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Abstract:

The growing penetration of rooftop
solar photovoltaics in low-voltage
residential distribution grids intro-
duces bidirectional power flow and
makes conventional load forecast-
ing inadequate for congestion man-
agement. This thesis proposes a
short-term active power forecasting
pipeline combining Long Short-
Term Memory (LSTM) networks
with stochastic state estimation
to deliver calibrated, uncertainty-
aware grid operation support.
Sixteen LSTM  networks are
trained on one year of substation
measurements augmented with
ERAS5 weather features, achieving
MAE = 18.95kW and a 95% con-
fidence interval hit-rate of 99.5%
on the December 2023 test set,
and HR = 96.1 % on January 2024
cross-year validation. The forecast
is propagated through a Kirchhoff-
consistent nine-node grid and
passed to a constrained maximum
likelihood state estimator, produc-
ing 95% confidence ellipses with
HRy = 95.0% and HR; = 95.1 %.
A three-zone congestion risk clas-
sification demonstrates actionable
decision support for distribution
system operators managing LV
grids with high distributed energy
resource penetration.
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Chapter 1

Introduction

1.1 Background and Motivation

The ongoing transformation of the world’s energy supply is creating signif-
icant new challenges for electricity distribution networks. The rising share
of rooftop solar photovoltaics (PV), heat pumps, and electric vehicles is
shifting the classical concept of one-way, predictable power flow toward
bidirectional flows at the distribution level [14, 17]. Low-voltage (LV) grids,
originally designed to deliver electricity from a substation to passive con-
sumers, now face bidirectional currents, voltage quality issues, and thermal
overloading of cables [4] that were never dimensioned for reverse power
flow.

Operating such a grid reliably requires two complementary capabilities:

¢ Short-term active power forecasting: predicting the net power at each
grid node from one hour to a month ahead, so that the Distribution
System Operator (DSO) can anticipate demand peaks and solar export
surges before they cause cable overloads.

* Probabilistic grid state estimation: translating the forecasted power
into physically consistent estimates of node voltages and cable cur-
rents, together with calibrated confidence regions that quantify esti-
mation uncertainty.

Both capabilities are addressed in this thesis through a three-module
sequential pipeline. First, a Long Short-Term Memory (LSTM) network
forecasts the consumed and generated power at each grid node using ERA5
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weather data — temperature, cloud cover, and shortwave radiation — as in-
puts. Second, the forecasted power is converted to complex current phasors
at each node using the three-phase power formula and Kirchhoff’s Current
Law (KCL), propagated from leaf nodes to the substation root. The substa-
tion (N1) is treated as the slack bus at 400 V; all other nodes receive slightly
lower voltages due to KVL cable voltage drops. Third, the derived phasors
are passed to the stochastic state estimator of Olsen et al. [18], which adds
realistic electricity-meter noise, solves a constrained maximum likelihood
problem, and produces 95 % confidence ellipses for every node phasor.

The practical motivation for the pipeline is proactive congestion man-
agement. Congestion in an LV grid means a cable current exceeds its ther-
mal rating (200 A for 95 mm? XLPE cables [11]), and it can occur in two
directions: forward (high demand) and reverse (high solar export). The
maximum recorded export in this dataset is 217.6 kW, which would pro-
duce a substation current of 314 A — 57 % above the rated limit. A DSO
cannot react to congestion in real time; they must predict it and act pre-
ventively. The 60-minute ahead LSTM forecast, combined with a calibrated
confidence interval validated at HR=96.1%, provides the quantified un-
certainty that drives the SAFE / WARNING / RISK classification used for
preventive action.

1.2 Problem Statement

The central challenge of this thesis is to design and validate a short-term
active power forecasting pipeline that is both accurate enough for practical
use and uncertainty-aware enough to support risk-based congestion man-
agement in a smart LV distribution grid.

The pipeline operates under the following constraints:

* Only substation-level power measurements are available for training
(one year, 15-minute resolution, gridElementld 10, Neuburg, Bayern).
Individual node measurements do not exist; node-level power is ap-
proximated by proportional distribution using fixed weights.

* The target forecast period may be a future month for which no weather
data yet exists; a climatological proxy (same month of 2023) is used as
the weather input.

* The state estimator is provided by the supervisor and must be inte-
grated without modifying its estimation logic.
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This leads to the following problem statement:

How can a weather-driven per-node LSTM forecasting model, combined with a
KCL-based current derivation and a stochastic EM state estimator, provide
calibrated uncertainty quantification sufficient to support proactive congestion
management in a low-voltage distribution grid, when only substation-level
historical data is available for training?

1.3 Objectives

The specific objectives of this thesis are:

1. Data analysis and feature selection: Perform a pre-analysis of the
one-year substation power dataset (35,031 steps, January—December 2023)
to characterise seasonal consumption and generation patterns, auto-
correlation structure, and the correlation between power and ERA5
weather variables. Select the three most informative weather features
for the LSTM input.

2. Model comparison: Implement an autoregressive (AR) baseline and
a from-scratch LSTM model on the 2023 dataset and compare their
60-minute ahead point forecast accuracy, establishing that LSTM pro-
vides a calibrated confidence interval whereas AR does not.

3. Per-node LSTM design: Split the 2023 substation data to eight load
nodes using fixed proportional weights, train 16 independent LSTM
networks (two per node: consumed and generated power), and vali-
date the per-node design on the December 2023 test set and the Jan-
uary 2024 cross-year holdout.

4. Grid calculation: Implement a KCL-based current derivation for a
synthetic nine-node radial LV grid, computing per-node injection cur-
rents from the LSTM forecast power and propagating them from leaves
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to the substation root. Apply KVL from the slack bus (N1=400V) to
compute the correct voltage drop at each downstream node.

5. State estimator integration: Integrate the forecast-derived phasors as
the operating-point input to the supervisor’s stochastic EM state es-
timator, validate the 95% confidence ellipses through hit-rate analy-
sis (target HR ~95%), and clarify the distinction between the fore-
casted (measured) input and the true physical grid state.

6. Congestion management framework: Develop a 24-hour ahead con-
gestion assessment framework using the RMSE-based current uncer-
tainty (AI =28.5 A), classify each timestep into SAFE / WARNING / RISK
zones, and demonstrate the framework on a case study day, distin-
guishing forward (demand) and reverse (export) congestion.

1.4 Related Work

Grid state estimation: State estimation in distribution networks has a long
history, from classical weighted least squares methods [1] to more recent ap-
proaches tailored to LV grids with high DER penetration [5, [16]. The work
of Olsen et al. [18] is directly used in this thesis: it develops a stochastic EM
model that produces confidence ellipses for estimated node phasors using
constrained maximum likelihood estimation under Gaussian meter noise,
validated on a real European 400V LV grid with 98 customers.

Short-term load forecasting: LSTM networks [8] have achieved strong
performance on seasonal energy sequences by learning long-range depen-
dencies through gated memory cells. Weather variables — particularly solar
irradiance and ambient temperature — are widely recognised as the most
informative external features for distribution-level forecasting [7, 20]. The
use of separate models for consumed and generated power, rather than
a single net-power model, is motivated by two complementary observa-
tions from the pre-analysis (Chapter [2). First, the two quantities follow
opposing seasonal patterns: mean monthly consumption peaks at 67.7 kW
in December and falls to 19.7kW in June, while mean monthly genera-
tion peaks at 33.6kW in June and drops to near zero in winter. A single
net-power model trained on their difference would need to learn both pat-
terns simultaneously from the same weather inputs, creating a learning
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conflict that degrades accuracy for both components. Second, the quan-
tities respond to weather in fundamentally different ways: consumption
is negatively correlated with temperature (cold weather increases heating
demand), while generation is positively correlated with shortwave solar ra-
diation (clear skies drive PV output). Both claims are quantified in the
correlation analysis of Section

Congestion management in LV grids: As DER penetration increases, volt-
age and thermal constraints become binding more frequently and in both
current directions [17]. Proactive congestion management — issuing pre-
ventive demand response or curtailment signals before a violation occurs —
requires not only a point forecast but also a quantified uncertainty bound
around it. The distinction between forward-flow congestion (high demand)
and reverse-flow congestion (high solar export) is operationally important:
the two cases require different DSO interventions (load shifting vs. PV cur-
tailment) and have different risk profiles given the asymmetry between
maximum recorded consumption (147.2 kW) and maximum recorded gen-
eration (217.6 kW) in the dataset used.

1.5 Thesis Structure

The remainder of this thesis is organised as follows.

Chapter 2| presents the pre-analysis of the 2023 substation power dataset
and ERA5 weather data. It characterises seasonal patterns, autocorrelation
structure, and the correlation between power and weather variables. It com-
pares an autoregressive baseline with the LSTM model and justifies the se-
lection of temperature, cloud cover, and shortwave radiation as the three
LSTM input features.

Chapter 3| describes the complete design of the three-module pipeline:
the per-node LSTM forecast model with its training procedure and confi-
dence interval construction; the nine-node synthetic grid calculation includ-
ing the slack-bus voltage assumption, KVL voltage drops, and KCL current
propagation; and the integration with the supervisor’s estimator model.

Chapter [4 reports all results: LSTM forecast accuracy on the Decem-
ber 2023 test set and January 2024 cross-year validation, comparison with
AR baselines, node voltage profiles, state estimator hit-rates (HRy =95.0 %,
HR;=95.1%), and the 24-hour congestion management case study for De-
cember 15, 2023.
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Chapter |5 summarises the contributions, draws conclusions from the
completed work, and outlines directions for future work — in particular,
the replacement of proportional weight-based node data with real per-node
smart meter measurements when those become available.



Chapter 2

Pre-Analysis

This chapter provides the theoretical foundations and dataset characterisa-
tion required to contextualise the forecasting framework. Section de-
scribes smart distribution grid structure. Section [2.2] introduces the active
power forecasting problem. Section 2.3| reviews the LSTM architecture and
motivates its selection. Section 2.4 examines uncertainty quantification. Sec-
tion [2.5 discusses operational applications. Section [2.6| describes the OGM
toy-grid dataset used for pipeline development. Section presents the
one-year real grid dataset, annual data analysis, ERA5 weather acquisition,
and the feature correlation study that drives the feature selection docu-
mented in Chapter

2.1 Smart Distribution Grids

2.1.1 Structure and Topology

A low-voltage (LV) distribution grid is the final stage of the electrical power
system, connecting the secondary substation transformer to individual cus-
tomers at 400V line-to-line. The network is typically structured as a radial
tree: power flows from a single root node through junction boxes (JBs) to
customer connection boxes (CCBs) at the leaves. The electrical state is fully
described by the complex voltage phasor Vi = ue/% and current phasor I
at each node k, satisfying the Kirchhoff constraint:

Cx=c (2.1)
where x € C2?N is the full phasor state vector, C is the topology-and-

impedance constraint matrix built from the impedance matrix Z, and ¢

7
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encodes the operating point [18].

2.1.2 Smart Metering and Measurement Model

Smart meters record voltage magnitude uy, current magnitude iy, and local
phase angle ¢ at 15-minute intervals. Each measurement contains Gaus-
sian noise:

e =g+ eyp,  Eup ~ N(0,00 ) (2.2)
ka = ik + Eikr Eik ™ N(O, Uiz,k) (2.3)
G = ok +eprr Epr ~ N(0,07) (2.4)

Accuracy parameters from Olsen et al. [18]: voltage relative error ey = 1%,
current relative error ¢; = 3%, phase-angle noise 0, = 0.01rad. These
specifications are used directly in Module 2 of the pipeline (Section [3.4).

2.1.3 Prosumer Grids and Bidirectional Power Flow

A prosumer simultaneously consumes and generates power. The net active
power at node k:

Pact(t,k) = Peon(t,k) — Pyen(t, k) 2.5)

is positive during net consumption (grid import) and negative during solar
export (grid export). High PV penetration creates a characteristic daily in-
version: overnight consumption, midday solar-export trough, and evening
demand peak. In the 2024 dataset used for validation, this export pattern is
present in 21.4 % of all 15-minute intervals.

2.2 Active Power Forecasting

2.2.1 Problem Definition

Short-term active power forecasting predicts Pret(f + 1 | t) at horizon h given
all observations up to time . At 15-minute resolution, & = 4 corresponds to
60 minutes ahead. The system must provide both a point forecast P(t + h)
and a calibrated 95 % prediction interval.
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2.2.2 Challenges at the Distribution Level

LV forecasting is harder than transmission-level forecasting because of:
* High variability of individual customer loads;

* Non-stationarity introduced by new PV and EV connections between
training and test periods; and

* Strong weather dependence of solar generation, requiring meteoro-
logical inputs that are not needed for pure demand forecasting.

2.2.3 Why Deep Learning Over Classical Autoregression

Classical AR(p) models express the current value as a linear combination
of p past observations. Their analytical tractability is appealing, but they
cannot capture:

* The nonlinear interaction between temperature and heating demand [19];

* The multiplicative relationship between solar radiation, cloud cover,
and PV generation [19]; or

* The regime change between winter (heating-dominated import) and
summer (solar-dominated export) [13].

LSTM networks address all three limitations [12, 13, 19]. The autocorrela-
tion analysis in Section confirms multi-scale periodicity (o9 = 0.814,
pe72 = 0.763) that motivates a model with long-range memory and ex-
ogenous weather inputs. LSTM networks naturally satisfy both require-
ments [12].

2.3 Long Short-Term Memory Networks

Before describing the LSTM architecture in detail, Figure[2.1|gives an overview
of the complete system and shows where each component sits in relation to
the others.

The pipeline has three sequential modules: Module 1 (LSTM, Section[3.2)
forecasts the net power at each of the eight load nodes from ERA5 weather
inputs. Module 2 (grid calculation, Section converts the power forecast
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System Block Diagram — Active Power Forecasting Pipeline

Solid arrows: data flow Dashed arrows: uncertainty flow
Smart Meter Data ERA5 / Open-Meteo EM Meter Spec
Pcons, Pgen, Q (2023) Temperature - Cloud - Radiation €U=1%, €l=3%
-
power data T. e, sw P | noise spec
-
.
Module 1 — LSTM Forecast
el 16 networks (2 per node x 8 nodes)
Inputs: T, CC, SW Outputs: Pcons,k(t), Pgen,k(t) o re
Forecast ”J e
Uncertainty ;
oc(t), oglt) Pnetk per node :
a )
2 — Grid C: ion (KCL /KVL)
I Slack bus N1 = 400V - KVL voltage drops at N2-N9
|
] Injection currents - BFS upstream summation - u_meas, i_meas
|
: L J
1 o u_meas, i meas
| N\, C 2, varfances
! s ~
| i . .
I Module 3 — Stochastic State Estimator
= Input: u_meas, i_meas  var_c = var_meter + var_forecast
v
5000 Monte Carlo realisations - Constrained MLE (Cx =0)
rfc Output: 95% confidence ellipses ~ HRV = 95%, HRI = 95%
. J
\\
\\
N
N\,
Phasor Estimates Congestion Management
+ Confidence Ellipses SAFE / WARNING / RISK
HRV = 95%, HRI = 95% li| + Al vs |_rated = 200 A

[ Datasources [ LSTM forecast [ Grid calculation [ State estimator [ Outputs [ Uncertainty

Figure 2.1: System block diagram of the active power forecasting pipeline

to voltage and current phasors using KCL and KVL on the nine-node syn-
thetic grid. Module 3 (state estimator, Section adds realistic EM meter
noise, solves the constrained MLE for 5000 Monte Carlo realisations, and
produces 95 % confidence ellipses. The uncertainty block shows how the
LSTM forecast residuals (o¢, 0g) feed both the adaptive confidence interval
for congestion management and the current variance passed to the state
estimator.

