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Abstract

Synthetic load profiles are essential for distribution network planning, protection siz-
ing, and demand-side management studies. However, most generation methods are
validated on a single load typology, and their transferability remains unexamined. Two
broad paradigms dominate the generation literature: data-driven approaches that learn
the demand distribution directly from historical records (generative adversarial networks,
diffusion models, Markov-chain generators) and bottom-up, physically motivated ap-
proaches that reconstruct demand from the superposition of discrete appliance ON/OFF
events. Same-data, same-metric comparisons across these two families for structurally
distinct load typologies remain absent from the literature, and this gap is the one this paper
addresses. This paper presents a systematic comparison of three stochastic models (a first-
order autoregressive (AR(1)) profile, a physically constrained ON/OFF event model, and a
nonlinear-least-squares (NLS) calibrated variant) applied to two fundamentally different
load typologies measured with a Class A power-quality recorder at 10-min resolution: a
single-family residential dwelling (13 days, 1860 samples) and an institutional commercial
building (9 days, 1333 samples). Evaluation spans six distributional statistics (mean, stan-
dard deviation, and the percentiles psp, pog, pos and pgg), the Kolmogorov—Smirnov (KS)
statistic, root mean square error (RMSE), and hourly variance profiles. In this two-site study,
load typology, not model sophistication, emerges as the dominant factor shaping fit quality.
The simple AR(1) reproduces all percentiles within 7% for the near-Gaussian commercial
load (skewness 3.47). By contrast, no model reproduces the centre, the dispersion and the
upper tail of the highly skewed residential load (skewness 6.56) simultaneously to within
10%. On the residential tail the AR(1) ensemble is the least biased (pg9: —5.8%) but by
far the most dispersed across realizations (CV = 15.3%), whereas the event-based models
are more stable but biased, so model choice on skewed loads is a bias—stability trade-off
rather than an accuracy ranking. The NLS-calibrated model attains near-exact residential
pos reproduction (—0.3%) and commercial upper-tail errors below 2%, at a computational
cost roughly three orders of magnitude above the AR(1). The dynamic characterization
of demand obtained from these models, including the magnitude and frequency of the
detected events, provides elements that may be of interest for the sizing and operation of
photovoltaic systems in the context considered. Based on these two cases, a preliminary
recommendation matrix mapping models to engineering applications is proposed, motivat-
ing typology-specific model selection rather than universal approaches; broader validation
on additional sites is identified as future work.
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1. Introduction

The global clean energy transition is accelerating, driven by national policies and
international commitments that promote distributed energy resources, electric vehicles, and
demand-response programs [1]. This transition is reshaping the operating conditions of low-
voltage distribution networks, where rising adoption of photovoltaic generation and electric
mobility introduces new sources of uncertainty in demand profiles [2]. Accurate planning of
transformer capacity, protection coordination, and voltage regulation increasingly depends
on realistic representations of end-user demand that capture not only average consumption
but also the temporal variability and extreme peaks that drive equipment sizing [3,4].
Because multi-year field campaigns at every service point are impractical, synthetic load
profile generators have become an essential tool for distribution engineers and researchers
alike [5].

Synthetic load profiles are particularly critical for the design and optimization of
distributed solar energy systems. Hosting capacity studies for rooftop photovoltaic (PV)
installations require thousands of stochastic demand scenarios to evaluate reverse power
flow and overvoltage conditions at the point of common coupling. The sizing of battery
energy storage systems (BESS) coupled with PV generation depends on the statistical
overlap between the solar irradiance profile and the prosumer load profile, an overlap that
can only be characterized through realistic representations of demand variability across
hours and seasons. Furthermore, the planning of solar microgrids in communities that
lack prolonged measurement campaigns requires representative synthetic profiles for both
residential and institutional loads. The present work contributes to this need in the context
of the Microgrids project for flexible and efficient energy in Cundinamarca, Colombia,
which motivates the development of validated stochastic generators applicable to low-
voltage networks with distributed PV penetration. The Colombian wholesale electricity
market and the operation of the National Interconnected System are administered by
XM S.A. E.S.P., which publishes monthly operational and demand reports that provide the
broader context for distribution-level studies such as the present one [6].

