1; 41.4)

41.2
(24.2; 58.2)

41.3
(24.5; 58.1)

41.7
(25.6; 57.9)

43.1
(27.5; 58.8)

Skill [%] 24.9
(11.8; 38.0)

34.4
(15.1; 53.8)

30.9
(11.4; 50.4)

30.3
(11.1; 49.6)

28.8
(8.2; 49.3)

Hybrid A2

RF 87.4
(117.7; 57.2)

93.8
(126.8; 60.7)

101.1
(135.9; 66.2)

114.1
(156.6; 71.7)

124.5
(174.7; 74.2)

Daily naive 93.0
(84.8; 101.1)

120.8
(99.1; 142.5)

127.1
(105.9; 
148.2)

123.2
(102.2; 
144.2)

120.1
(101.2; 
139.1)

Skill [%] 2.4
(-38.8; 43.5)

14.7
(−28.0; 
57.4)

13.5
(−28.3; 
55.3)

−1.4
(−53.2; 
50.3)

−13.0
(−72.6; 
46.6)

Active A2

RF 79.0 81.4 96.9 100.9 117.9
Daily naive 115.2 127.6 128.7 123.7 123.2

Skill [%] 33.5 39.0 27.7 18.0 1.7
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Moreover, the rolling-origin evaluation, shown in Table 7, confirms the ranking of the 
classes in every window (median WAPE of 8.3%–15.8% for passive and 49%–74% for active 
substations), and the RF outperforms the daily naive benchmark in 103 of the 114 cases; 
most exceptions occur in July and August, when the training period does not yet include 
summer conditions.

Table 7. Rolling-origin evaluation (D-1): median WAPE [%] of the RF and of the daily naive bench-
mark in monthly test windows.

Class Target Forecast Jul Aug Sep Oct Nov Dec All

Passive A1
RF 15.8 12.4 9.2 8.3 8.7 9.4 10.0

Daily 
naive 14.6 14.2 12.9 11.9 12.1 12.0 12.5

Hybrid A1
RF 27.1 37.1 23.0 22.3 20.4 23.8 23.4

Daily 
naive 35.1 27.3 32.1 34.0 32.7 30.9 29.4

Hybrid A2
RF 69.7 58.6 41.7 57.3 66.4 139.7 57.3

Daily 
naive 93.8 58.6 78.1 102.4 99.7 97.9 84.1

Active A2
RF 56.9 64.6 52.2 48.9 74.2 68.2 62.1

Daily 
naive 82.8 82.9 89.8 90.7 126.6 120.0 93.0

3.4. Forecasting Drivers
The differences in forecasting performance across the operating classes can be inter-

preted by examining the information exploited by the trained models. To this purpose, the 
RF feature importance is grouped into three families: autoregressive, weather, and calendar 
variables. Figure 9 reports the relative contribution of each family in the D-1 models for the 
relevant combinations of operating class and power-flow direction.

Figure 9. Distribution of RF feature importance across the analyzed operating classes and power-flow 
directions (D-1 models).

A clear distinction emerges between consumption and generation forecasting. For A1, 
autoregressive features dominate in both passive and hybrid substations, accounting for 
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89% and 78% of the total importance, respectively. This is consistent with the regular tem-
poral structure of consumption observed in these classes. For hybrid A2, the autoregressive 
contribution decreases to 69%, while meteorological variables increase to 20%, reflecting 
the greater influence of weather conditions on the predominantly photovoltaic generation. 
A markedly different distribution is observed for active substations. For A2, meteorological 
variables become dominant, accounting for 74% of the total importance, while the autore-
gressive contribution drops to 19%. This is consistent with the predominantly wind-driven 
generation of this class, whose evolution is more strongly influenced by meteorological 
conditions than by past power measurements.

These results also help explain the differences observed across forecasting horizons. 
The strong autoregressive contribution in passive and hybrid substations is consistent with 
the progressive loss of accuracy from D-1 to D-5, as recent historical information becomes 
less accessible at longer horizons. Conversely, active SSs rely primarily on meteorological 
information, so that their accuracy across horizons follows that of the weather forecasts, 
which decreases with the lead time.

3.5. Hierarchical Reconciliation
The hierarchical reconciliation procedure is illustrated using SS1 as a representative 

example. The results are analyzed separately for the three operating classes, as their ef-
fectiveness depends on the composition of the underlying hierarchy. Figure 10 shows the 
distribution of connection points across the three power clusters for each SS. Passive sub-
stations generally include a large number of connection points distributed across multiple 
clusters, allowing individual behavior to be averaged within each aggregate. For instance, 
SS1 includes 139 points below 3.3 kW and 76 between 3.3 and 6.6 kW, compared with only 3 
above 6.6 kW. In contrast, active substations concentrate their injection in the largest power 
cluster, typically comprising only 1 to 6 connection points. Their hierarchy therefore consists 
of a few large generators, providing little aggregation compared with passive substations.