2.3.1 Architecture

LSTM networks address the vanishing gradient problem of vanilla RNNs
through a gated memory architecture [8]. The complete LSTM update at
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timestep £:
f; = (T(fot —+ Ufht—l -+ bf) (2.6)
ir=0(Wjx; + Uh;_1 +b;) (2.7)
o = 0(Wox; + Ushy_1 + by) (2.8)
g+ = tanh(Wex; + Ugh;_q + by) (2.9)
¢ =fOc¢g 1+irOg (2.10)
h; = o; ® tanh(c;) (2.11)

The additive cell-state update enables learning of dependencies spanning
hundreds of timesteps, making LSTMs well-suited to power time series
with daily (96 steps) and seasonal periodicity.

2.3.2 Dual-Output Design

Two independent LSTM networks are trained: one for consumed power
Peons and one for generated power Pgen. This separation exploits the distinct
physical drivers of each quantity:

e Consumption is primarily driven by temperature and time-of-day pat-
terns (heating and occupancy);

* Generation is primarily driven by solar radiation (shortwave irradi-
ance) and cloud cover.

A joint single-output model predicting net power directly would conflate
these two mechanisms, increasing model complexity without gain. The
feature correlation analysis in Section quantifies these relationships
and confirms the separation is appropriate.

2.4 Uncertainty Quantification

Accurate forecasting alone is insufficient for grid operation — the DSO also
needs to know how wrong the forecast could be. This section describes
the two distinct sources of uncertainty in the pipeline and how each is
quantified and used.
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2.4.1 Two Sources of Uncertainty

The pipeline contains two independent sources of uncertainty that must not
be confused:

1. Forecast uncertainty — arises from the LSTM prediction error. Fol-
lowing the standard practice for prediction interval construction [9],
it is quantified from the residuals on the November 2023 validation
set V:

0c = std{ Peons(t) = Peons(£) },cyr 05 = std{Pgen(t) — Pgen(t) },.y,
(2.12)
Substituting the trained model values (0, = 13.164 kW, 0, = 14.762 kW)
and horizon h = 4 gives the 95 % prediction interval [9]:

Pret(t+h) + 1.96 (0c + o) Vh = £109.47 kW (2.13)

The v/l factor accounts for accumulating uncertainty over the multi-
step horizon. The forecast uncertainty is used for two purposes: it
directly provides the congestion management CI, and it is converted
to a current variance that feeds into the state estimator (Section [2.4.2)).

2. EM meter noise — arises from the finite accuracy of smart electricity
meters as specified in the EM model of Olsen et al. [18]. The meter
accuracy is expressed as a percentage of the measured value at the
99 % confidence level (e;y = 1% for voltage, e = 3% for current).
Converting to standard deviations using the Gaussian quantile rp =
®-1(0.995) = 2.576 [18]:

 Vioméuy _ 400 x 0.01

ou 7o 2576

=155V,  oit) =" (2.14)

The EM meter noise is added inside the state estimator by meterModel_1
and drives the size of the confidence ellipses.

2.4.2 Uncertainty Flow Through the Pipeline

Figure shows how the two uncertainty sources propagate through the
pipeline.
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Figure 2.2: Uncertainty flow through the pipeline. Solid arrows: data flow. Dashed ar-
rows: uncertainty flow. Forecast uncertainty (o¢, 0g) feeds both the congestion CI and the
estimator variance var¢.. EM meter noise drives the ellipse size. Output X is compared
against 2024 actual data (HRy =95 %, HR} =95 %).

The total current variance passed to estimateGridState combines both
sources [18]:

2
- 2 2 2
i Wy /0% + 05 x 1000
vary (t) = (M) + ‘8 2.15)

o \/§ Vhom

NV
Forecast uncertainty

EM meter noise

where wy is the power allocation weight for node k. The forecast component
(28.5 A at the substation) dominates the meter noise (0.58 A at typical load-
ing) by a factor of ~ 49, so the confidence ellipses primarily reflect LSTM
prediction error rather than instrument accuracy.

2.4.3 Adaptive Confidence Interval

The fixed CI of +109.47 kW treats all hours and seasons equally. In practice
the LSTM is more uncertain during summer solar events than during stable
winter nights. Following the conditional prediction interval approach [9],
an adaptive CI is computed by partitioning the November 2023 residuals
by time-of-day slot (0-95, one per 15min) and season (winter / spring /
summer / autumn):

CI(t) = 1.96 (0¢ (slot(t), season(t)) + g (slot(t),season(t))) Vi (2.16)

This replaces one fixed value with a 4x96 = 384-element lookup table
stored in adaptive_sigma.mat. The CI narrows to ~ £20kW during quiet
winter nights and widens to ~ +210kW during peak summer solar hours.

Ellipses

True value
(2024 data)
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2.4.4 Estimator Output and Validation
The state estimator solves the constrained MLE problem [18]:

%" = argmin ||d"™ — xH%,l st. Cx=0 (2.17)
for each of the 5000 Monte Carlo realisations d("). The confidence ellipses
are sized using the chi-squared quantile [18]:

Rfactor = Xp.05(2) = 5.9915 (2.18)

ensuring 95 % theoretical coverage in the 2D phasor plane.
The estimator output is validated on two complementary levels:

* Internal calibration (Monte Carlo hit-rate): do 95 % of ellipses contain
the forecast-derived operating point? Result: HRy = 95.0%, HR; =
95.1 % — matching the paper base case [18].

* External accuracy (actual 2024 measurements): how close is the forecast-
derived current to reality? Result: current MAE~ 37.6 A, MBE ~
+1.8 A (near-zero systematic bias).

Calibration confirms the ellipses are correctly sized for the specified meter
noise; external accuracy confirms the forecast-derived input has negligible
systematic error. Both metrics together provide a complete uncertainty as-
sessment.

2.5 Operational Applications

Probabilistic power forecasts directly support three DSO use-cases:

Congestion management. The upper confidence bound P + CI is trans-
lated to a cable current via |I| = [S|/(v/3 Voom) and compared against the
thermal rating I ateq. If the upper bound exceeds the limit, a risk warning
is raised before congestion occurs.

Demand response scheduling. The lower confidence bound quantifies the
minimum expected solar export, allowing the DSO to safely schedule con-
trollable loads to absorb surplus generation without risking reverse-flow
overloads.
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State estimation input. The point forecast provides the injection currents
that seed the stochastic state estimator (Module 3 of the pipeline), which
propagates forecast uncertainty through the Kirchhoff equations to produce
95 % confidence ellipses at all grid nodes.

2.6 Toy Grid

Initially, the forecast model is trained with the 24 hours data from the pre-
vious semester’s project [2]. The project work is carried out with some real
grid dataset (from the previous semester) so that some idea can be acquired
about the future of the project.

2.6.1 Data Characteristics

The OGM data covers a single 24-hour day, yielding 96 timesteps per node.
Table [2.1] summarises the substation-level statistics.

Table 2.1: OGM toy-grid summary statistics — Substation Node 91, 1 August 2024.

Quantity Value Unit
Timesteps 96 (15-min intervals)
Net power range —196.4 to +70.0 kW
Peak solar export —196.4 kW (at 12:30)
Peak evening demand +70.0 kW (at 18:30)
Individual node range —3.8to +1.1 kW

Forecast Model Evaluation on the OGM Dataset

Figure[2.3|shows the AR(2) and LSTM forecast results for Substation Node 91
trained and evaluated on the single-day OGM dataset, with the train/test
split at hour 16 (dashed green line).

The results clearly illustrate the limitations of training on a single day of
data. The AR(2) model achieves a mean absolute error (MAE) of 14.7 kW,
substantially outperforming the LSTM, which yields an MAE of 26.8 kW —
nearly twice the error of the classical baseline. Notably, the LSTM struggles
to track the sharp evening demand transition following the solar export
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Substation Node 91 — AR(2) vs LSTM Forecast
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Figure 2.3: AR(2) vs. LSTM forecast for Substation Node 91 on the OGM toy-grid dataset.

period, and its 95 % confidence interval widens dramatically over the test
horizon, indicating high predictive uncertainty.

This performance gap is unsurprising given the severe data constraints.
With only 96 timesteps available and a train/test split at timestep 64, the
LSTM is trained on approximately 60 samples — far fewer than the tens
of thousands typically required to tune its 18,753 parameters reliably. The
model consequently overfits the limited training signal and fails to gener-
alise to the test period.

The single-day OGM dataset is sufficient to:

* Configure the 122-node grid state estimator (static topology and one
operating point); and

 Validate the complete forecast-to-current-to-state pipeline end-to-end
with a realistic European grid.

It is not sufficient for training a reliable LSTM model: 96 training samples
against 18,753 LSTM parameters is far below the recommended minimum.
This motivates the use of the real 2023 substation dataset for all LSTM train-

ing (Section [2.7).
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2.7 Real Grid Dataset and Feature Correlation Study

2.7.1 Dataset Description

The primary dataset is a one-year OGM export from a European DSO cov-
ering calendar year 2023. The file power_export_gridElementId_10.csv
records the aggregated power exchange at Grid Element 10 (substation
level) at 15-minute intervals, yielding 35,031 timesteps. This is distinct from
the OGM toy-grid node files: it provides substation-aggregated consump-
tion and generation totals, not individual node phasors.

Table 2.2: Real grid dataset summary statistics — Grid Element 10, 2023.

Variable Mean Max Min Unit
Consumed (Pcon) 374 1472 0.0 kW
Generated (Pgen) 16.5 217.6 0.0 kW
Net power (Pret) 209 1472 -96.2 kW
Inductive reactive power 96 19.6 0.0 kVAr
Capacitive reactive power 04 20.0 0.0 kVAr
Total consumed 327.6 MWh/year

Total generated 144.5 MWh/year

2.7.2 Annual Power Profile Analysis

Figure [2.4{shows the daily-averaged consumed and generated power across
2023. Consumption peaks in winter (mean 57-68 kW in December—January,
driven by electric space heating) and falls in summer (mean 19-24kW in
June-July). Generation follows the complementary solar pattern, rising
from near-zero in December to a mean of 28-34 kW in June—July.

Table presents the monthly mean consumed, generated, and net
power for 2023. From May to September the grid operates in net export
mode (negative mean net power), as solar generation exceeds consumption.
This seasonal inversion is the primary modelling challenge and confirms
the need for weather-informed features rather than a purely time-series ap-
proach.

Figures [2.5/and [2.6/show the full year as heatmaps of hour-of-day (rows)
versus day-of-year (columns). The consumed power heatmap reveals per-
sistent morning and evening demand peaks throughout the year. The gen-
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Annual Power Profile — Grid Element 10 (2023)
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Figure 2.4: Annual daily-averaged power profile — Grid Element 10, 2023
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Table 2.3: Monthly mean power statistics — Grid Element 10, 2023. Negative net power

indicates net solar export.

Month Consumed (kW) Generated (kW) Net (kW)

January 57.7
February 49.8
March 38.9
April 33.3
May 24.0
June 19.7
July 22.1
August 25.5
September 244
October 36.2
November 50.1
December 67.7

0.7
7.5
13.0
16.6
254
33.6
28.8
25.1
30.2
11.4
44
1.0

+57.0
+42.3
+25.9
+16.7
-1.5
—-13.9
—6.7
+0.4
-5.8
+24.9
+45.8
+66.7

erated power heatmap confirms that solar generation is concentrated in
midday hours of spring and summer and near-zero throughout winter —

the key temporal pattern that the LSTM must learn.

2.7.3 Autocorrelation and Ramp Rate Analysis

Autocorrelation Structure

Figure [2.7|shows the autocorrelation function (ACF) of consumed power at

lags up to one week. Key values:
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Heatmap: Consumed Power — Grid Element 10 (2023)
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Figure 2.5: Consumed power: morning and evening peaks throughout the year.
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Figure 2.6: Generated power: midday solar peak, dominant May-September.

p(1) = 0.963 (15 min) — very strong short-term persistence: the power
in the next 15minutes is almost perfectly predicted by the current
value alone.

p(4) = 0.867 (1hour) — correlation remains high at 1-hour lag, con-
firming that load follows smooth intraday ramps.

p(32) = 0.148 (8 hours) — correlation has dropped substantially at the
8-hour horizon, meaning that an 8-hour lookback window captures
the most recent smooth ramp history without carrying stale informa-
tion from 12 hours earlier.

p(96) = 0.814 (1day) — a strong daily seasonality spike: consump-
tion today is highly correlated with consumption at the same time
yesterday.

p(672) = 0.763 (1 week) — a weaker but still significant weekly sea-
sonality.
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ACF — Short lags (0-12 hours)
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Figure 2.7: Autocorrelation function of consumed power. Left: short lags (0-12h). Right:
full week (0-672 steps). Dashed red lines: 95 % confidence bounds.

Justification for the 8-hour lookback window (L = 32). The ACF shows
two distinct regimes. For lags up to approximately 16 steps (4hours), the
correlation decays smoothly from p(1) = 0.963 to p(16) = 0.447, reflecting
the intraday ramp dynamics (heating onset, occupancy changes). Beyond
16 steps the correlation drops further to p(32) = 0.148 before rising again
at the daily peak (0(96) = 0.814).

A lookback window of L = 32 steps (8hours) is chosen because it
covers the full smooth ramp regime where autocorrelation is meaningful
for short-term prediction, without extending into the stale mid-day region
(p =~ 0.14) that adds noise rather than signal. The dominant daily season-
ality (p9s = 0.814) is not captured directly by the lookback window, since
32 steps cannot reach 24 hours back. Instead, this daily cycle is captured
implicitly through the weather inputs — temperature, cloud cover, and
shortwave radiation — which carry the same 24-hour cycle as the load they
drive. This is a key advantage of weather-driven LSTM over purely autore-
gressive models: the model does not need a 96-step lookback to exploit the
daily seasonality.