Several families of methods have been proposed, broadly falling into two groups
depending on whether they learn the demand distribution from data or reconstruct it from
the underlying physical process. Among data-driven approaches, generative adversarial
networks [7-9] have demonstrated the ability to synthesize realistic profiles from historical
datasets. More recently, conditional diffusion models [10] have extended this capability to
multi-conditional generation. Markov-chain generators [11,12] offer a lighter alternative
that preserves transition dynamics. A complementary line of work follows a physics-
informed or bottom-up strategy, originally developed by Capasso et al. [13]. These methods
decompose aggregate demand into individual appliance usage patterns and reconstruct the
total load through stochastic superposition of ON/OFF events [14-17]. At the boundary
between these two paradigms, top-down statistical models fit parametric distributions or
autoregressive processes to measured profiles and sample new realizations [18-20]. These
models require less data than deep generative approaches while offering more temporal
structure than purely empirical resampling. Separately, voltage-dependent ZIP models
characterize the static relationship between supply voltage and power consumption [21-23].
However, their deterministic nature limits their use for temporal scenario generation.
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Finally, ensemble machine-learning methods and decomposition-based approaches have
targeted short-term load forecasting rather than profile generation [24-26], addressing
a related but distinct problem. A recent systematic review of 169 works on synthetic
energy time series [27] confirms that most published generators fall within the bottom-up
or direct-generation families and predominantly target residential consumption, while a
consolidated protocol for evaluating fidelity across generator families has yet to be adopted.

Despite this diversity of techniques, two important gaps remain insufficiently ad-
dressed in combination, even though each has received partial attention in isolation: the
systematic review cited above [27] documents that most published generators are validated
on a single typology, and [28] shows that no consensus has emerged on the minimal metric
set for comparing generator families; neither work addresses both limitations jointly. First,
most studies validate their proposed generator on a single load typology, typically resi-
dential, without examining whether the same model performs equally well on structurally
different loads such as commercial or institutional buildings. The statistical properties
of residential demand (high skewness, heavy tails, sporadic high-power events) differ
fundamentally from those of commercial loads (lower skewness, bimodal distribution,
schedule-driven patterns), and these differences can alter model rankings in ways that
single-typology studies cannot reveal. Second, comparative studies that evaluate multiple
model families on the same dataset using the same metrics remain scarce [5,26]. In their
absence, practitioners lack quantitative guidance for selecting the appropriate generator for
a given engineering application. Even among the comparisons that do exist, similarity is
often judged with a limited set of measures, and no consensus has emerged on the minimal
set of metrics required to assess representativeness across generator families [28].

This paper addresses both gaps through a systematic, same-data comparison of three
stochastic load profile generators applied to two fundamentally different load typologies
measured in Bogotd, Colombia. The specific contributions are as follows:

1.  We perform a comparative evaluation of three models of increasing complexity (a first-
order autoregressive (AR(1)) hourly profile, a physically constrained ON/OFF event
model, and a nonlinear-least-squares (NLS) calibrated variant) on residential and
commercial loads recorded with a Class A power-quality analyzer at 10 min resolution.

2. Quantitative evidence from two representative sites that load typology, rather than
model sophistication, is the dominant factor determining fit quality for these cases:
the near-Gaussian commercial load (skewness = 3.47) allows a simple AR(1) to re-
produce all percentiles within 7%, whereas the highly skewed residential load
(skewness = 6.56) exposes a bias—stability trade-off in which the AR(1) ensemble
provides the least biased upper-tail estimate but the event-based models produce
more stable, systematically biased realizations.

3. We offer a practical recommendation matrix that maps each model to the engineering
applications for which it is best suited, enabling typology-specific model selection for
distribution network studies, including hosting capacity assessment for distributed
PV and BESS sizing in solar microgrids [29,30].

4. Three methodological elements support this comparison and are transferable to other
studies: (i) a formulation of the ON/OFF event model as an inverse optimization
problem calibrated by nonlinear least squares with Monte Carlo simulation embedded
in each function evaluation, using a parameterization that resolves the arrival process
by time block and the event distributions by event class, with a smoothness penalty
across adjacent blocks; (ii) an explicit set of seven physical realism constraints for the
event-based generator, whose variance penalty is shown to be typology-dependent;
and (iii) a multi-dimensional evaluation protocol combining distributional statistics,
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the Kolmogorov—-Smirnov statistic, RMSE, hourly variance profiles and joint hour—
power density heatmaps, applied identically to the three models on both typologies.

The remainder of this paper is organized as follows. Section 2 describes the measure-
ment campaigns, the exploratory data analysis, and the three model formulations. Section 3
presents the results for each typology and the cross-comparison. Section 4 discusses the role
of load typology, model trade-offs, practical recommendations, and limitations. Section 5
summarizes the key findings and outlines future work.