Figure 10. Distribution of connection points among the three power clusters (<3.3 kW, 3.3–6.6 kW, 
and >6.6 kW) for each substation and modeled power-flow direction, grouped by operating class.

Figure 11 shows the four lower-level nodes of the hierarchy for SS1 over a representative 
five-day period. Their forecasting performance varies considerably across nodes. The two 
lower power clusters, which aggregate a larger number of connection points, achieve R2 
values of 0.84 and 0.85, whereas the largest-power cluster, composed of fewer and more 
irregular connection points, reaches only 0.40. The error index also exhibits a recurring daily 
pattern and is forecasted with an R2  of 0.64. These differences are relevant for reconciliation, 
as the effectiveness of the MinT projection depends on the predictive information provided 
by the lower-level forecasts.
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Figure 11. Forecasting performance of the lower-level hierarchy for SS1 over the selected 
validation period.

3.5.1. Passive Substations
Passive substations provide favorable conditions for hierarchical reconciliation, as their 

connection point aggregates retain the regular temporal structure of the substation load. 
Figure 12 compares the base (RF) and reconciled (RF+MinT) day-ahead forecasts for SS1. 
Both closely reproduce the measured load profile, with the largest deviations occurring 
around the sharpest peaks. Reconciliation mainly reduces local forecast errors rather than 
altering the overall profile, with the RF+MinT errors generally confined to a narrower range 
and fewer pronounced deviations. MinT therefore provides a targeted correction of the 
base forecast while preserving its overall temporal evolution.

Figure 12. Comparison of base and MinT day-ahead forecasts for passive substation SS1.

Table 8 extends the comparison to all passive substations. Reconciliation reduces the 
MAE on all the substations, with a median change of −2.8% and a largest change of −4.6%, 
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and it improves the MAPE on the same cases, with a median change of −0.25 percentage 
points. The improvement is consistent across the class and both metrics, although moder-
ate in magnitude, indicating that reconciliation primarily corrects local deviations while 
preserving the overall forecast profile.

Table 8. Day-ahead forecasting performance before and after MinT for passive substations.

MAE RF 
[kW]

MAE 
RF+MinT 

[kW]

𝚫MAE 
[%]

MAPE 
RF [%]

MAPE 
RF+MinT 

[%]

𝚫MAPE 
[p.p.] R2  RF R2 

RF+MinT 𝚫R2 

SS1 5.829 5.699 −2.2 8.71 8.55 −0.15 0.868 0.875 +0.007
SS3 4.365 4.183 −4.2 14.50 13.96 −0.54 0.763 0.784 +0.021
SS6 6.596 6.294 −4.6 8.97 8.52 −0.45 0.807 0.828 +0.021
SS7 8.136 7.904 −2.9 7.04 6.79 −0.24 0.900 0.904 +0.004
SS10 6.915 6.721 −2.8 11.68 11.42 −0.25 0.821 0.835 +0.013
SS17 4.661 4.537 −2.6 8.41 8.16 −0.25 0.877 0.883 +0.006

3.5.2. Hybrid Substations
In hybrid substations, reconciliation is performed separately for the two power-flow 

directions, allowing its impact on A1 and A2 forecasting to be assessed independently. 
Figure 13 compares the base and reconciled forecasts of SS12 for both power-flow directions. 
For A1, reconciliation introduces moderate corrections throughout the profile, with the 
largest differences occurring around daily peaks and rapid load variations. For A2, the effect 
is more localized but also more pronounced, with MinT mainly modifying the magnitude of 
the daily generation peaks. These corrections do not systematically bring the forecast closer 
to the measured profile, indicating that the effectiveness of reconciliation differs between 
the two power-flow directions.

Figure 13. Hybrid substation SS12: comparison of day-ahead base and MinT-reconciled forecasts for 
withdrawn power (A1) and injected power (A2), with corresponding errors.
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Table 9 reports the reconciliation results for both targets of the two hybrid substations. 
For A1, the MAE changes by −1.9% for SS12 and +4.7% for SS13; for A2, it increases by 
19.5% and 14.2%. Reconciliation therefore provides no benefit for hybrid substations and 
degrades their injection forecast.

Table 9. Day-ahead forecasting performance before and after MinT reconciliation for hybrid substa-
tions, reported separately for withdrawn (A1) and injected (A2) power.