Weekly seasonality. The weekly peak at p(672) = 0.763 reflects the week-
day/weekend difference in consumption patterns. This is not handled by
an explicit lag-672 input or by any cyclic encoding in the current model —
the LSTM uses only three weather features (T, CC, SW) which do not carry
day-of-week information. The weekly cycle is therefore an acknowledged
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limitation of the current feature set. Adding a day-of-week indicator as a
fourth input feature would directly address this and is recommended as
future work.

Ramp Rate Distribution

Figure 2.8 shows the distribution of 15-minute step-to-step power changes
(ramp rates) for both consumed and generated power over the full year
2023.

Generated Power Ramp Rates (daytime only, SW > 0)
0=30.66 KW/step [5%-95%] = [-51.0, 48.0] kW/step

Consumed Power Ramp Rates (all hours)
o0 =7.37 kW/step [5%-95%] = [-10.8, 12.0] kW/step (77% of all steps excluded: night, zero ramp)
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Figure 2.8: Distribution of 15-minute power ramp rates (step-to-step changes in kW). Left:
consumption (all hours). Right: generation (daytime only, SW > 0).

The consumed power ramp distribution has standard deviation ¢ =
7.37 kW /step, with the 5th-95th percentile range of —10.8 to +12.0 kW /step.
The distribution is sharply peaked at zero (most 15-minute intervals see
little change) with heavy tails extending to =80 kW /step during extreme
events. This heavy-tailed, near-leptokurtic shape deviates significantly from
a Gaussian, which is a clear indication that a linear autoregressive model —
which implicitly assumes Gaussian residuals and linear dynamics — will
struggle to capture sudden demand spikes.

The generated power ramp distribution is shown for daytime steps only
(SW > 0, representing 22.6 % of all steps), since 77.4% of all generation
ramps are exactly zero at night. The daytime ramp standard deviation is
o = 30.66 kW /step with the 5th-95th percentile range of —51.0 to +-48.0 kW /step,
reflecting the rapid cloud-driven fluctuations in solar PV output.

Together, the heavy tails in both ramp distributions confirm that the load
and generation dynamics are nonlinear and non-Gaussian, which moti-
vates the choice of LSTM over linear AR models for this forecasting task.
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2.74 Weather Data Acquisition

Historical weather data for 2023 is obtained from the Open-Meteo ERAS re-
analysis archive [21] for the grid location: Neuburg an der Donau, Bavaria
(48.7360°N, 11.1843°E). The free API (archive-api.open-meteo.com/vl/archive)
provides hourly ERA5 data. Seven variables are retrieved for 1 Jan-31 Dec 2023
(Table and interpolated to 15-minute resolution by linear interpolation.

Table 2.4: Meteorological variables retrieved from Open-Meteo ERA5, Neuburg 2023.

Variable API name Unit  Physical relevance

Air temperature (2m) temperature_2m °C Heating demand driver
Relative humidity (2m) relative_humidity_2m % Correlated with cloud/season
Precipitation precipitation mm Activity proxy

Cloud cover cloudcover Yo Solar attenuation

Wind speed (10 m) windspeed_10m km/h Minor convective effect
Shortwave radiation shortwave_radiation =~ W/m?2 Primary solar predictor

Direct radiation direct_radiation W/m? Beam component of SW

Figure shows all retrieved variables across 2023. The data covers
the full range of central European climate: temperatures from —13.9 to
+33.3°C, solar radiation peaks up to 927 W/m?, and cloud cover varying
0-100 % throughout the year.

2.7.5 Feature Correlation Analysis and Selection

Seven meteorological variables are retrieved from the ERA5 archive (Sec-
tion and evaluated as candidate inputs for the LSTM model. The
selection criterion combines the Pearson correlation of each variable with
the two forecasting targets (consumed and generated power) with physical
reasoning and supervisor guidance. Table 2.5/ presents all seven candidates
with their correlation coefficients and the final inclusion decision.

The rationale for each decision is as follows.

Temperature — included. Temperature is the strongest predictor of con-
sumed power (r = —0.47). The negative sign confirms that the grid is
heating dominant: lower temperatures drive higher electric space heating de-
mand. At the monthly aggregation level this relationship strengthens to
r = —0.89, reflecting the clear seasonal pattern of high winter consumption
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Historical Weather Data 2023 — Neuburg, Bayern (Open-Meteo ERA5)
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Figure 2.9: Historical weather data 2023 — Neuburg, Bayern (Open-Meteo ERA5). Top:
temperature (red) and cloud cover (blue). Middle: shortwave radiation (amber) and wind
speed (green). Bottom: humidity (blue) and precipitation (blue).

Table 2.5: Weather feature selection for the LSTM model. Pearson correlations computed
on the full 2023 dataset (35,031 steps, Grid Element 10).

Feature Unit Tcons rgen Decision

Temperature (2m) °C —0.47 +0.36 Include

Cloud cover % +0.24 —0.21 Include

Shortwave radiation W/m? —0.55 +0.73 Include

Direct radiation W/m? —0.52 +40.74 Exclude — collinear with SW (r = 0.96)
Relative humidity % +0.29 —0.41 Exclude — supervisor guidance

Wind speed (10m) km/h +0.14 —0.06 Exclude — supervisor guidance
Precipitation mm —0.02 +0.08 Exclude — negligible correlation

Final: 3 features — temperature,

cloud cover,

shortwave radiation

and low summer consumption seen in Table Temperature is an essential

input and is included.

Shortwave radiation — included. Shortwave radiation is the strongest
predictor of generated power (r = +0.73), which is expected because so-
lar PV output is directly proportional to the incident solar irradiance. The
relationship is strongly seasonal: the correlation rises from » = 0.10 in De-
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cember (low sun angle, short days) to r = 0.71 in June (high sun angle, long
days). Shortwave radiation is an essential input and is included.

Cloud cover — included. Cloud cover has a physically direct negative
correlation with generated power (r = —0.21) through solar attenuation:
cloud layers reduce the shortwave irradiance reaching PV panels. Although
the correlation is weaker than that of shortwave radiation, cloud cover pro-
vides complementary information because it captures diffuse-light condi-
tions that affect PV output even when direct solar irradiance is non-zero.
Cloud cover is included as the third weather feature.

Direct radiation — excluded. Direct radiation shows correlations of r =
—0.52 with consumed power and r = +0.74 with generated power, almost
identical to the shortwave radiation values (—0.55 and +0.73 respectively).
This is because the two irradiance variables are near-perfectly collinear
(r = 0.96 between them). Including both would introduce multicollinearity
without adding any predictive information. Direct radiation is therefore
excluded; shortwave radiation is retained as it represents the total (direct
plus diffuse) solar irradiance.

Relative humidity — excluded. Relative humidity shows moderate cor-
relations (rcons = +0.29, rgen = —0.41), but the physical mechanism linking
humidity to grid power is indirect. Humidity acts mainly as a proxy for
cloud conditions and seasonal patterns that are already captured by the
cloud cover and shortwave radiation features. Following supervisor guid-
ance, relative humidity is excluded to keep the input set compact.

Wind speed — excluded. Wind speed shows very weak correlations with
both targets (rcons = +0.14, rgen = —0.06). In this residential distribution
grid, wind has no direct influence on either electric heating demand or solar
PV generation. Following supervisor guidance, wind speed is excluded.

Precipitation — excluded. Precipitation shows negligible correlations with
both consumed (r = —0.02) and generated power (r = +0.08). Its influence
on grid power is indirect and already partially captured by cloud cover,
since rainy conditions typically coincide with high cloud cover. Precipita-
tion is excluded.
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Summary. The final LSTM input set consists of three weather features:
temperature, cloud cover, and shortwave radiation. These three variables
capture the two dominant physical mechanisms of the grid: electric heating
demand driven by temperature, and solar PV generation driven by solar
irradiance modulated by cloud cover. The full 3-feature input vector fed
to the LSTM at each 15-minute timestep is formally defined in Chapter
Equation (3.9).

2.7.6 Dataset Split

The 35,031-timestep dataset is partitioned chronologically. The split bound-
aries are chosen so that the November validation set immediately precedes
the December test set, ensuring that the residual standard deviations ¢, and
0, computed on November data are representative of December conditions.

Training: Jan-Oct 2023 = 29,178 steps (304 days) (2.19)
Validation: Nov 2023 = 2,880 steps (30 days) (2.20)
Test: Dec 2023 = 2,973 steps (31 days) (2.21)

The test period covers the winter peak (December: mean consumed
67.7 kW, mean generated 1.0kW), providing a stringent evaluation of the
model’s ability to generalise to the peak-demand conditions.



Chapter 3

Design and Methodology

This chapter presents the complete design of the proposed forecasting and
state estimation system. Section 3.1| gives the overall pipeline architecture.
Section describes the LSTM forecast model, including training proce-
dure, feature construction, and CI derivation. Section explains the clima-
tological weather proxy used when forecasting future periods. Section
specifies the synthetic nine-node grid, the impedance matrix, the Kirchhoff
constraint matrix, and the procedure for deriving per-node voltage and cur-
rent phasors from the forecast. Section describes the stochastic state
estimator, its meter noise model, the MLE step, and the confidence ellipse
computation. Section explains how the three modules exchange data
and are run in sequence.

3.1 Opverall Pipeline Architecture

The system is organised into three sequential modules, each implemented
as an independent MATLAB script. The modules communicate exclusively
through saved .mat data files and share no internal state, so each compo-
nent can be tested, replaced, or updated independently. The overall pipeline
is shown in Figure

Module 1 — LSTM Power Forecast (Step2_LSTM_NodeLevel.m) Trains 16 LSTM
networks (2 per node x 8 load nodes) on the 2023 substation data and
produces a 15-minute-resolution forecast of consumed and generated
power for each node. Output: node_forecast_output.mat.

Module 2 — Grid Calculation (Step3_Grid_Calculation.m) Reads the power

26
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forecast and distributes it to nine grid nodes according to fixed power
weights. Computes the complex voltage and current phasors at all
nodes for every forecast timestep using KCL and KVL. Assembles all
inputs required by the state estimator. Output: grid_inputs.mat.

Module 3 — State Estimator (testWithGrid_manyRepSmall.m) The stochas-
tic state estimation script, minimally modified to load its inputs from
grid_inputs.mat. Runs the EM meter model, the constrained MLE,
and the confidence ellipse computation for each selected timestep.

Output: estimation_results.mat.

Pipeline Block Diagram — Data Flow Between Modules
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Figure 3.1: Pipeline block diagram showing the three modules and the variables exchanged
on each arrow.

3.2 Module 1: LSTM Power Forecast Model

3.2.1 Design Philosophy — Two Networks Per Node

A single LSTM model predicting net power directly would need to learn
two physically different and often opposing patterns simultaneously: heat-
ing load (which increases in winter) and solar generation (which increases
in summer and is zero at night). This conflict makes training harder and
reduces accuracy for both quantities. Instead, two independent LSTM net-
works are trained per node — one for consumed power (Model C) and one
for generated power (Model G).

With 8 load nodes (N2-N9), the total network count is 2 x 8 = 16. All 16
networks are implemented within a single script (Step2_LSTM_NodeLevel.m)
using a shared forward-pass function local_lstm_fwd(). Their trained
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weights are saved together in node_forecast_output.mat as two completely
separate sets of matrices per node.
Table 3.1 summarises the distinction between the two model types.

Table 3.1: Summary of the two LSTM network types per node. Architecture and hyperpa-
rameters are identical; only the training target differs.

Model C (consumed) Model G (generated)
Training target Peons k() Pyen k()
Primary driver Air temperature T(t) Shortwave radiation SW(t)
Physical reason Heating demand rises as temperature falls Solar PV output proportional t
MATLAB suffix c (e.g. Wfc, Ufc) g (e.g. Wig, Ufg)
Weight matrices W fror Wi, Woe, We, W f.a Wi,g, Wi, We o
Recurrent weights U £er Ui, Uge, Ug Us o Uig, Uog Uge
Output weights Wy, by, Wye bye

The subscripts follow the standard LSTM gate notation from Equations (3.2)-
(B.7): f = forget gate, i = input gate, 0 = output gate, ¢ = candidate cell. The
suffix c or g identifies which model the matrix belongs to.

Why temperature drives consumption. Space heating and hot-water de-
mand — the dominant loads in a residential LV grid in Bavaria — increase
as outdoor temperature decreases [19]. Model C learns a negative correla-
tion between T(t) and Ponsk(t): cold days give high consumption, warm
days give low consumption. Cloud cover (CC) provides secondary informa-
tion about thermal comfort, since overcast skies are often associated with
colder temperatures.

Why shortwave radiation drives generation. Solar PV output is directly
proportional to incident solar irradiance [19]. Model G learns a strong pos-
itive correlation between SW(t) and Pgeqx(t): high radiation means high
generation, and zero radiation (night) means zero generation. The solar
night mask (Section enforces the physical constraint pgen,k(t) =0
whenever SW(t) < 10W/m?, removing any residual non-zero output the
network might produce at night.
At inference time, local_lstm_fwd() is called twice per node per timestep

— once with the consumed-power weights to produce pcons,k(t)/ and once
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with the generated-power weights to produce pgen,k( t). The net power fore-
cast is then:

pnet,k(t) = pcons,k(t) - pgen,k(t) (3-1)

Both models share the same weather input x(t) = [T(t), CC(t), SW(t)]"
— they differ only in what they have been trained to predict from it.

3.2.2 LSTM Architecture

Each of the 16 LSTM networks has the following structure:
1. Input layer: receives x(t) € R3 at each 15-minute timestep.

2. LSTM layer: d = 64 hidden units. Processes a lookback sequence of
L = 32 consecutive timesteps (8 hours) and produces a hidden state
h; € R,

3. Output layer: a single linear neuron j = Wyh; + by.

At each timestep t within the lookback sequence, the LSTM computes [hochreiter19971stm]:

f; = o(Wsxt +Ughy 1 +by) (forget gate) (3.2)
ir=0(Wixt + Uh; 1 +b;) (input gate) (3.3)
o = 0(Wox; + Ugh;_1 + by) (output gate) (3.4)
gt = tanh(Wex; + Ugh;_1 + by) (candidate cell) (3.5)
=0 1+ O g (cell state) (3.6)
h; = o; ® tanh(¢) (hidden state) (3.7)

where ¢ is the sigmoid function and ® is element-wise multiplication. The
weight matrices W fr W;, Wy, W, € R%**3 connect inputs to gates; U fr U;, U,, U, €
R%4%64 are the recurrent connections.