2. Materials and Methods

Comparing stochastic generators requires a common empirical basis: the same field
data, the same descriptive statistics, and the same evaluation metrics applied to every model.
The three generators produce distributional, not predictive, synthetic series: individual
realizations are not time-synchronized with the measured record, so point-wise error
metrics such as RMSE are of order ¢ by construction and are reported here only as a
secondary indicator of fit, not a primary one. To make this explicit, two random reference
generators without any temporal structure are included as a lower bound throughout
the evaluation: Baseline A resamples the empirical marginal of Py, with replacement
(i.i.d., no notion of hour or day), and Baseline B draws N (y, ) white noise using the
measured mean and standard deviation, clipped at P > 0. Because both baselines can
reproduce the marginal almost exactly while carrying no temporal information, two metrics
sensitive to temporal structure are also reported: the hourly variance ratio (synthetic-to-real
variance in each hour of day) and the distribution of ramps AP = P(t) — P(t — 1); both
are used in Section 3.4 to show what a purely marginal fit does, and does not, guarantee.
Two measurement campaigns conducted in Bogotd, Colombia, provide this basis; their
exploratory analysis reveals the distributional contrasts that motivate the choice of three
progressively complex formulations: an AR(1) hourly profile, a physically constrained
ON/OFF event model, and an NLS-calibrated variant. The three formulations produce
dynamic representations of demand that, beyond the comparative study reported here,
may also serve as inputs for subsequent analyses of photovoltaic generation in low-voltage
distribution settings.

2.1. Measurement Campaign

The purpose of the two campaigns is not to sample a population of residential or
commercial demand, nor to derive an average behavior representative of a demand class.
It is to obtain two well-characterized reference signals with structurally different distribu-
tional properties, against which the three generators can be calibrated and evaluated on a
per-load basis. Averaging across sites would smooth out the discrete switching events and
heavy-tailed excursions whose faithful reproduction is the central difficulty for the models
compared here, so the parameters reported below characterize these two specific loads and
are not offered as representative of residential or commercial populations.

Two measurement campaigns were conducted in Bogotd, Colombia, usinga DRANETZ
HDPQ Visa Class A power-quality analyzer compliant with IEC 61000-4-30 [31]. The in-
strument recorded three-phase RMS voltage (Vims), RMS current (Irms), fundamental active
power (Pgnq), fundamental reactive power (Qgnq), and displacement power factor at a
10 min aggregation interval. Table 1 summarizes both campaigns. The wiring configuration
adopted for each campaign is shown in Figures 1 and 2.
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Figure 1. Single-line diagram of the residential measurement setup. The DRANETZ HDPQ recorder
is placed at the dwelling main panel, downstream of the distribution transformer, capturing the
aggregate total demand. Solid arrows indicate power flow, dotted grey lines link each circuit to
its loads, and the dashed blue arrow marks the measurement point; box colours only distinguish
element types, and the dashed grey rectangle delimits the zone downstream of the transformer.

Table 1. Measurement campaign parameters.

Parameter Residential Commercial

Location Service entrance, single-family dwelling LV transformer, LABE laboratory (UNAL)
Period 14-27 November 2025 20-29 October 2025

Duration 13 days ~9 days

Samples (N) 1860 1333

Phases A,B,C A,B,C

The DRANETZ HDPQ Visa is a Class A instrument per IEC 61000-4-30, with a
manufacturer-specified voltage accuracy of £0.1% of reading and an active-power ac-
curacy of class 0.2S. The dominant term in the combined uncertainty budget is the current
probe (Dranetz TR2500 flexible Rogowski coil, 1% of reading); propagating the voltage,
current and power-factor channel uncertainties in quadrature yields a combined standard
uncertainty of approximately 1% and an expanded uncertainty of approximately 2% (k = 2).
The expanded instrumental uncertainty is approximately 2%. This is small relative to the
largest model discrepancies, which reach 10-40%, but comparable to several of the small-
est commercial errors. It therefore does not alter the broad typology-level conclusions,
although differences below approximately 2% should not be interpreted as instrument-
resolved rankings. All series analyzed in this study are field measurements acquired with a
Class A instrument, not simulated inputs; access to the underlying data is described in the
Data Availability Statement.

Figure 1 shows the single-line diagram of the residential measurement setup. The
DRANETZ HDPQ recorder was installed at the dwelling main panel, immediately down-

https://doi.org/10.3390/ electricity7030105


https://doi.org/10.3390/electricity7030105

Electricity 2026, 7, 105

6 of 25

stream of the distribution transformer and upstream of all branch circuits, so that it captures
the aggregate total demand including all loads connected to the derived circuits.