Target MAE RF 
[kW]

MAE 
RF+MinT 

[kW]

𝚫MAE 
[%]

MAPE 
RF [%]

MAPE 
RF+MinT 

[%]

𝚫MAPE 
[p.p.] R2  RF R2 

RF+MinT 𝚫R2 

SS12
A1 6.631 6.506 −1.9 18.70 18.31 −0.39 0.772 0.783 +0.011

A2 2.081 2.486 +19.5 74.59 99.45 +24.85 0.391 0.174 −0.217

SS13
A1 10.003 10.472 +4.7 21.07 21.86 +0.79 0.693 0.675 −0.018

A2 1.296 1.480 +14.2 54.56 55.31 +0.74 0.709 0.706 −0.003

3.5.3. Active Substations
For active substations the analysis is restricted to the injected power. Figure 14 shows 

that the reconciled forecast of SS2 departs from the base forecast in some periods, remaining 
above the measured injection on 29–30 December and below it on 31 December. Since the 
hierarchy consists of the error index and a single cluster of generators, which carries almost 
the same information as the substation meter, MinT cannot add predictive information.

Figure 14. Active substation SS2: comparison of the day-ahead base Random-Forest forecast and the 
MinT-reconciled forecast for injected power (A2), with corresponding errors.

Table 10 confirms this pattern across the class, with reconciliation reducing MAE for 
only four of the nine substations and yielding a median increase of 0.1% across all nine. 
The changes remain within ±2% for six of the eight wind-dominated substations, but the 
MAE increases by 6.3% and 7.4% for SS2 and SS4 and by 3.7% for SS16. In SS2 and SS4, the 
error index showed a large noisy component (standard deviation of 12–40 kW) in the first 
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half of the year, which disappeared from June to July onwards. Enforcing coherence on this 
class therefore does not improve the substation forecast.

Table 10. Day-ahead forecasting performance before and after MinT reconciliation for 
active substations.

MAE RF 
[kW]

MAE 
RF+MinT 

[kW]

𝚫MAE 
[%]

MAPE 
RF [%]

MAPE 
RF+MinT 

[%]

𝚫MAPE 
[p.p.] R2  RF R2 

RF+MinT 𝚫R2 

SS2 37.411 39.780 +6.3 81.85 80.73 −1.12 0.478 0.461 −0.017
SS4 27.743 29.794 +7.4 73.58 72.92 −0.66 0.382 0.351 −0.031
SS5 12.047 11.995 −0.4 64.82 64.55 −0.26 0.388 0.397 +0.009
SS8 52.803 52.786 −0.0 76.51 76.59 +0.08 0.318 0.319 +0.000
SS9 15.896 15.918 +0.1 76.57 76.70 +0.13 0.453 0.450 −0.003

SS11 18.353 18.480 +0.7 73.07 73.33 +0.26 0.400 0.397 −0.003
SS14 31.421 31.024 −1.3 80.92 79.01 −1.90 0.299 0.315 +0.016
SS15 33.472 32.828 −1.9 71.20 71.22 +0.02 0.332 0.344 +0.012
SS16 3.489 3.619 +3.7 68.61 67.83 −0.79 0.646 0.661 +0.014

Table 11 extends the comparison to all forecasting horizons using a separate model and 
covariance matrix for each horizon. MinT reduces MAE in 27 of the 30 passive cases, with 
median reductions ranging from 2.4% to 4.0% across horizons. Conversely, it increases MAE 
for photovoltaic injections at every horizon, while its effect on the other active substations 
remains limited, except for SS2 and SS4.

Table 11. Median change [%] of the test-set MAE with MinT reconciliation and number of substations 
improved, for horizons D-1 to D-5.

Class Target D-1 D-2 D-3 D-4 D-5

Passive A1 −2.8 (6/6) −2.4 (5/6) −2.6 (6/6) −3.8 (6/6) −4.0 (4/6)
Hybrid A1 +1.4 (1/2) +0.6 (1/2) −0.2 (1/2) +1.9 (1/2) +1.3 (1/2)
Hybrid A2 +16.8 (0/2) +7.3 (0/2) +5.6 (0/2) +6.7 (0/2) +10.8 (0/2)
Active A2 +0.1 (4/9) +0.5 (3/9) +0.4 (4/9) +0.3 (3/9) −0.1 (5/9)

Reconciliation also entails an additional computational cost reported in Table 12. The 
hierarchy requires three to five RF models instead of one, so that training takes on average 
160 s instead of 37 s per substation, direction, and horizon, while prediction and the MinT 
projection (about 9 ms) are negligible. The hierarchical forecast therefore costs about 
4.4 times the base forecast.

Overall, the results show that the main benefit of hierarchical reconciliation is the 
enforcement of coherence across aggregation levels, while improvements in forecasting 
accuracy depend on the quality of the lower-level forecasts. For passive substations, where 
connection-point aggregates are based on a large number of customers and retain regular 
temporal patterns, MinT provides a consistent, although moderate, improvement across the 
entire class. The benefit becomes less systematic for hybrid substations and is negligible 
for active substations, where the lower-level nodes consist of fewer and more variable 
generators. These results indicate that the effectiveness of reconciliation is closely related to 
the predictability of the underlying hierarchy. MinT therefore guarantees coherent forecasts 
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in all cases, while its contribution to forecasting accuracy is greatest when the lower-level 
aggregates provide reliable predictive information.