The total number of trainable parameters per network is:

ng=4(d-n+d*+d)+ d+1 =4(64x3+64>+64)+65= 17,473
NS

J

LSTI\7Irgates output layer
(3.8)
With 16 networks in total (2 per node x 8 load nodes), the combined pa-
rameter count is 16 x 17,473 = 279,568.
Table 3.2| summarises all hyperparameters.
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Table 3.2: LSTM hyperparameter configuration. All 16 networks (Model C and Model G
for each of the 8 load nodes) use identical settings.

Hyperparameter Value Rationale

Input features (1) 3 (T, CC, SW) Section

Hidden units (d) 64 Sufficient capacity; avoids overfitting
Lookback window (L) 32 steps = 8h Captures intraday ramp patterns
Forecast horizon (h) 4 steps = 60min Operational planning window

Loss function MSE Standard regression loss

Optimiser Adam, Ir = 0.002 Adaptive gradient method

Gradient clipping Norm < 1.0 Prevents exploding gradients

Early stopping patience 80 epochs Avoids overfitting

3.2.3 Input Feature Construction

At each 15-minute timestep ¢, the model receives:
x(t) = [T(t), CC(t), SW(t)]" € R? (3.9)

where T(t) is air temperature at 2m (°C), CC(t) is cloud cover (%), and
SW(t) is shortwave solar irradiance (W / m?). All three are from ERA5 (Sec-
tion 2.7.4), interpolated from hourly to 15-minute resolution.

Each feature is normalised to [0, 1] using min-max scaling computed
exclusively from the training set (January—October 2023):

X (t) _ xtrain

Xnorm (1) = S ———in_ (3.10)
Ymax ~ *min
The lookback sequence fed to the LSTM is:
Xseq(t) = [x(t—L+1), ..., x(t)] € RE*? (3.11)

3.2.4 Solar Night Mask

A physical hard constraint is applied at inference time to Model G:

Py

. 2
) = {o if SW(t) < 10W/m 312)

max(0, Jg(t) - Y5 © + Yi)  otherwise

This ensures that the generation forecast is exactly zero at night and non-
negative at all times.
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3.2.5 Training and Validation Procedure

Data split
The 35,031-step 2023 dataset is partitioned chronologically:

Training: Jan—Oct 2023 = 29,178 steps (3.13)
Validation: Nov 2023 = 2,880 steps (3.14)
Test: Dec 2023 = 2,973 steps (3.15)

No test-set data is used during training or hyperparameter selection. The
validation set is used for early stopping and for computing o, oy for the CL.
Targets and normalisation

Targets Peons x(f) and Pgen k() are normalised to [0, 1] using training-set min
and max:

(t) _ qtrain
ynorm(t) = % (316)

Ymax — Ymin

At inference, the LSTM output is denormalised:
P(t) = fnorm (1) X (Vimax — Ymin') + Y (3.17)

Optimisation

Both model types are trained using Adam (Ir = 0.002) with MSE loss. Gradi-
ents are clipped to ¢ norm < 1.0. Training stops when the validation MSE
does not improve for 80 consecutive epochs. All weights and normalisation
parameters are saved to node_forecast_output.mat.

3.2.6 Confidence Interval Construction

A symmetric 95 % CI is constructed from the validation-set residuals [9]:

A

0c = std{ Peons k(t) = Peonsk(t) } ;o = 13.164 kW (3.18)
g = std{ Paen k() — Poeni(t) },cyy = 14762 kW (3.19)

The combined 95 % CI for the net power forecast at h = 4 is:

Pretx(t+h) £ 1.96 (0; + ) Vh (3.20)

J/

Cly, = +109.47kW
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The /I factor reflects accumulating uncertainty over the horizon; 1.96 =
z0.975 gives 95 % nominal coverage. At node level, the CI is scaled by the
power weight:

CIk = Wy X CIhw (3.21)

3.3 Climatological Weather Proxy for Future Peri-
ods

3.3.1 The Problem

The LSTM requires weather inputs at every 15-minute timestep of the fore-
cast period. For historical periods (e.g., December 2023) the ERA5 data is
available directly. For future periods (e.g., January 2026) the actual weather
does not yet exist.

3.3.2 The Climatological Proxy Method

The climatological proxy approach uses the weather data from the same
calendar month of the most recent historical year (2023) as the input for the
future period. This is justified by:

1. Seasonal stability. Monthly climate statistics in Neuburg, Bayern re-
peat reliably each year (January is cold with low solar angle; June is
warm with high solar output).

2. Model-year consistency. The LSTM was trained on 2023 data, so the
2023 weather proxy lies within its interpolation regime.

3. Empirical validation. Cross-year validation against January 2024 ac-
tual measurements: MAE =26.01 kW, MBE = +1.23 kW, HR =96.1 %.

The main limitation is that structural changes (e.g., new solar PV installa-
tions) between the proxy year and the target year cannot be captured. This
is discussed in Section

3.3.3 Implementation

The user sets two parameters at the top of Step2_LSTM_NodeLevel.m: [lan-
guage=MATLAB] FORECAST),ONTH = 1, FORECASTyEAR = 2026; The



3.4. Module 2: Grid Calculation 33

script selects timesteps where month == FORECAST_MONTH and year == 2023
from the 2023 CSV files, using their weather as proxy inputs.

3.4 Module 2: Grid Calculation

3.4.1 Purpose and Inputs

Module 2 bridges the LSTM power forecast and the state estimator. Its
purpose is: given the forecasted power at each node, what are the complex voltage
and current phasors at every node? It reads node_forecast_output.mat and
writes grid_inputs.mat.

3.4.2 Synthetic Nine-Node Grid

The full OGM data for every node is not available; only the root-node (sub-
station) one-year dataset exists, which is used to train the LSTM. A syn-
thetic nine-node radial grid is therefore used as the test network, represen-
tative of a European LV residential feeder.

Topology
* Node 1: Substation (root, voltage reference, no local load).

e Branch 1 (Nodes 2, 3, 4): Node 2 is the junction; Nodes 3 and 4 are
leaves. Branch 1 carries 37.5 % of total substation power.

* Branch 2 (Nodes 5-9): Node 5 is the first junction; Node 6 connects
to 5 (second junction); Node 7 is a leaf from 6; Node 8 connects to 5
(third junction); Node 9 is a leaf from 8. Branch 2 carries 62.5 % of
total substation power.

The parent—child relationships for KCL summation:

({2,5} k=1
(3,4} k=2
_J{68} k=5
C(k) = 7 ks (3.22)
{9} k=8
(2 ke {3,479}
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N1

ubstation, 400 V.

Branch 1 (37.5%) Branch 2 (62.5%)

50 m

N3 N4 N6 N8

wy = 12.0% wr = 10.5% wr =[12.1% wr =012.9%
35 m 30 m

N7 O O N9

wy = 10.1% wp = 11.3%

- N1 — Substation (voltage reference, Vhom = 400V)
[ J Junction node (N2, N5) carries local + downstream current

O Load node (N3,N4,N6,N7,N8,N9) — local current only

Cable: 95mm? XLPE R =0.32Q/km X = 0.083Q/km  I1atea = 200 A

wy, = fraction of substation forecast assigned to node k (Z wr =1, w; = 0)

Figure 3.2: Synthetic nine-node radial grid used as the test network.

Cable specifications

All eight cables are 95 mm? XLPE type, conforming to IEC 60502-1 [11].
XLPE insulation is selected for its high thermal stability, resistance to mois-
ture, and continuous operating temperature of 90 °C [15]. The per-unit re-
sistance and reactance are R = 0.32()/km and X = 0.083 Q)/km. Table
gives the full cable specification.
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Table 3.3: Cable specifications. 95 mm? XLPE; I, eq = 200 A [10].

Cable  Role Lm) R(Q) X (Q) |Z ()

N1—N2 Bl feeder 50 0.01600 0.00415 0.01653
N1—N5 B2 feeder 60 0.01920 0.00498 0.01983
N2—N3 Bl branch 40 0.01280 0.00332 0.01322
N2—N4 Bl leaf 45 0.01440 0.00374 0.01488
N5—N6 B2 branch 40 0.01280 0.00332 0.01322
N5—N8 B2 branch 50 0.01600 0.00415 0.01653
N6—N7 B2 leaf 35 0.01120 0.00291 0.01157
N8—N9 B2 leaf 30 0.00960 0.00249 0.00992

3.4.3 Impedance Matrix Z

For each cable connecting nodes i and j with length Ly,:
Z(i,j) = Z(j,1) = (R+jX) X Lim (O] (3.23)

All other entries are zero; the diagonal is zero. The voltage difference across
any cable obeys Ohm’s Law:

Vi— V] = Z(i/j) X Icable(i_>j) (3.24)

3.4.4 Constraint Matrix C from Kirchhoff’s Laws

The function build_grid_equations(Z) constructs the constraint matrix C
encoding two physical laws.

Kirchhoff’s Voltage Law (KVL). For every cable between nodes i and j:
Vi Vi = V3 Z(i,j) - Leabie (i, J) (3.25)

The /3 factor converts line-to-line to line-to-neutral quantities in the three-
phase system.

Kirchhoff’s Current Law (KCL). At every junction node k:

I = Lmj(k) + Y L (3.26)
ceC(k)
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Together these form the linear system [6]:
Cx=0 (3.27)
where x = [Vy,..., Vo, I1,..., Iy]) " € C!® and C € R13*18,

Why ¢ = 0 in our case. In our pipeline, Umeas and Imeas are constructed
to exactly satisfy KVL and KCL by design (slack bus + KVL drops; KCL
upstream summation). Therefore:

C {Umeaﬂ =0 (3.28)
Imeas

The constraint is essential in the MLE step: the noisy measurements d(")

do not satisfy Cd("™) = 0 because meter noise breaks the Kirchhoff balance.

The MLE projects each noisy realisation back onto the physically feasible

manifold where CX = 0.

3.4.5 Voltage Phasors: Slack Bus and KVL Drops

Slack bus. Node 1 (substation) is the slack bus: the transformer maintains
Vhom = 400V [3] regardless of load:

U; =400V +j-0 (N1 — slack bus reference) (3.29)

KVL drops at all other nodes. Every other node (k = 2,...,9) has a volt-
age lower than 400 V because current flowing through the cable impedance
causes a drop. Propagating KVL forward from the root in breadth-first
order:
Up = uparent(k) - \/5 *Zcable - Ik (3.30)
Table 3.4 gives the resulting node voltages.
Key observations:

* Branch 2 nodes (N5-N9) experience larger drops than Branch 1 (N2-
N4) because the B2 feeder is longer (60m vs 50 m) and carries more
power (62.5 % vs 37.5%).

* At peak loading, the minimum voltage is 393.76 V at N9 (98.4 % of
nominal) — well above the statutory 360 V.

e The KVL drops must be included in Upeas to ensure C[Umeas; Imeas|] =
0. Setting all voltages to 400V creates a contradiction that collapses
the ellipses, giving HR ~ 2.4 %.
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Table 3.4: Node voltage magnitudes |Ui| (V) and drops from N1 under three loading
scenarios. R = 0.32()/km, X = 0.083 (}/km, unity power factor.

Node Light 20kW) Typical (67.7kW) Peak (147.2kW)

Ul AV U AV U AV
N1 (slack) 400.000 0.000 400.000 0.000 400.000  0.000
N2 399.700 0.300 398.985 1.015 397.792  2.208
N3 399.623 0.377 398.725 1.275 397.227 2773
N4 399.624 0.376 398.729 1.271 397.236  2.764
N5 399.400 0.600 397.969 2.031 395.586 4.414
N6 399.258 0.742 397.489 2511 394542  5.458
N7 399.202 0.798 397.298 2.702 394.127  5.873
N8 399.207 0.793 397.315 2.685 394.162  5.838
N9 399.152 0.848 397.131 2.869 393.764  6.236
Statutory lower 360.000V (—10 %)

Voltage rise during solar export. During export (Phet < 0), current flows
toward the substation, reversing the KVL drop. At April peak generation
(217.6 kW), N9 can reach ~ 406 V — within the +10 % upper limit of 440 V.

3.4.6 Power Distribution to Nodes

The substation forecast Pnet(t) is distributed to individual nodes using fixed
proportional weights wy:

P(t) = wy - pnet(t) [kW] (3.31)
Qi(t) = wi- Q(t)  [KVATr] (3:32)

where Q(f) is the reactive power from the 2023 measured data. The weights
satisfy Y, wx = 1 and are listed in Table

3.4.7 Injection Current Derivation

The injection current at node k is derived from the complex power using
the standard three-phase formula [6]:

Tinj (k) = (Pk(%féifn(”) (3.33)
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Table 3.5: Power distribution weights for the nine-node synthetic grid.

Node Branch wy  Share (%) Role

N1 Root  0.00000 0.00 Voltage reference
N2 Bl 0.15000 15.00 Junction
N3 Bl 0.12000 12.00 Leaf

N4 Bl 0.10500 10.50 Leaf

N5 B2 0.16129 16.13 Junction
N6 B2 0.12097 12.10 Junction
N7 B2 0.10081 10.08 Leaf

N8 B2 0.12903 12.90 Junction
N9 B2 0.11290 11.29 Leaf
Total — 1.00000 100.00

where the overline denotes complex conjugation and Vhom = 400V [3]. The
complex conjugate follows from the convention S=V -I,s0 [ =S/V.

3.4.8 KCL Upstream Summation

The total current flowing through each node is computed by BFS reverse-
order traversal from leaves to root:

Order: [7, 9, 3,4, 6,8, 2,5, 1] (3.34)
For each node k:
L=Lyk)+ ¥ L (3.35)
ceC(k)

Leaf nodes have C(k) = @, so Iy = Iiyj(k) directly. The substation carries
the total current of all downstream nodes.

3.4.9 Noise Variance Computation

The state estimator requires the variance of each measurement, based on
the original estimator model’s meter specifications [18]: ey = 1%, e = 3%
at the 99 % confidence level, giving g = ®~1(0.995) = 2.576.



3.5. Module 3: Stochastic EM State Estimator 39

Voltage magnitude variance (constant).

Viom X eu)2 B (400 x 0.01

2
_ 2
- e > = 2411V (3.36)

vary = (
Voltage angle variance (constant).
varg; = (0.003rad)? = 9 x 10~ ° rad? (3.37)

Current magnitude variance — combined (timestep-dependent). The cur-
rent variance combines two independent sources:

2
7 2 Wi+ /0% + 02 x 1000
Varl,k(t) = (M) + ¢ 8 (338)

o \/§ Vhom

EM meter noise -
Forecast uncertainty

where |I|(t) is the mean current magnitude across all nine nodes at timestep
t. The forecast uncertainty (28.5A at the substation) dominates the EM
meter noise (0.58 A at typical loading) by a factor of ~ 49.