Measurement point
1

~ -

Distribution | > . DRANETZ
grid MYV service HDPO
MV entrance @V + 41)
Vims, Irms, P, Q, PF
Building
transformer
45 kVA

MV/LV

Vsecondary

Building
main panel

Circuit 1 Circuit 2 Circuit 3
Lighting Offices Computing

LED, office Outlets, printers PCs, servers
luminaires HVAC monitors, UPS

Figure 2. Single-line diagram of the commercial measurement setup. Unlike the residential case, the
DRANETZ HDPQ recorder is placed upstream of the building’s own 45 kVA transformer, measuring
the aggregate total demand on the medium-voltage side and including transformer losses. Solid
arrows indicate power flow, dotted grey lines link each circuit to its loads, and the dashed blue arrow
marks the measurement point; box colours only distinguish element types, and the dashed grey
rectangle delimits the zone upstream of the transformer.

Figure 2 presents the single-line diagram of the commercial measurement setup.
Unlike the residential case, the DRANETZ HDPQ recorder was installed upstream of the
building’s own 45 kVA transformer, capturing the aggregate total demand on the medium-
voltage side and including transformer losses as well as all loads supplied by the building’s
internal circuits (offices, computing equipment, lighting, and auxiliary services).

The residential site represents a typical single-family household in Bogotd, with
occupancy patterns driven by individual appliance switching (cooking, water heating,
lighting). The commercial site is an institutional building housing laboratories, offices, and
server rooms at the Universidad Nacional de Colombia; its consumption follows fixed
business hours (approximately 07:00-18:00) with a permanent base load from servers,
security, and emergency lighting.

From the per-phase measurements, three aggregate variables were computed for all
subsequent analyses:

Proral () = Pa(t) + Pp(t) + Pc(t)  [kW], ©)

Va(t) + Va(t) + Ve(t)

Vavg(t) = A

V. 2
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The neutral/fourth phase was excluded from all calculations.

2.2. Exploratory Data Analysis

Table 2 compares the descriptive statistics of Py, for both loads. The two typologies
exhibit fundamentally different distributional properties.

Table 2. Descriptive statistics of Py

Statistic Residential Commercial
Mean [kW] 0.33 2.46
Std [kW] 0.57 2.65
Min [kW] 0.05 0.77
Max [kW] 7.98 16.59
pso [kW] 0.22 1.37
poo [kW] 0.63 5.00
pos [kW] 1.17 6.23
P99 [kW] 2.69 15.63
Skewness 6.56 3.47
Excess kurtosis 61.41 13.84
Vavg [V] 125.56 117.34
Vavg range [V] 123.39-127.81 114.50-119.57

The residential load has a mean of 0.33 kW but a median of only 0.22kW. This differ-
ence confirms extreme positive skewness. The household operates in a low-consumption
regime most of the time (standby, refrigerator), punctuated by short, high-power events
(electric shower, oven, iron) that reach up to 8.0kW. The resulting skewness of 6.56 and
excess kurtosis of 61.41 indicate a distribution that is far from Gaussian, with very heavy
right tails. The hourly profile follows a characteristic double-hump pattern with morning
(05:00-07:00) and evening (17:00-20:00) peaks.

The commercial load has a mean of 2.46 kW, which is 7.4 x larger than the residential
mean. The minimum of 0.77 kW reflects the permanent server and security base load.
The commercial distribution is bimodal, with a narrow peak at ~1kW (night/weekend
base) and a broader plateau at 2-6 kW (daytime operation). The skewness (3.47) and
kurtosis (13.84) are substantially lower than those of the residential case. The superposition
of many simultaneously operating office devices produces a distribution closer to Gaussian.
The hourly profile shows a daytime plateau (08:00-17:00) governed by the institutional
schedule, in contrast to the residential double-hump pattern.

These structural differences have direct implications for model selection, as discussed
in Section 4.

Before formalizing the three stochastic models, a scoping decision deserves explicit
justification. A voltage-dependent ZIP formulation was also considered but is excluded
from the present comparison because its deterministic, static nature addresses a different
question (the P = f(V) relationship for power-flow studies) rather than temporal profile
generation. In addition, the narrow voltage range observed at both sites (3.54.3% of
nominal) prevents reliable identification of the ZIP coefficients, as discussed in Section 4.4.