Table 12. Computational cost: RF models per hierarchy and mean wall-clock time per substation, 
direction, and horizon.

Class Target Models 
[-]

Training 
Base [s]

Training 
Hier. [s]

Prediction 
Base [s]

Prediction 
Hier. [s]

MinT 
[ms]

Cost 
Ratio [-]

Passive A1 5.0 38.4 226.3 0.26 1.47 14.1 5.9
Hybrid A1 4.5 36.6 175.7 0.23 1.00 7.9 4.8
Hybrid A2 4.0 24.6 111.8 0.21 0.86 6.7 4.5
Active A2 3.1 38.1 123.0 0.25 0.77 6.4 3.2

All 3.9 36.6 160.0 0.25 1.02 9.0 4.4

4. Conclusions
This paper presented a data-driven framework for short-term forecasting at the SS 

level, combining the characterization of substation operating conditions, horizon-specific RF 
models, and hierarchical reconciliation through the MinT method. The methodology was 
assessed on one year (2025) of quarter-hourly measurements from 17 secondary substations 
and their underlying connection points, considering withdrawn (A1) and injected (A2) 
power separately.

The results show that the operating characteristics of a substation strongly affect its 
forecasting performance. Passive substations exhibit regular and highly autocorrelated 
consumption profiles, resulting in accurate forecasts and a gradual loss of performance 
from D-1 to D-5. Hybrid substations retain similar characteristics for withdrawn power, 
while their predominantly photovoltaic injection introduces greater variability, particularly 
in the magnitude of generation peaks. Active substations represent the most challenging 
case. Their predominantly wind-driven injection exhibits weaker temporal persistence 
and substantially higher forecasting errors, which grow with the horizon as the weather 
forecasts lose accuracy. This indicates that increasing the availability of recent historical 
measurements alone is insufficient to improve forecasts for highly variable generation 
profiles. For this class, the framework does not achieve sufficient accuracy for operational 
use, highlighting the need for DSOs to collect more extensive and detailed data to better 
characterize generation patterns and improve forecasting performance.

The feature-importance analysis supports this interpretation. Autoregressive informa-
tion dominates withdrawn-power forecasting for passive and hybrid substations, accounting 
for 89% and 78% of the total importance, respectively, and remains relevant for photovoltaic-
dominated hybrid injection at 69%. Conversely, meteorological variables account for 74% 
of the importance for active-substation injection, while the autoregressive contribution 
decreases to 19%. These results show that the most relevant forecasting information varies 
with the operating characteristics of the substation, supporting the use of differentiated 
forecasting approaches across the analyzed classes.

Hierarchical reconciliation exhibits a similar dependence on the characteristics of the 
underlying hierarchy. MinT guarantees coherence between substation and lower-level fore-
casts in all cases, but its contribution to forecasting accuracy depends on the predictability 
of the connection point aggregates. For passive substations, where clusters aggregate many 
connection points with regular consumption patterns, reconciliation consistently improves 
the day-ahead forecast, reducing MAE for all six substations with a median improvement 
of 2.8%. Its benefit becomes less systematic for hybrid substations and negligible for active 
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substations, whose lower-level hierarchy consists of fewer and more variable generation 
units. Thus, while coherence is ensured independently of forecasting accuracy, the accuracy 
benefit of reconciliation is greatest when reliable information is available at the lower levels 
of the hierarchy.

The study has some limitations. The dataset covers a single DSO and one year, which 
limits the generalizability of the findings. Forecasting performance at generation-dominated 
substations is strongly affected by errors in the general-purpose weather forecasts used 
as inputs, which refer to a height of 10 m. The lack of plant-specific information on wind 
and photovoltaic generation further constrains the representation of local generation. In 
addition, MinT reconciliation increases computational cost by approximately a factor of four.

Overall, the study shows that forecasting performance at the SS level cannot be consid-
ered independently of the operating characteristics of the underlying network. The proposed 
classification provides a simple means of identifying different forecasting conditions and 
interpreting the expected performance of both the base and reconciled forecasts. From a 
DSO perspective, this supports a differentiated forecasting strategy in which conventional 
autoregressive approaches remain effective for consumption-dominated substations, while 
generation-dominated substations require more specialized models and information. Fu-
ture work should therefore focus on generation-aware forecasting approaches incorporating 
more detailed meteorological forecasts and plant-specific information, particularly for wind-
dominated substations, on the comparison with other learning models, such as gradient 
boosting and recurrent neural networks, on probabilistic forecasts, together with scalable 
reconciliation strategies suitable for deployment across large substation populations.
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