Current angle variance (constant).
var, ;= (0.01 rad)? = 1 x 10~* rad? (3.39)

All four variance arrays are stored in grid_inputs.mat.

3.5 Module 3: Stochastic EM State Estimator

3.5.1 Overview and Purpose

The state estimator is a MATLAB implementation by Olsen et al. [18]. It
takes the voltage and current phasors from Module 2 as its operating point
(uMeas, iMeas), adds realistic EM meter noise through Monte Carlo simu-
lation, and solves a constrained MLE problem to estimate the most likely
grid state given the noisy measurements. The output is a distribution of
5000 state estimates from which 95 % confidence ellipses are computed.
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3.5.2 Step 1 — EM Meter Model

For each of the ng,, = 5000 Monte Carlo realisations, the meter model gen-
erates noisy polar measurements by adding independent Gaussian noise to
each component:

7| ™ = U]+, el™ ~ N(0, varyy) (3.40)
8" — 6+, €™ ~ N(0, vargy) (3.41)
|7l ™) = | L] + 85’”), 81(~m) ~ N (0, varj) (3.42)
" = g€l €~ N(0, var,y) (3.43)

Before the meter model runs, the current angle is extracted from the
complex KCL phasor [18]:

I = \/Re(I)? + Im(I; 2 (3.44)
o =Ll = arctan(EZEiS) (3.45)

The noisy polar measurements are converted back to complex rectangular
form to produce the measurement vector d (.

3.5.3 Step 2 — Constrained MLE

For each realisation d("), the MLE finds %" that minimises the weighted
residual subject to the Kirchhoff constraints [18]:

x(m) = arg mxin (d(m) — Dx) HZ_l (d(’”) — Dx) st. Cx=0 (3.46)

where D is the measurement selection matrix and X is the block-diagonal
noise covariance. The constraint Cx = 0 projects the estimate back onto the
physically feasible manifold.
The mean estimate across simulations:
1 Ngim
Yo &tm (3.47)

Nsim m=1

>l
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3.5.4 Step 3 — Confidence Ellipses

For each phasor component j and each simulation m, a 95% confidence
ellipse is computed in the complex plane, parameterised by [18]:

celj,:,m] = [Re(2{"™), Im(2{"), brot, Gmajor, Aminor] ~ (3.48)

The ellipse is sized using the chi-squared quantile [18]]: af,ctor = )(5.95(2) =
5.9915.

3.5.5 Hit-Rate: Estimator Calibration

For each phasor component j, the hit-rate quantifies whether the ellipses
have the correct size:

Nsim
HR; = 1 Y. l(x;“eas e ellipse(x"™), celj,:, m])) (3.49)
Nsim m=1

A well-calibrated estimator achieves HR; ~ 0.95. Olsen et al. [18] report
HRy ~ 94 % and HR| ~ 95 % at the base noise specification, which are the
same values used in this thesis.

3.5.6 What uMeas and iMeas Are

The parameters uMeas and iMeas passed to estimateGridState are not true
physical measurements — they are forecast-derived proxies that serve as
the reference operating point.

* uMeas: 400V + ;-0 at N1 (slack bus), with KVL-corrected values at
N2-N9 derived from the LSTM forecast currents.

e iMeas: complex current phasors Iy derived from the LSTM forecast
power via KCL (Section 3.4.8)).

In a real deployment, actual smart meter readings would replace these
forecast-derived values. The function then adds EM meter noise on top to
simulate realistic measurements, and estimates the most likely grid state
via MLE.

The hit-rate HR=95% means: 95% of the 5000 ellipses contain the
forecast-derived operating point — not the true physical state. The exter-
nal validation against actual 2024 measurements (Section addresses
this gap.

Table 3.6| summarises all inputs to the estimator.
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Table 3.6: Complete input specification for estimateGridState.

Parameter Physical mean- What we pass Source
ing
C Kirchhoff matrix C from Fixed topol-
build_grid_equationg§Z)
c Operating point 0 (by construction) Eq.
uMeas Voltage reference 400V + KVLdrops KVL  (Mod-
at N2-N9 ule 2)
iMeas Current refer- [ from LSTM KCL (Mod-
ence forecast via KCL ule 2)
existMeas. Metering mask  ones(1,18) All nodes me-
tered
alphaFactorEllipse size X595(2) =5.9915  Fixed
var_u Voltage noise 2.411V? EM spec (e =
1 %)
var_theta Angle noise 9% 10~ % rad? EM spec
var_c Current noise var_meter + Eq.
var_forecast
var_phi Current angle 10 *rad? EM spec
noise

3.5.7 What Was Changed in the Original Estimator Model’s
Script

Table[3.7/documents the three modifications made to testWithGrid_manyRepSmall.m.
All estimation logic is preserved exactly.
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Table 3.7: Modifications to the original state estimator script.

# Original Replaced with

1 Hardcoded Umeas/Imeas load(’grid_inputs.mat’)
from 5-node example

2 Hardcoded 5-node Loaded from
impedance matrix grid_inputs.mat

3 Hardcoded noise vari- Loaded from
ances grid_inputs.mat

Unchanged: estimateGridState (), CheckInsideEllipse, existingMeasurement, nsim alpha

3.6 Module Integration and Data Files

3.6.1 node_forecast_output.mat

Table 3.8: Contents of node_forecast_output.mat.

Variable Size Unit Description

Pc_fc [N x1] kW Consumed power forecast
Pg_fc [N x1] kW Generated power forecast
Pnet_fc [N x1] kW Net power forecast

Q_fc [N x1] kVAr Reactive power (proxy)
ts_fc [N x 1] datetime Timestamps

sigma_c scalar kW Consumed residual std dev
sigma_g scalar kW Generated residual std dev
CI_hw scalar kW 95 % CI half-width

3.6.2 grid_inputs.mat
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Table 3.9: Contents of grid_inputs.mat.

Variable Size Unit Description

Umeas_all [Nx9] V Complex voltage phasors
Imeas_all [Nx9] A Complex current phasors from KCL
Z [9 x 9] Q Impedance matrix

C [13 x 18] —  Kirchhoff constraint matrix
varUmag [9 x 1] V2 Voltage magnitude variance
varUphase [9x1]  rad® Voltage angle variance
varImag_all [Nx9] A%  Current magnitude variance
varIphase 9 x 1] rad®> Current angle variance
existingMeasurement [1 x 18] —  Metering mask (all ones)
alpha scalar — Confidence level (0.05)

nsim scalar — MC simulations (5000)

W [1x 9] —  Power weights

N scalar — Number of nodes (9)

3.7 Chapter Summary

The key design decisions are:

1. 16 LSTM networks (2 per node x 8 load nodes) are trained instead
of a single net-power model, exploiting the distinct physical drivers of
consumed and generated power.

2. Three weather inputs (T, CC, SW) are used, chosen from the correla-
tion analysis in Chapter

3. The 95 % ClI is constructed from November 2023 validation residuals
and scaled by /i, giving +109.47 kW.

4. The climatological weather proxy uses same-month 2023 weather,
validated by the January 2024 cross-year comparison (HR =96.1 %).

5. The nine-node synthetic grid uses 95 mm? XLPE cables with KVL
voltage drops correctly propagated from the slack bus.

6. Combined current variance includes both EM meter noise and LSTM
forecast uncertainty; the forecast component dominates by ~ 49 x.
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7. The original estimator model is integrated with three code changes
only: all estimation logic is preserved exactly.



Chapter 4

Results and Discussion

This chapter presents and discusses the experimental results from the com-
plete forecasting and estimation pipeline. Section #.1|reports LSTM training
outcomes, test-set accuracy, and the baseline comparison with AR models.
Section 4.2 validates the model against actual 2024 measurements including
day-by-day RMSE and external estimator validation. Section presents
grid calculation outputs including cable currents and node voltage pro-
files. Section 4.4 reports state estimation hit-rates and confidence ellipses.
Section 4.5/ demonstrates the 24-hour ahead congestion management appli-
cation. Section {.6| discusses model strengths, limitations, and comparison
with literature.

4.1 LSTM Training and Test-Set Performance

4.1.1 Training Configuration

Sixteen LSTM networks are trained in total: two per node (consumed and
generated power) for each of the eight load nodes N2-N9. The substation
N1 carries no local load and is excluded. All 16 networks share identical
architecture — 64 hidden units, n = 3 weather input features (temperature,
cloud cover, shortwave radiation), lookback L = 32 steps (8 hours), hori-
zon h = 4 steps (60 minutes) — and identical optimisation settings (Adam,
Ir=0.002, gradient clipping at norm 1.0, early stopping patience 80 epochs
on the November 2023 validation loss). Each consumed-power network
converges in approximately 310 epochs; each generated-power network in
approximately 280 epochs. The total number of trainable parameters per

46
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network is:
ng=4(d -n+d*+d)+ (d+1) = 4(64 x 3+ 64>+ 64) + 65 = 17,473 (4.1)

giving 16 x 17,473 = 279,568 parameters across all node models. All trained
weights are stored in node_forecast_output.mat.

4.1.2 December 2023 Test-Set Results

The test period is December 2023 (2,973 steps, 31 days): the highest mean
consumed power (67.7 kW) and near-zero solar generation (1.0 kW) of any
2023 month, making it the peak demand period. Table summarises
the forecast accuracy. The MAE of 18.95kW corresponds to approximately
28 % of the mean December net power (66.7 kW), typical for substation-
level LV forecasting without individual meter data. The hit-rate of 99.5%
exceeds the 95% CI target because December is meteorologically similar
to November (the validation month used to compute 0. and 0y), so the
validation residuals accurately represent test-set uncertainty. The Decem-

Table 4.1: Forecast accuracy on the December 2023 test set.

Metric Definition Value
oc Consumed residual std dev (Nov 2023) 13.164 kW
O Generated residual std dev (Nov 2023) 14.762 kW
CI half-width 1.96(c + 05)Vh +109.47 kW
MAE (net) Mean absolute error 18.95 kW
Hit-rate (HR) True values inside CI 99.5 %

ber forecast shows characteristic daily patterns: a morning peak around
07:00-09:00 (80-90 kW), a midday dip around 12:00-14:00, an evening peak
around 17:00-20:00 (90-110 kW), and near-zero generation enforced by the
solar night mask (SW10 W/m?).

4.1.3 Baseline Comparison: AR Models vs LSTM

To validate the model selection decision from the pre-analysis (Chapter [2),
three autoregressive (AR) baselines are evaluated at the same h = 4-step
horizon on the December 2023 test set and January 2024 cross-year valida-
tion:
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e Persistence: P(t + h) = P(t);
e Seasonal naive (lag-96): P(t +h) = P(t —92) (same slot 24 hours ago);

e« AR-OLS: P(t+h) = B'[1, P(t), P(t — 1), P(t — 95), P(t — 96)], fitted
on the January—October 2023 training set.

All AR models use only past power values and receive no weather infor-
mation. The AR-OLS model achieves lower MAE (12.59 kW) than LSTM

Table 4.2: AR baselines vs LSTM at 60-min ahead. AR models provide no confidence
interval, LSTM HR is validated at 96.1 %.

Model Dec 2023 Jan 2024 CI
MAE RMSE MBE MAE

Persistence 12.64 19.28 —0.03 25.69 None
Seasonal naive 1593 2797 40.35 26.31 None

AR-OLS 1259 18.60 —4.74 25.89 None
LSTM 18.95 28.50 —-2.10 26.01 =+109.47kW
HR=96.1%

(18.95kW) on December 2023. This is expected: December is a stable
heating-dominated month with minimal solar generation, where autore-
gressive patterns (yesterday predicts today) are highly reliable and weather
inputs add no discriminating information. On the January 2024 cross-year
validation, both approaches give nearly identical MAE (~ 26 kW). The deci-
sive advantage of LSTM is uncertainty quantification. AR models produce
no confidence interval; the LSTM provides a calibrated 95 % CI validated
at HR=96.1% on January 2024. The three-zone congestion risk classifica-
tion (Section requires an upper current bound |f| + Alrpsg; this cannot
be constructed from an AR model in a principled, validated way. Further-
more, for solar export congestion — the more severe risk in high-PV grids
— AR has no access to shortwave radiation data, while the LSTM exploits
its r = +0.73 correlation with solar generation.
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4.2 Validation Against 2024 Actual Data

4.2.1 Annual Validation Metrics

The LSTM is applied to each calendar month of 2024 using the correspond-

ing month of 2023 as the climatological weather proxy. The forecast is com-

pared against actual active_power_kW measurements from ActiveReactivePower2024.csv.
Table 4.3| reports the metrics for all twelve months.