2.3. Model 1: Hourly Profile with AR(1) Noise

The simplest generator constructs a synthetic series by sampling from the empirical
hourly profile with temporally correlated noise. For each timestamp ¢ falling in hour /# and
day-of-week d, the synthetic power is

Poyn(t) = p(h,d) +o(h,d) -z, (3)
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where y(h,d) and o(h, d) are the sample mean and standard deviation of Py, computed
over all observations in the (h,d) cell, forming a 24 x 7 = 168-element lookup table. A
hierarchical fallback is applied when a cell has fewer than three observations: first to the
hourly marginal, then to the global mean.

The noise process z; is a stationary AR(1):

zt=pzi1 + /1 —p% e, et ~N(0,1), (4)

where p = 0.85 controls the temporal autocorrelation. The parameter p was not fitted to
the measured autocorrelation, which is considerably lower (lag-1 autocorrelation of the
deseasonalized residual: 0.29 residential, 0.41 commercial); it acts as a temporal-smoothness
parameter rather than a distributional one, since the stationary AR(1) noise of Equation (4)
has unit variance for any p and the marginal distribution of Psyy is therefore invariant to it.
A 20-seed sensitivity analysis over p € [0.30,0.92] confirms this: for every distributional
statistic and both typologies, the range of the ensemble means across p is smaller than
the dispersion between seeds at fixed p (ratios 0.1-0.8), so no value of p in this range is
distinguishable from another in terms of marginal fit. The value p = 0.85 was retained as a
mid-range reference. Matching the measured short-lag autocorrelation would be a relevant
refinement for applications in which trajectory dynamics matter, such as storage operation
studies. The factor /1 — p* ~ 0.53 ensures unit stationary variance. A physical clipping
constraint Psyn > 0 is enforced.

This model has the advantage of reproducing the hourly mean and standard deviation
by construction, since the profile is copied directly from the data. Its main limitation is the
Gaussian innovation assumption. The symmetric, light-tailed nature of Gaussian noise
prevents the generation of the sharp, isolated peaks observed in residential demand.

2.4. Model 2: Physically Constrained ON/OFF Events

Whereas the AR(1) model captures the temporal autocorrelation of demand under
a Gaussian-noise assumption, the second formulation departs from this assumption by
reconstructing the load from its discrete generating process. Following the bottom-up
paradigm pioneered by Capasso et al. [13], the ON/OFF model decomposes aggregate
demand into a continuous base load and a superposition of discrete rectangular events
representing appliance activations:

P(t) = Poase(t) + Y Ax - rect(t — ti, Dy), (5)
X

where Pyee(t) = p(h,d) is the same hourly profile used in the AR(1) model, Ay is the
amplitude of event k (in kW), Dy is its duration (in samples), and #j is its start time drawn
from a non-homogeneous Poisson process with hourly rate Ay,.

2.4.1. Event Detection

Events are detected on the deseasonalized residual r(t) = Py () — p(h, d). Contigu-
ous segments where r(t) exceeds the 90th percentile threshold are identified. Adjacent
segments separated by fewer than two samples are merged, and segments shorter than
two samples (20 min) are discarded. The detected events are classified into three amplitude
categories, small (S), medium (M), and large (L), using tercile boundaries computed from
the observed amplitude distribution. Table 3 summarizes the detection results.

The residential load produces frequent, short, high-amplitude events (household
appliances switched on briefly), whereas the commercial load exhibits fewer but longer
events (laboratory equipment or HVAC operating for hours). Figure 3 visualizes the
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detected events as a scatter plot of amplitude versus duration, colored by category (S/M/L).
The figure illustrates the contrasting event signatures of both typologies.

Table 3. Event detection summary for both load typologies.

Parameter Residential Commercial
Detection threshold [pgg of r(t)] 0.21kW 0.54 kW
Events detected 55 14
Amplitude range 0.30-5.30 kW 0.56-2.28 kW
Amplitude median 0.60 kW 1.26 kW
Duration median 2 samples (20 min) 5 samples (50 min)
Duration max 9 samples (90 min) 44 samples (7.3 h)
Classification: S/M/L 35/16/4 3/8/3
(63.6/29.1/7.3%) (21.4/57.1/21.4%)
(a) Residential (b) Commercial
54 @ Medium n=16) Median dur. = 20 min . [0 Medium (n=8) Median dur. = 50 min
@ Llarge (n=4) @ Llarge (n=3) & *
=== pgo = 0.205 kW 2.00 4 ——— Pwo= 0.542 kW
®
=] 51754 @
2 |e ]
8 3 L 4 L1509 8
g g " =
3 &, 1.25 -
£ £l
i 1.00 .
14 % % = = o 0.75 4 (6]
]
l ””” . ””” — — . S 0.50 ’ ””””” —
20 30 40 50 60 70 80 90 0 100 200 300 400
Duration [min] Duration [min]

Figure 3. Detected events for both load typologies, amplitude versus duration, colored by category
(Small, Medium, Large). The dashed line indicates the pgy detection threshold. Panels correspond to
(a) the residential load and (b) the commercial load; the inset in each panel reports the number of
detected events and the median event duration.