Table 4.3: Month-by-month LSTM validation against 2024 actual measurements. MAE and
RMSE in kW; MBE positive means over-forecast; HR is fraction of actual values inside the
+109.47 kW CL

Month Steps MAE RMSE MBE HR (%) Mean (kW)

January 2974 26.01 4124 +1.23 96.1 57.01
February 2688 2359 4213 +46.09 95.8 44.03
March 2976 3424 61.69 +15.69 89.9 23.36
April 2880 4199 7459 +31.14 85.9 5.44
May 2976 4999 87.37 +41.80 81.8 —14.27
June 2880 4792 8221 +37.65 82.6 —13.79
July 2976 5047 8558 +43.87 81.2 —21.24
August 2976 5271  86.32 +35.51 81.1 —8.35
September 2880 39.50 70.18 +25.88 86.9 4.25
October 2972 2346  40.60 —1.07 96.2 37.89
November 2880 21.75 31.79 —-9.29 98.4 57.83
December 2972 26.01 3233 —18.09 99.4 76.39
Annual 35010 36.47 61.33 -+17.53 89.6 20.51

4.2.2 January 2024 — Detailed Analysis

January 2024 is the most important validation month: it is a winter month
well-represented in the training data, and the weather proxy assumption
is most accurate in winter. Results: MAE=26.01 kW, RMSE =41.24 kW,
MBE = +1.23 kW (near-zero bias), HR=96.1 % (above the 95 % target). The
RMSE/MAE ratio of 1.59 indicates occasional large individual errors —
primarily at midday, where the actual January 2024 data shows a net solar
export of approximately —10 kW (mean at noon) absent from January 2023
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training data. This reflects new PV capacity installed between the two years.
Despite this structural change, HR =96.1 % confirms the £109.47 kW CI ac-
commodates the additional generation. Figure presents the complete
January 2024 validation across three panels. The top panel overlays the
LSTM forecast (dashed blue) against the actual 2024 measurements (black),
with the +109.47 kW confidence interval shaded in light blue. The forecast
tracks the general daily rhythm well, and all but a handful of excursions fall
within the band, consistent with the reported HR =96.1 %. Notable devia-
tions appear around days 5, 14-17, and 21, where the actual power drops
sharply negative — net solar export episodes absent from the January 2023
training proxy — causing localised over-forecast spikes visible in the bottom
error panel. The middle panel compares January 2023 actual (red) against
January 2024 actual (dashed black). Both series share an identical monthly
mean of 57.0 kW, confirming that the climatological proxy captures the sea-
sonal energy level correctly despite year-to-year day-to-day variability. The
deeper and more frequent negative excursions in 2024 relative to 2023 re-
flect the additional PV capacity installed between the two years, which is
the primary driver of the elevated RMSE/MAE ratio of 1.59. The bottom
panel shows the signed forecast error per timestep (FC — Actual), with over-
forecast regions shaded orange and under-forecast regions shaded green.
The mean bias (MBE = +1.23kW, red dashed line) lies near zero, confirm-
ing the absence of systematic directional bias. Larger orange spikes coincide
with the solar export episodes identified in the top panel: the model over-
forecasts consumption (or under-forecasts export) precisely when 2024 so-
lar output exceeds the 2023 proxy. Figure |4.2]isolates the average daily load
shape, clarifying the nature of the forecast error at the intra-day level. The
left panel compares the mean 24-hour profile of the forecast against actual
January 2024. The forecast reproduces the early-morning plateau (00:00-
06:00, ~42-58 kW) and the broad evening peak (16:00-21:00) in shape, but
exhibits a systematic phase lead: the forecast peak arrives approximately
1-2hours earlier than the actual peak, consistent with the 30-minute phase
shift identified by cross-correlation analysis and discussed below. The mid-
day trough — driven by solar export — reaches —10kW in the actual data
but is shallower in the forecast, again reflecting the additional 2024 PV
generation not present in the proxy. The right panel separates the three sig-
nals: January 2023 actual (red, training proxy), January 2024 actual (black
dashed, validation target), and January 2024 forecast (blue dotted). The
2023 proxy and the 2024 actual share broadly similar morning and evening
shapes, which explains why the model achieves near-zero MBE over the
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January 2024 Forecast Validation
LSTM trained on Jan-Oct 2023 | Weather proxy: January 2023 | Actual: measured 2024

January 2024 — LSTM Forecast vs Actual | MAE 26.01 kW RMSE-=: 41 24 kKW HR 96.1%
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Figure 4.1: January 2024 forecast validation. Top: LSTM forecast (dashed blue) vs actual
measurements (black) with +£109.47 kW confidence interval (shaded). Middle: year-on-
year comparison of January 2023 actual (red) vs January 2024 actual (dashed black); both
means = 57.0 kW. Bottom: signed forecast error per timestep; orange = over-forecast, green
= under-forecast, red dashed = MBE = +1.23 kW.

month. The most significant structural discrepancy is the midday window
(10:00-13:00), where the 2024 actual drops to near zero or slightly negative
while both the 2023 proxy and the resulting forecast remain at 35-45kW.
This gap is the single largest contributor to the monthly RMSE and mo-
tivates the reactive power and solar-generation forecasting improvements
discussed in Section

Phase shift. Cross-correlation between the January 2023 proxy and Jan-
uary 2024 actual reveals a systematic phase lead of approximately 30 minutes:
15minutes from the dataset start-time offset (2023 begins at 00:30, 2024 at
00:15) and 15 minutes from climate drift in the morning demand peak tim-
ing. This is an inherent limitation of the climatological proxy method.

4.2.3 Discussion of Annual Validation Pattern

Table [4.3|reveals a clear seasonal pattern:

e Winter (Jan, Feb, Oct-Dec): MAE21-26 kW, HR 95-99 %, near-zero
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January — Average Daily Load Profile Comparison
Validates how well Jan 2023 weather is a proxy for Jan 2024
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Figure 4.2: Average daily load profile comparison, January 2024. Left: mean 24-hour
forecast (dashed blue) vs actual (black) with forecast standard deviation band (shaded).
Right: three-way comparison of January 2023 actual (red, training proxy), January 2024
actual (black dashed), and January 2024 forecast (blue dotted), illustrating the midday
solar export gap that drives the elevated RMSE.

MBE. Year-to-year winter weather is consistent, making the proxy ac-
curate.

* Transition (Mar, Sep): MAE 34-40kW, HR 87-90 %. Solar generation
becomes significant and more variable.

* Summer (Apr-Aug): MAE 42-53 kW, HR 81-86 %. Large positive MBE
(model under-forecasts export) driven by additional PV capacity in
2024. July mean actual power is —21.24 kW (strong net export) vs the
modest export pattern in July 2023 used as proxy.

The annual HR of 89.6 % falls below the 95 % target due to summer months.
For the operationally critical winter months — where forward-flow conges-
tion risk is highest — the model meets and exceeds 95 %.
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4.2.4 Day-by-Day RMSE Assessment

For each calendar day d in 2024, the daily RMSE is computed over the 96
fifteen-minute steps of that day:

RMSE; = | ¥ (Paet(t) — Prcga(D))® (kW] (42)

Figure [4.3 shows the day-by-day RMSE for all 361 days of 2024 (top panel)
and the monthly mean RMSE (bottom panel). Three patterns are visible in

Forecast RMSE — Day-by-Day and Monthly Summary
Blue = normal days | Orange = peak-loading days | Red dashed = annual mean

Day-by-Day Forecast RMSE — Full Year 2024
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Figure 4.3: Day-by-day forecast RMSE across 2024. Top: daily RMSE (blue bars), annual
mean (red dashed). Bottom: monthly mean RMSE with values annotated.

the top panel:

* Winter (Jan-Feb, Oct-Dec): daily RMSE of 11-93 kW with a mean of
38.4kW. Most winter days fall below the annual mean of 50.3 kW (red
dashed line), confirming that the climatological proxy is most accurate
when weather patterns are stable and solar generation is negligible.
December has the lowest daily RMSE of any month (mean 31.3kW,
minimum 12.8 kW), consistent with the December 2023 test-set result
of MAE =18.95kW.

* Summer (May-Sep): daily RMSE of 17-123 kW with a mean of 59.3 kW
— well above the annual mean. The worst day reaches 122.6 kW on a
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May peak-solar day, reflecting the systematic over-forecasting caused
by additional PV capacity installed in 2024 that was not present in the
2023 training data. Twelve days exceed 100 kW during this period.

* Transition (Mar-Apr): daily RMSE of 20-103kW with a mean of
56.3 kW, as solar generation begins to increase but remains variable.

The bottom panel confirms the seasonal structure at the monthly level:
RMSE rises from 41 kW in January to a peak of 87 kW in May before falling
back to 32kW in December. The winter months (Oct-Dec, Jan—-Feb) con-
sistently achieve RMSE below 45 kW, confirming that the model meets the
operational accuracy target for the heating-dominant period when forward-
flow congestion risk is highest. Note on peak-loading days. No 15-minute
intervals in the 2024 dataset exceed the 70 % peak-loading threshold (|I| >
140 A), because the 2024 actual power measurements are net power (con-
sumed minus generated) and the substation-level current at this grid rarely
exceeds the threshold under normal operating conditions. The peak-loading
analysis using the RMSE-based current uncertainty is presented separately

in Section

4.2.5 RMSE-Based Current Uncertainty

For congestion management, forecast uncertainty is translated to current
uncertainty using:

RMSE pqic % 1000
\/5 X Vnom

This RMSE-based uncertainty (computed from the January 2024 validation)
is more targeted than the wide nominal CI (£109.47 kW), because it re-
flects forecast accuracy specifically at peak loading moments. Figure
shows the January 2024 congestion assessment: the forecast current with
the 28.5 A uncertainty band alongside the true current derived from actual
2024 measurements. The safety margin is 200 — (|I| 4 28.5) A per timestep.

Aljpsg = = 285A (4.3)

4.2.6 External Validation Against True 2024 Power

Beyond the internal Monte Carlo hit-rate, the estimator is validated against
actual January 2024 power as external ground truth. The true substation
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Peak RMSE for Congestion Management
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Figure 4.4: RMSE-based congestion assessment, January 2024. Top: forecast vs true current
with £28.5 A uncertainty. Bottom: safety margin coloured by risk zone.

current is:

| Pactual,2024() | x 1000

Lirue 2024 (1)

V3 % 400 @4

The near-zero MBE confirms no systematic current bias. The internal HR

Table 4.4: External current validation — forecast-derived vs true January 2024.

Metric Value Interpretation

Current MAE =~ 37.6 A Mean absolute current error
Current RMSE ~ 59.7 A RMS current error

Current MBE =~ +1.8 A Near-zero systematic bias
RMSE / Liated ~29.8% Relative uncertainty
Internal HRy 95.0% Ellipse calibration (MC)
Internal HR; 95.1% Ellipse calibration (MC)

(ellipse calibration) and the external

RMSE (forecast accuracy against real-

ity) together provide a complete assessment: the ellipses are correctly sized
for the specified meter noise, and the forecast-derived input has negligible

systematic error.



4.3. Grid Calculation Results 56

4.3 Grid Calculation Results

4.3.1 Cable Current Magnitudes

The KCL-based grid calculation derives per-node injection currents from
the LSTM forecast power and propagates them from leaves to the substa-
tion. For December 2023:

* Maximum cable current: 94.1 A across all 8 cables and 2,973 timesteps
— well below [4,.q = 200 A.

* Mean substation current: 85.3 A (mean net power 58.3 kW).
* Congestion events: zero.

The B2 feeder (N1—ND5) carries more current than B1 (N1—N2) in propor-
tion to the higher B2 power share (62.5 % vs 37.5%). Leaf cables carry only
local node load and have the lowest currents.

4.3.2 Node Voltage Profile

The substation N1 is the slack bus held at 400 V by the MV /LV transformer.
All other nodes have slightly lower voltages due to KVL cable drops prop-
agated forward from the root:

Uy = Uparent(k) — V3 Zeaple - It (4.5)

Figure shows the voltage profile for January 2024 across three panels:
the time-series of all node voltage magnitudes throughout the month (top),
the mean voltage drop AV = 400 — | V| averaged over the forecast period
(bottom left), and the full voltage range (mean + [min, max]) per node
(bottom right). Branch 2 nodes (N5-IN9) experience systematically larger
drops than Branch 1 (N2-N4), as visible in both the time-series and the bar
chart. The mean voltage drop increases monotonically along each feeder:
N2 drops 0.841V on average, rising to 1.008 V at N3 and 1.033V at N4 on
Branch 1, while on Branch 2 the drop grows from 1.667V at N5 to 2.088 V
at N6, 2.258 V at N7, 2.472V at N8, and 2.317V at N9. The larger Branch 2
drops reflect the longer B2 feeder and its higher power share relative to
Bl. The minimum voltages recorded across January 2024, read from the
voltage-range panel, are 396.12V at N9 and 396.30V at N8 (99.03 % and
99.08 % of nominal respectively) — both well above the statutory floor of
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Figure 4.5: Node voltage profile, January 2024. Top: time-series of voltage magnitudes
at N1-N9; N1 is flat at 400V (slack bus) while load nodes drop with demand and rise
above 400V during solar export transients. Bottom left: mean voltage drop AV per node
averaged over the forecast period. Bottom right: voltage range (mean + [min, max]) per
node; red dashed line marks the statutory lower limit of 360 V (—10 %).

360V (—10%). No node approaches the lower regulatory limit at any point
during the month. During solar export (Pnet < 0) the current reverses and
node voltages rise above the nominal 400V reference. The sharp upward
spikes visible in the top panel — most prominently at N9 — reach ap-
proximately 402.5V during the strongest export transients of January 2024,
well within the +10 % statutory limit of 440V. This bidirectional voltage
behaviour is consistent with the known challenge of voltage regulation in
high-PV grids. It is important to include the KVL drops in Uyye passed to
the state estimator. Setting all nodes to 400V creates a contradiction in the
KVL rows of C that collapses the confidence ellipses, giving HR~ 2.4 %.
After the correction: HRy = 95.0 %, HR; = 95.1 %.
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4.4 State Estimation Results

4.4.1 Input to the State Estimator

The parameters uTrue and iTrue passed to estimateGridState are not the
true physical grid state — they are the forecasted phasors that serve as the
proxy for what a smart meter would read. Specifically: uTrue = N1=400V
with KVL-corrected values at N2-N9; iTrue = [; from the LSTM forecast
via KCL. The function adds realistic EM meter noise on top of these values
(through meterModel_1) and estimates the most likely grid state via con-
strained MLE. The internal hit-rate (HR ~95 %) is a calibration check: it
answers “do the ellipses have the right size for the specified meter noise?”
The external RMSE from Section4.2.6/answers “how accurate is the forecast-
derived input relative to reality?” Both metrics are needed for a complete
assessment.

4.4.2 Hit-Rate of Confidence Ellipses

The state estimator is run for a representative timestep with 74, = 5000
Monte Carlo simulations, &facior = XZ95(2) = 5.9915, ey = 1%, ¢ = 3%.
Figure 4.6/shows the voltage and current phasors with their 95 % confidence

Table 4.5: State estimation hit-rate. Paper base case: HRy ~ 94 %, HR| ~ 95 %.

HR Voltage HR Current
Mean across N1-N9 95.0 % 95.1 %
Paper base case 94 % 95 %

Before fix (alphaFactor = 0.05): HR ~ 2.4 % (ellipses 120x too small)

ellipses for all nine nodes. The results match the paper’s base case (HRy ~
94 %, HR; ~ 95%) [18], confirming the pipeline integration is correctly
calibrated. The slightly sub-95 % voltage hit-rate is consistent with the EM
model behaviour reported by Olsen et al.: the angle noise introduces a
small phase-angle bias that shifts the voltage ellipses. For current phasors,
the 4 and M symbols overlap in Figure because the estimation error
(| — Iirue| ~ 0.001 A) is much smaller than the ellipse semi-axis (=~ 0.81 A),
which is itself only 1.2 % of the 0-70 A axis range. This overlap is correct
behaviour — it confirms the estimator is highly accurate. Figure 4.7] shows
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Phasor Estimates with 95% Confidence Ellipses
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Figure 4.6: Voltage (left) and current (right) phasors with 95% CI ellipses for all nine
nodes. Symbol ¢ = forecasted phasor (xTrue); symbol B = MLE mean estimate.

the same current phasors zoomed to +4c¢7, making the ellipses and the MC
scatter cloud clearly visible.