2.4.2. Physical Constraints

Seven physical realism constraints are incorporated in the model: (i) the Poisson
arrival rate Ay, is smoothed across adjacent hours to eliminate spurious fluctuations; (ii) noc-
turnal suppression sets Aj, ~ 0 during quiet hours (00:00-04:00 for residential); (iii) event
amplitudes are capped per category using the observed maximum of each class; (iv) event
durations follow a lognormal distribution fitted to the detected events, with parameters
Uin and oy,; (v) amplitudes are scaled proportionally to the base-load level at the event’s
start time; (vi) a Monte Carlo ensemble of K = 50 realizations is generated to produce
confidence bands; and (vii) advanced validation diagnostics (hourly variance ratio, joint
hour-power heatmaps) are computed.

The lognormal duration parameters are py, = 0.88, 0, = 0.35 for the residential
load (median duration ¢?8 ~ 2.4 samples ~ 24 min) and yy, = 1.74, 0, = 0.88 for the
commercial load (median ~ 57 min).

2.5. Model 3: NLS Batch Calibration

The empirical parametrization of the ON/OFF model produces physically plausible
realizations but does not formally optimize any global fit criterion. The third formulation
closes this gap by recasting the same generative structure as a calibration problem. The NLS
model retains the ON/OFF event structure of Equation (5) but replaces the direct empirical
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parametrization with a formal optimization that minimizes the discrepancy between a
vector of target statistics computed from real data and the corresponding statistics averaged
over K Monte Carlo simulations of the generative model.

Let 8 € R* denote the parameter vector. It resolves the arrival process in time and

(0)

the event distributions by class: six Poisson rates A, and six mixing probabilities p ’,,

indexed by six 4-h blocks b covering the day (00-03, 04-07, ..., 20-23), together with three
(c) (o)

pairs of lognormal amplitude parameters (3 ,’,0,’) and three pairs of lognormal duration

(©) )

parameters (y,’, 05, ), indexed by the event category ¢ € {small, medium, large}, for a
total of 6 + 6 + 6 + 6 = 24 free scalars. This split keeps the dimensionality low while
preserving both the intraday variation of the arrival process and the distinct amplitude and

()
large
not optimized: it is estimated once per block from the empirical proportion of large events

duration signatures of the three event classes. The remaining mixing probability p is
detected there and held fixed throughout the calibration, which reduces the free dimension
from 30 to 24.

The target vector S, € R> contains 54 distributional statistics (hourly means, hourly
variances, global percentiles (pso, Poo, P95, P99), the overall mean and standard deviation)
plus 5 regularization terms (Areg = 0.5) that penalize the differences between the arrival
rates of adjacent blocks, \/Teg (Api1—Ap) forb =1,...,5, so that the fitted diurnal profile
of the arrival process remains smooth.

The calibration solves

2

, (6)

0" =arg mein

1 K k
Sreal - E kzl Sglrl(e)

using the Trust Region Reflective algorithm implemented in scipy.optimize.
least_squares [32] with box constraints on all parameters. During optimization, K = 15
Monte Carlo runs are averaged per function evaluation to reduce gradient noise. For the final
evaluation, K = 50 runs are used. The optimizer is allowed up to 300 function evaluations.

This approach is related to indirect inference [33] and the method of simulated mo-
ments [34,35], where model parameters are estimated by matching simulated auxiliary
statistics to their empirical counterparts. The key advantage of the NLS formulation is
that it directly optimizes the upper-tail percentiles (pos, pgg) that are critical for protection
sizing and transformer dimensioning. The cost is higher computational expense and a
tendency to overestimate the median due to the event-superposition structure shared with
the ON/OFF model.

3. Results

Each model was applied to both load typologies using the same model structures,
calibration procedures and evaluation metrics. The evaluation combines multiple families
of similarity measures—central tendency, dispersion, distributional distance, and temporal
correlation—because no single metric captures all dimensions of representativeness [28].
All three models are reported as the median of K = 50 Monte Carlo realizations generated
with seeds 42-91, so that no result is conditioned on a single random draw. The residential
and commercial cases are presented separately to expose the typology-dependent behavior
before being consolidated in a unified error matrix.

3.1. Residential Load

Table 4 compares the distributional statistics of the three synthetic series against the
measured residential demand.
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The AR(1) model overestimates the mean by 12.9% and underestimates the standard
deviation by 12.4%, and its Gaussian innovations cause it to overestimate pgy by 28.7%.
The model generates too many moderately high values and fails to produce the isolated
extreme peaks that characterize the real data. Its ensemble median nonetheless reproduces
the upper tail with the smallest bias of the three models (pgs: —0.8%; pog: —5.8%), because
the marginal of each hourly cell is copied from the data by construction. This accuracy
is unstable: across the 50 realizations the pg9 estimate ranges from 1.74kW to 3.56 kW
(CV =15.3%), so an individual AR(1) trace may misrepresent the tail by more than 25% in
either direction. The synthetic time series (Figure 4) shows smooth, continuous fluctuations
that follow the circadian pattern. In contrast, the measured series exhibits sharp, discrete
transitions that the AR(1) cannot reproduce.

Table 4. Comparison of distributional statistics: residential load. All model columns report the
median of K = 50 Monte Carlo realizations (seeds 42-91).

Real AR() A% ON/OFF A% NLS A%
Mean [kW] 0.33 0.37 +12.9 0.36 +10.0 0.42 +25.8
Std [kW] 0.57 0.50 —-12.4 0.31 —45.6 0.46 —18.8
pso [kW] 0.22 0.25 +14.6 0.28 +29.7 0.30 +37.6
poo [kW] 0.63 0.82 +28.7 0.67 +6.1 0.79 +24.5
pos [kW] 1.17 1.16 -0.8 0.96 —18.6 1.17 -0.3
P99 [kW] 2.69 2.54 -5.8 1.73 —-35.7 2.32 —-13.7
RMSE [kW] - - - 0.54 - 0.64 -
KS statistic - - - 0.25 - 0.26 -

Note: absolute error in kW (synthetic median of K = 50 realizations minus measured) for the p5o—pg9
rows: AR(1) +0.03, +0.18, —0.01, —0.16; ON/OFF +0.06, +0.04, —0.22, —0.96; NLS +0.08, +0.15,
—0.00, —0.37 (kW, in row order). Normalized by the measured standard deviation (¢ = 0.57 kW),
the upper-tail errors are AR(1) pgg +0.320, pg5s —0.020, pg9g —0.270; ON/OFF pgy +0.070, pes —0.380,
po9 —1.690; NLS pgog +0.270, pgs —0.010, pg9 —0.650. Dashes (-) indicate statistics that are not
applicable to the corresponding model.

The event-based formulation produces a qualitatively different tail behavior. The
ON/OFF model reduces the pgy error to only +6.1%. This result demonstrates that the
event superposition mechanism better captures the transition zone between base con-
sumption and moderate peaks. However, the physical constraints of the ON/OFF model
(nocturnal suppression and amplitude caps) severely compress the variance (—45.6%). As
a consequence, the ON/OFF model underestimates pgg by 35.7%. This variance penalty is
the central trade-off of the constrained ON/OFF approach for highly skewed loads. The
restrictions that eliminate unrealistic events also remove the extreme events that generate
most of the variance.

The NLS-calibrated model closes part of this variance gap and achieves near-exact pos
reproduction (—0.3%), with a pgg error of —13.7%. By explicitly including these percentiles
in its objective function (Equation (6)), the optimizer adjusts the event amplitude and
duration parameters to match the upper tail of the distribution. The cost is a systematic
overestimation of the median (437.6%) and mean (425.8%). This bias is shared with all
event-based models because the superposition of rectangular events on the base profile
inflates the central region of the distribution. The standard deviation error (—18.8%) is
substantially better than that of the ON/OFF model (—45.6%). This improvement confirms
that the NLS calibration partially compensates the variance compression. Figure 5 compares
the measured and synthetic residential distributions.
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Figure 4. Residential load: representative time series showing measured Py, and synthetic series
from AR(1), ON/OFF, and NLS models.
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Figure 5. Residential load: histogram and empirical CDF comparing measured and synthetic distri-
butions. Panel (a) shows the probability density histogram and panel (b) the empirical cumulative
distribution function, in both cases for the measured series and for the AR(1), ON/OFF and NLS models.