Current Phasor — Zoomed to t4n| | EM model

Axes scaled to show the 95% Cl ellipse (invisible at full current scale)
MC scatter shows spread of 5000 simulation estimates
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Figure 4.7: Current phasors zoomed to 407 for N1 (left) and N3 (right). The 95% CI
ellipse and 5000 MC scatter points are visible at this scale.

4.5 Congestion Management Application

4.5.1 Two Directions of Congestion

Congestion in an LV grid means a cable current exceeds its thermal rating
(200 A for 95 mm? XLPE cables). It is caused by cable thermal overloading
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— not energy shortage — and can occur in two directions:

Forward-flow congestion (high demand). Pnt > 0: current flows from
substation toward customers. Peak consumption of 147.2kW gives |I| =
212 A — above the limit.

Reverse-flow congestion (high solar export). Ppet < 0: current flows from
customers toward substation. Record generation of 217.6kW gives |I| =
314 A — 57 % above the limit. Reverse-flow congestion is the more severe
risk in this grid. Table 4.6/ quantifies representative scenarios.

Table 4.6: Representative congestion scenarios from the 2023 dataset. AI = 28.5A RMSE
uncertainty.

Scenario P. P, Pret |Isup| Status
&w) &wW) (kW)  (A)

Forward-flow (import)
Light demand 30 20 +10 144 GSafe
Typical winter 80 20 +60 86.6 Safe

Dec peak 147 20  +127 183.3 Warning
Reverse-flow (export)

Moderate solar 20 80 —60 86.6 Safe

Apr peak solar 10 150  —140 202.1 Congestion
Record gen. 10 217.6 —207.6 299.7 Congestion

4.5.2 Three-Zone Risk Classification

Each 15-minute timestep is classified based on the upper current bound:

I |upper (t) = |Leable (£)] + Alrmsk (4.6)
SAFE lupper < 170A  (85%)
Zone(t) = { WARNING 170 < |I|upper < 200 A 47)
RISK [ I]upper > 200 A

The 170 A warning threshold (85 % of rated) ensures that adding the 28.5 A
uncertainty to the warning boundary still leaves a margin below 200 A.
Table 4.7 lists the recommended DSO actions.
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Table 4.7: Recommended DSO actions per risk zone and congestion direction.

Zone Direction Action

Safe Both No action. Continue monitoring.

Warning Import Pre-position demand response (EVs,
heat pumps). Alert control centre.

Warning Export Prepare PV export limit reduction. Pre-
charge battery storage.

Risk Import Issue demand response immediately.
Activate load shifting. Consider recon-
figuration.

Risk Export Curtail PV inverters. Activate battery

storage. Apply export control.

4.5.3 24-Hour Ahead Workflow

Every morning the DSO runs the following steps for the target day:

1. Obtain NWP weather for the next 24 hours (Open-Meteo API: temper-
ature, cloud cover, shortwave radiation).

2. Run the per-node LSTM for N2-N9 (96 steps each).

@

Derive cable currents via KCL (Equation 3.35).

>

Compute KVL voltage profile from the slack bus N1=400V.
5. Classify each timestep using Equation

6. If WARNING or RISK detected, initiate Table §.7] action before the
window arrives.

4.54 Case Study: December 15, 2023

Figure [4.8| shows the 24-hour congestion dashboard for December 15, 2023.
Maximum forecast current: 145.9 A (72.9% of rated). Maximum upper
bound: 174.4 A — placing the 17:00-19:00 evening peak in the WARNING
zone (import direction, high heating demand). Recommended action: pre-
position demand response for the evening peak. N9 voltage minimum:
393.7V (98.4 % of nominal), within statutory limits throughout the day.
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Figure 4.8: 24-hour congestion dashboard, December 15, 2023

4.6 Discussion

4.6.1 Model Strengths

Good winter performance. The model achieves HR =95-99 % and near-
zero MBE for all winter months — the operationally critical period for
forward-flow congestion. January 2024 MBE=+1.23kW against a mean
consumption of 57 kW confirms strong calibration for the primary use case.

Calibrated uncertainty for congestion management. The LSTM’s 95 % CI,
validated at HR=96.1% on January 2024, directly enables the three-zone
risk classification. No AR model can provide this — the inability to quantify
uncertainty is the fundamental reason LSTM is chosen despite comparable
point accuracy in winter months.

Modular and extensible architecture. The three-module pipeline allows
independent updates: the LSTM can be retrained with new data; the nine-
node synthetic grid can be replaced with the actual OGM grid when data
becomes available; the estimator model is integrated with only three code
changes.
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Physically consistent pipeline. The stochastic estimator propagates both
forecast uncertainty (via the CI on Pret) and measurement uncertainty (via
the EM meter noise model) into confidence ellipses, ensuring the output is
physically consistent with Kirchhoff’s laws.

4.6.2 Limitations and Their Origins

Summer month accuracy. MAE up to 52.7kW and HR as low as 81.1 % in
summer months. Causes: (1) increased 2024 solar generation not present
in 2023 training data; (2) higher summer weather variability reduces proxy
accuracy. The large positive MBE in summer (up to +43.87 kW) confirms
the model systematically under-forecasts solar export.

Wide confidence interval. The CI of £109.47kW is substantially wider
than typical errors (MAE ~ 26 kW in January). This results from computing
0¢, 0g on the full November validation set across all conditions. A per-
season or adaptive CI would be narrower while maintaining coverage.

Reactive power proxy. Reactive power Q is taken from 2023 measured
data rather than forecasted. The error is small in winter (power factor 0.986)
but can reach 9.3 % of cable current in summer when P =~ 0 and Q ~ 8 kVAr.
Forecasting Q is the highest-priority future improvement.

4.6.3 Comparison with Literature

LSTM-based short-term load forecasting at LV level typically achieves MAPE
of 5-15 % on residential feeders [7, 20]. The January 2024 normalised MAE
(NMAE =26.01/57.01=45.6 %) is higher, primarily because this work uses
only substation-level data (no individual meter access) and the 2024 test
data contains structural changes not seen during 2023 training. The state
estimator hit-rates (HRy = 95.0%, HR; = 95.1 %) match the EM model
base case reported by Olsen et al. [18] (94 % and 95 % respectively), con-
firming the integration is correctly calibrated. The pipeline demonstrates
that a weather-driven LSTM forecast, when combined with a calibrated CI
and a physically consistent state estimator, can provide the quantified un-
certainty necessary for proactive congestion management in LV grids with
increasing DER penetration.



Chapter 5

Conclusion and Future Work

5.1 Summary of Contributions

This thesis has addressed the problem of short-term active power forecast-
ing under uncertainty for smart low-voltage distribution grid operation.
The work integrates a data-driven LSTM forecasting model with a physics-
based grid calculation and a stochastic state estimation framework into a
complete, modular pipeline. The following contributions have been made.

Contribution 1: LSTM-based power forecasting with dual outputs. Six-
teen LSTM networks have been trained on 2023 substation power data —
two per load node (one for consumed power, one for generated power)
across the eight load nodes N2-N9 of the synthetic grid — producing per-
node power forecasts at 15-minute resolution with a 60-minute horizon. The
dual-output design per node exploits the physically distinct drivers of the
two quantities: temperature and time patterns for consumption, and solar
radiation for generation. The combined pipeline achieves MAE = 18.95 kW
with HR = 99.5 % on the December 2023 test set.

Contribution 2: Three-feature weather-driven input design. Three ERA5
weather features — air temperature (T), cloud cover (CC), and shortwave
solar radiation (SW) — have been selected as LSTM inputs based on a sys-
tematic Pearson correlation analysis on the 2023 substation data. The analy-
sis showed that T is the primary driver of consumption (Pearson r = —0.72),
SW is the primary driver of generation (r = +0.73), and all three features
together capture the dual seasonal pattern of the prosumer grid. A solar
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night mask (pgen = 0 when SW < 10W/m?) enforces the physical con-
straint that generation is zero at night.

Contribution 3: Calibrated uncertainty quantification. A 95 % confidence
interval has been constructed from empirical residual standard deviations
(e = 13.164 kW, 0, = 14.762kW), scaled by the forecast horizon (Vh = 2)
and the standard normal quantile (z 975 = 1.96), yielding CI = 4-109.47 kW
at the substation level. This CI has been validated against actual 2024 mea-
surements, achieving HR = 96.1 % for January 2024 (above the 95 % target)
and HR = 89.6 % annually.

Contribution 4: Climatological proxy for future forecasting. The clima-
tological proxy method — using the same calendar month of the most re-
cent historical year as the weather input for future forecast periods — has
been formalised, implemented, and validated. For January 2024 (the pri-
mary validation month), the method achieves MBE = +1.23 kW (near-zero
systematic bias) with the January 2023 weather as the proxy. The method’s
limitation regarding inter-annual structural grid changes (new PV installa-
tion) has been identified and quantified.

Contribution 5: Three-module pipeline integrating forecast, grid calcula-
tion, and state estimation. A modular architecture has been designed and
implemented in which three independent scripts communicate exclusively
through saved .mat data files. The supervisor’s stochastic state estimation
script (testWithGrid_manyRepSmall.m) has been integrated with minimal
modifications: three hardcoded definitions were removed and one load()
call was added. All internal estimation logic — the EM meter model, the
constrained MLE, and the confidence ellipse computation — was preserved
exactly.

Contribution 6: Synthetic nine-node grid with KCL-based current deriva-
tion. A synthetic nine-node radial LV grid representative of European res-
idential distribution networks has been fully parameterised with 95mm?
XLPE cables. A KCL-based current derivation procedure propagates the
substation-level forecast to per-node currents in breadth-first reverse order
(leaves to root), enabling the state estimator to produce confidence ellipses
for all nine nodes simultaneously. The resulting state estimation achieves
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HRy = 95.0 % and HR; = 95.1 % using the EM meter model with e;; = 1%
and e; = 3 %, consistent with the paper’s base case [olsen2024stochastic].

5.2 Conclusions

The central conclusion of this thesis is that a properly designed LSTM
model, trained on a single year of substation measurements and augmented
with ERA5 weather data, can produce short-term power forecasts with cal-
ibrated uncertainty quantification that meet the 95 % CI coverage target for
winter months — the operationally most critical period for congestion man-
agement in a heating-dominant LV grid. The integration of this forecast
with the stochastic state estimator of Olsen et al. [olsen2024stochastic] is
demonstrated to produce confidence ellipses in the complex phasor plane
that correctly contain the forecast-derived grid state with the expected prob-
ability. This demonstrates the viability of the complete pipeline as a foun-
dation for risk-based DSO operations.
The key numerical results supporting this conclusion are:

* Forecast test-set accuracy: MAE = 18.95kW, HR = 99.5% (Decem-
ber 2023);

* Cross-year validation: MAE = 26.01 kW, HR = 96.1 %, MBE = +1.23 kW
(January 2024);

¢ Annual validation (2024): MAE = 36.47 kW, HR = 89.6 %;

e State estimation hit-rate: HRy = 95.0%, HR; = 95.1 % (EM model,
base noise specification);

* Grid safety: all cable currents below the 200 A rated limit during the
December 2023 test period (maximum 94.1 A).

5.3 Future Work

The results identify several high-priority directions for future research and
development.
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1. Reactive Power Forecasting. The current model uses measured reactive
power from 2023 as a proxy. The analysis in Chapter 4 shows that ignoring
reactive power can introduce up to 18.5A of current error (9.3% of the
200 A rated limit) in cases where P ~ 0 and Q ~ 8kVAr. Adding a third
LSTM output head for Qnet — trained with the same three input features,
which are correlated with reactive power — is the highest-priority model
improvement.

2. Per-Node LSTM Models with Individual Meter Data. The current
pipeline distributes the substation-level forecast to the nine grid nodes us-
ing fixed proportional weights. When individual smart meter data becomes
available for each customer connection point on the actual distribution grid,
a separate LSTM should be trained for each node. This eliminates the pro-
portional power distribution approximation and will substantially narrow
the per-node confidence intervals, making the congestion risk classification
more discriminating.

3. Validation Against OGM 2024 Ground Truth. Substation power mea-
surements for 2024 have already been obtained and used in Section 4.2 to
validate the LSTM forecast. The next step is OGM (Optimal Grid Model)
state results for 2024, which will provide a physics-based ground truth for
the full per-node state vector. The estimation_results.mat file is designed
to facilitate this comparison without requiring code modifications.

4. Adaptive Confidence Intervals. The current fixed CI of +109.47 kW
is calibrated on the November 2023 validation set and is deliberately con-
servative. An adaptive CI that varies with solar irradiance (expanding the
interval during solar peak hours) or weather forecast uncertainty would
provide tighter coverage during low-uncertainty periods while maintain-
ing the coverage guarantee. An initial implementation of this approach
has been developed in Step2b_Adaptive_Uncertainty.m, which computes
a 4 x 96 = 384-element lookup table of conditional standard deviations by
season and time-of-day slot.

5. Application to the Real LV Network. The final goal is to compare the
forecast-based grid state estimate with the OGM result on the actual large-
scale LV grid. The modular pipeline architecture is designed to support this
extension: the Z matrix and cable topology in Step3_Grid_Calculation.m
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can be replaced with the actual network structure derived from the cable_export.csv
and ogm_node_export.csv files that are already available.

6. Numerical Weather Prediction Integration. For forecasting future pe-
riods, the Open-Meteo NWP (Numerical Weather Prediction) forecast API
provides 7-16 day ahead weather predictions. Replacing the climatologi-
cal proxy with NWP forecasts would improve accuracy for all seasons and
would allow the CI to be widened or narrowed based on NWP forecast
uncertainty, providing a weather-uncertainty-aware confidence interval.

7. Congestion Management Decision Support. The confidence ellipses
from the state estimator can be used to compute the probability that a cable’s
current will exceed the rated limit, P(|Iy| > Lateq)- This probability can be
computed directly from the fraction of Monte Carlo simulations in which
the estimated current exceeds the limit, providing a principled basis for
DSO decisions such as demand response signal thresholds and EV charging
schedule adjustments.

54 Closing Remarks

This thesis has demonstrated that LSTM-based short-term power forecast-
ing, combined with stochastic grid state estimation, provides a practically
useful and theoretically grounded tool for proactive congestion manage-
ment in smart LV distribution grids. The pipeline is modular, validated, and
ready for deployment at the full-grid scale when the corresponding OGM
ground truth becomes available. The fundamental result — that a model
trained on one year of data can generalise to the following year with main-
tained CI coverage for the operationally critical winter months — supports
the practical feasibility of the approach. The identified limitations, partic-
ularly the degraded summer accuracy and the absence of reactive power
forecasting, provide a concrete and focused research agenda for the next
phase of this work.
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Appendix A

PreAnalysis

A.1 MATLAB Pre-Analysis and Validation Scripts

Prior to the development of the final forecasting and state-estimation frame-
work, several MATLAB scripts were implemented to verify the integrity of
the available data, validate the mathematical formulation of the proposed
methodology, and evaluate intermediate results. These scripts served as a
pre-analysis stage and provided diagnostic information used during model
development.

A.1.1 Data Loading and Preprocessing

The purpose of this script is to import and preprocess the Open Grid
Map (OGM) measurements used throughout the thesis. The script loads
node measurements, current measurements, and cable information from
the available CSV files and converts them into structured MATLAB matri-
ces suitable for subsequent analysis.

The following tasks are performed:

¢ Import of node power, voltage magnitude, and voltage angle measure-
ments.

e Import of cable current magnitude and current angle measurements.
e Import of network topology and cable parameter information.

* Construction of ground-truth matrices for active power, reactive power,
voltage magnitude, voltage angle, current magnitude, and current an-

gle.
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* Mapping of grid element identifiers to matrix indices.

* Generation of summary statistics and verification plots.

The output of this stage is the file ogmground;ruth.mat, whichcontainsthecompletedatasetrequired
estimationmodules.

A.1.2 Autoregressive Power Forecasting

This script implements the baseline forecasting methodology used as
a benchmark for the machine-learning models developed later in the
thesis.

The forecasting procedure is based on an autoregressive model with
rolling one-hour-ahead predictions. A train-test split is applied
to the available time series, and forecasting performance is evaluated
on unseen data.

The main processing steps are:

® Definition of training and testing periods.

® Estimation of autoregressive model coefficients using least-squares
regression.

® Generation of rolling forecasts using an expanding-window approach.

® Computation of prediction intervals based on forecast residual
variance.

¢ Evaluation using MAE, RMSE, MAPE, and Hit Rate metrics.

® Generation of forecast comparison figures.

The resulting forecasts serve as a baseline reference against which
the LSTM-based forecasting model is compared.

A.1.3 LSTM-Based Power Forecasting

The MATLAB script Step2;STMrporecast.mimplementstheLongShort — TermMemory(LSTM) forec:
levelactivepowerprediction.

The purpose of the script is to learn temporal relationships present
in historical smart-meter measurements and weather-related input variables
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in order to predict future power consumption and generation at each
monitored grid node.
The forecasting procedure consists of the following stages:

1. Preparation and normalization of historical input data.

2. Construction of training, validation, and testing datasets.

3. Definition of the LSTM neural-network architecture.

4. Training of the network using backpropagation through time.

5. Generation of multi-step power forecasts for each node.

6. Evaluation of forecasting accuracy using standard error metrics.

7. Generation of forecast uncertainty bounds through conformal prediction
techniques.

The implemented LSTM architecture is designed to capture temporal
dependencies that cannot be represented by conventional linear autoregressive
models. The network processes sequential power and weather measurements
and learns nonlinear relationships between historical observations
and future load behaviour.

Forecast uncertainty is quantified using conformal prediction intervals.
The residuals obtained during the validation phase are used to construct
prediction intervals with a predefined confidence level. Consequently,
the output of the forecasting model consists of both a point forecast
and a corresponding confidence interval.

The script produces the following outputs:

® Forecasted active power values for each node.
® Upper and lower confidence interval bounds.

® Forecast performance metrics.

® Trained LSTM network parameters.

® Forecast result files used by the subsequent state-estimation
framework.

The generated forecasts form the primary input to the grid-state
estimation and congestion-management methodology developed in this
thesis.
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A.1.4 Current Derivation and State Estimation

The objective of this script is to convert power forecasts into electrical
network quantities that can be used by the state estimator.

The script reconstructs the radial feeder topology and derives network
currents using Kirchhoff’s Current Law (KCL). Voltage and current
phasors are then supplied to the maximum-likelihood state estimator.

The implemented procedure consists of:

1. Reconstruction of the feeder topology using cable connectivity
information.

2. Computation of complex power injections at each node.

3. Conversion of power injections into current injections.

4. Aggregation of branch currents using backward current summation.
5. Construction of network constraint matrices.

6. Generation of measurement uncertainty models.

7. Execution of the maximum-likelihood state estimation algorithm.

The resulting state estimates provide voltage and current estimates
for all nodes and branches in the network.

A.1.5 Results Evaluation and Visualisation

The final processing stage evaluates forecasting and state-estimation

performance and generates the figures presented throughout the thesis.
The script computes performance metrics for all nodes and visualizes

the obtained results through a collection of graphical representations.
The generated outputs include:

® Forecast time-series comparisons.
¢ Confidence interval visualizations.

® State-estimation performance metrics.

Node-level error distributions.

¢ Uncertainty decomposition analyses.
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® Aggregate performance summaries.

These results are used to assess the effectiveness of the proposed
forecasting and uncertainty-propagation framework.

A.1.6 AR-LSTM Forecast Comparison

To compare traditional statistical forecasting methods with deep-learning
approaches, an additional evaluation script was implemented.

The script performs a direct comparison between autoregressive forecasting
and Long Short-Term Memory (LSTM) forecasting by analysing:

® Forecast accuracy.

Prediction interval coverage.

® Error distributions.

Node-level forecasting performance.

Aggregate network-level forecasting behaviour.

Customer Node 233 — AR(2) vs LSTM Forecast
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Figure A.1: Detailed comparison of AR(2) and LSTM forecasting performance for Cus-
tomer Node 233
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AR(2) vs LSTM — 9 Representative Customer Nodes
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Figure A.2: Comparison of AR(2) and LSTM forecasting performance across nine repre-
sentative customer nodes.

A.1.7 Discussion of Additional Forecast Comparison Results

Figures [A.1] and [A.2] provide additional insight into the forecasting
behaviour of the AR(2) and LSTM models.

The results show that the AR(2) model generally follows the measured
load profile more closely than the LSTM model. Although the LSTM
model is capable of capturing nonlinear temporal relationships, its
performance is constrained by the limited amount of training data
available in this study. Consequently, the simpler AR(2) model achieved
lower forecasting errors across most customer nodes.

The wider prediction intervals produced by the LSTM model indicate
greater uncertainty in the forecast estimates. While these intervals
provide conservative uncertainty bounds, they also reflect the difficulty
of training deep-learning models on relatively short time-series datasets.

These supplementary results support the findings presented in the
main body of the thesis and demonstrate that, under the available
data conditions, classical autoregressive forecasting remains a competitive
benchmark for short-term load forecasting.
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A.1.8 Summary of the MATLAB Workflow

The complete MATLAB workflow implemented during the pre-analysis stage
can be summarized as

[ OGM Data — Data Preprocessing — Forecasting — Current Derivation —
State Estimation — Performance Evaluation.|

This workflow formed the foundation of the final forecasting and
congestion-management framework presented in this thesis.



Appendix B

Real Distribution Grid Dataset

B.1 Exploratory Data Analysis of the Real Distri-
bution Grid Dataset

Prior to the development of the forecasting and state-estimation framework,
a comprehensive exploratory data analysis was conducted using one
year of measurements obtained from the Open Grid Map (OGM) dataset.
The dataset covers the period from January 2023 to December 2023 and
contains active-power consumption, active-power generation, reactive-power
measurements, and associated electrical variables recorded at 15-minute
resolution.

The objective of this analysis was to identify seasonal trends,
daily operating characteristics, generation-consumption interactions,
and statistical properties of the measured power signals. These observations
were subsequently used to guide the design of the forecasting models
and the uncertainty quantification framework.

B.1.1 Monthly Consumption and Generation Patterns

Figure [B.1] presents the monthly average active-power consumption and
generation for Grid Element 10.

The results reveal a strong seasonal dependency. Consumption is
highest during the winter months, reaching approximately 65 kW in
December and 58 kW in January. Consumption gradually decreases during
spring and reaches its minimum values during summer, where monthly
averages range between 20 and 25 kW.

79



B.1. Exploratory Data Analysis of the Real Distribution Grid Dataset 80

In contrast, local generation follows the opposite trend. Generation
is negligible during winter but increases substantially during summer,
reaching a maximum monthly average of approximately 34 kW in June.

This behaviour is consistent with photovoltaic generation systems
whose output is primarily driven by solar irradiance.

The observed inverse relationship between consumption and generation
highlights the strong influence of seasonal weather conditions on
grid operation.

Monthly Mean Power — Grid Element 10 (2023)
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Figure B.1: Monthly average consumption and generation during 2023.

B.1.2 Average Daily Load Profile

Figure [B.2) shows the average daily power profile obtained by averaging
all available measurements over the entire year. The consumption
profile exhibits a typical residential demand pattern characterized
by a moderate morning peak around 06:00 and a dominant evening peak
between 18:00 and 21:00. The evening peak reaches approximately 70 kW
and corresponds to increased household activity after working hours.
Generation follows a distinctly different pattern. Generation begins
shortly after sunrise, reaches its maximum value near solar noon,
and decreases towards sunset. Peak generation occurs around 12:00
and reaches approximately 72 kW.
The resulting net-power profile demonstrates periods of net export
during midday and net import during morning and evening periods. Such
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Average Daily Load Profile — Grid Element 10 (2023)
80 Averaged across all 365 days
T T T T T ] T T

Mean Consumed
Mean Generated |
Mean Net Power

60

40

20

Mean Power (kW)

-20

-40

-60 I I I I I I I I I I I

Hour of Day

Figure B.2: Average daily load profile for Grid Element 10, averaged over all days in 2023.

behaviour is typical of low-voltage networks with significant photovoltaic
penetration.
B.1.3 Seasonal Variations in Daily Operation

Figure [B.3| compares the average daily power profiles for winter, spring,
summer, and autumn. Winter is characterized by high electricity demand
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Figure B.3: Seasonal daily load and generation profiles for winter, spring, summer, and
autumn.

and relatively low local generation. Consequently, the grid remains
a net importer throughout most of the day.
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During spring and summer, photovoltaic generation increases substantially
and exceeds local consumption around midday. This results in periods
of reverse power flow where electricity is exported back towards the
upstream network.

Autumn represents a transition period between the summer and winter
operating conditions. Although photovoltaic generation remains significant,
increasing consumption levels gradually shift the network back towards
net-import operation.

These results demonstrate that grid operating conditions vary significantly
throughout the year and justify the inclusion of seasonal information
within the forecasting framework.

B.1.4 Load Duration Analysis

The load-duration curve shown in Figure [B.4] summarises the statistical
distribution of power demand over the entire year. The curve indicates
that peak consumption events occur only during a relatively small
percentage of operating hours, while moderate demand levels dominate
normal operation. Approximately 50% of all measurements occur below

Load Duration Curve — Grid Element 10 (2023)
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Figure B.4: Load-duration curve for consumed and generated power during 2023.

38 kW, while only 10% of measurements exceed approximately 73 kW.

This confirms that extreme loading conditions are relatively infrequent
and supports the need for probabilistic forecasting methods capable

of capturing both normal and extreme operating conditions.
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B.1.5 Reactive Power Characteristics

The reactive-power analysis shown in Figure [B.5| indicates that the
network operates predominantly in the inductive region throughout

the year. Positive reactive-power values dominate the operating space,
indicating that the connected loads consume reactive power from the
network. The P-Q scatter plot reveals a clear relationship between

Reactive Power Analysis — Grid Element 10 (2023)
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Figure B.5: Reactive-power analysis showing monthly reactive power and the P-Q operat-
ing space.

active and reactive power, suggesting that periods of higher active-power
demand are generally accompanied by increased reactive-power consumption.

B.1.6 Consumption—Generation Operating Space

Figure [B.6] illustrates the relationship between consumption and generation
throughout the year. Most operating points are located below the

diagonal line where consumption exceeds generation, indicating net-import
operation. However, a significant number of observations approach

or exceed the diagonal during summer months, demonstrating periods

of local energy surplus and reverse power flow.

B.1.7 Weekly Behaviour

The weekly power analysis demonstrates relatively stable weekday behaviour
with slightly reduced demand levels during weekends. Friday exhibits
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Consumed vs Generated Power — Grid Element 10 (2023)
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Figure B.6: Consumed versus generated power operating space for Grid Element 10 during
2023.

the highest average net-import requirement, whereas weekend operation
is characterized by reduced consumption and lower net demand.

Annual Power Profile — Grid Element 10 (2023)
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Figure B.7: Weekly power pattern showing average consumed, generated, and net power
by day of week.

B.1.8 Monthly Daily Profiles

The monthly average daily profiles provide additional insight into
seasonal variability. Winter months exhibit pronounced morning and
evening demand peaks, whereas summer months are dominated by strong
midday photovoltaic generation.
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The gradual transition between these operating regimes highlights

the importance of incorporating weather information into the forecasting
model.

Monthly Daily Load & Generation Profiles — Grid Element 10 (2023)
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Figure B.8: Monthly mean daily profiles for consumed and generated power.

B.1.9 Statistical Power Distributions

Monthly percentile bands were calculated to quantify the variability
of both consumption and generation.

The wide percentile ranges observed during summer months indicate
greater uncertainty caused by variable weather conditions and solar
irradiance. In contrast, winter consumption exhibits more stable
and predictable behaviour.

B.1.10 Forecasting Motivation

Figure [B.10| presents a representative example of the LSTM forecasting
model during the December 2023 test period.

The figure illustrates the complex nonlinear behaviour of the measured
power signals, including rapid changes in demand and generation. These
patterns are difficult to capture using traditional linear forecasting
methods and therefore motivate the use of LSTM neural networks capable
of learning temporal dependencies from historical observations and
weather-related inputs.

The forecast confidence intervals further demonstrate the importance
of quantifying uncertainty in power-system forecasting applications.



B.1. Exploratory Data Analysis of the Real Distribution Grid Dataset

Consumed Power (kW)

Monthly Power Distribution — Percentile Bands (P10/P25/P50/P75/P90)

Consumed Power Percentile Bands

Generated Power Percentile Bands

100 140
P10-P90
90 4 P25-P75 (IQR)
120 |- | =@ Median (P50)
— ® — Mean

80 1
70 i §100

=
60 5

2 80

o
50 a

B

= 60
40 HE;

c

[
30 (O

[
il -,
20 - -
P10-P90 = - \\
P25-P75 (IQR) 20 - S
10 - | ==@== Median (P50) 1 N 2e 'Y
— & — Mean - ~a
0 ol el =
Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
Month Month

86

Figure B.9: Monthly percentile bands for consumed and generated power, including P10-
P90, P25-P75, median, and mean values.

LSTM Weather-Informed Power Forecast — Test Period
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Figure B.10: Example LSTM weather-informed power forecast for the December 2023 test

period.
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