Because all reported figures are ensemble medians, the dispersion of the ensemble
itself quantifies how reproducible they are. Across the 50 realizations of each model the
coefficient of variation of the reported statistics ranges from 0.4% to 15.3%. For the event-
based models it is small: the median over their 24 model-statistic cells is 2.4%, and only one
exceeds 10% (NLS residential pgg, 13.3%). The AR(1) ensemble is markedly more dispersed
on the residential load, where three of its six cells exceed that threshold (Std: 12.2%; pgs:
10.0%; pg9: 15.3%), whereas all of its commercial cells remain below 3%. For the ON/OFF
and NLS models this dispersion measures generation stochasticity given the calibrated
parameter vector, which is estimated once per typology and shared by all realizations; it
does not include re-calibration uncertainty.
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The hourly variance profile reveals a further diagnostic difference. The ratio of syn-
thetic to real hourly variance falls between 0.7 and 1.0 for the AR(1) model across all hours.
By contrast, this ratio drops to 0.05-0.25 for the ON/OFF model during the evening peak
hours (17:00-21:00), when high-amplitude residential events dominate. The NLS model
partially recovers the variance during these hours (ratios of 0.4-0.7) because its optimization
explicitly targets hourly variances as part of the 54-statistic objective vector.

The residential load, with its extreme skewness and heavy tails, stresses every model;
the commercial load provides a contrasting test case in which the demand distribution is
far more regular.

3.2. Commercial Load

Table 5 presents the same comparison for the commercial load.

Table 5. Comparison of distributional statistics: commercial load. All model columns report the
median of K = 50 Monte Carlo realizations (seeds 42-91).

Real AR(1) A% ON/OFF A% NLS A%
Mean [kW] 2.46 2.47 +0.2 2.54 +3.3 2.72 +10.6
Std [kW] 2.65 2.64 —-0.6 2.58 -29 2.62 -1.2
pso [kW] 1.37 1.45 +6.4 1.61 +17.6 1.92 +40.2
poo [kW] 5.00 498 —-04 4.93 —-1.3 4.99 —-0.0
pos [kW] 6.23 6.24 +0.1 6.14 -15 6.31 +1.2
Pog [kW] 15.63 15.70 +0.4 15.29 -22 15.86 +1.4
RMSE [kW] - - - 0.82 - 1.02 -
KS statistic - - - 0.15 - 0.18 -

Note: absolute error in kW (synthetic median of K = 50 realizations minus measured) for the pso—pog9
rows: AR(1) +0.09, —0.02, +-0.01, +0.06; ON/OFF +0.24, —0.07, —0.09, —0.34; NLS +0.55, —0.00,
-+0.08, +0.22 (kW, in row order). Normalized by the measured standard deviation (¢ = 2.65 kW),
the upper-tail errors are AR(1) pgg —0.010, pgs +0.000, pgg +0.020; ON/OFF pgg —0.020, pg5 —0.030,
po9 —0.130; NLS pgg —0.000, pos +0.030, pgg +0.08c. Dashes (-) indicate statistics that are not
applicable to the corresponding model.

The results for the commercial load contrast sharply with the residential case. The
AR(1) model reproduces all statistics with remarkable accuracy. The mean error is only
+0.2%, the standard deviation error is —0.6%, and all percentiles fall within 7%. The
lower skewness (3.47) and kurtosis (13.84) of the commercial distribution bring it closer
to Gaussian, so the AR(1)’s innovation assumption is largely satisfied. Figure 6 shows a
representative day of measured and synthetic commercial series.

The ON/OFF model achieves excellent tail reproduction (pgy to pgg errors below
2.5%) with a standard deviation error of only —2.9%, dramatically better than the —45.6%
observed for the residential load. The physical constraints that compress variance in the res-
idential case have minimal impact on the commercial load. The commercial variance arises
from the regular day—night cycle rather than from isolated extreme events, and the con-
straints do not interfere with this mechanism. The KS statistic of 0.15 is substantially better
than the residential value of 0.25. This result confirms a tighter overall distributional fit.

The NLS model maintains its advantage in upper-tail accuracy (pg9: +1.4%) and
achieves a good standard deviation match (—1.2%). However, the NLS model also pro-
duces the largest median bias (4-40.2%). The RMSE of 1.02 kW is higher than the ON/OFF
value of 0.82 kW. This difference reflects the NLS model’s prioritization of distributional
statistics over point-wise accuracy. Figure 7 compares the measured and synthetic commer-
cial distributions.
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Figure 6. Commercial load: representative time series showing measured Py, and synthetic series.
The AR(1) model captures the daytime plateau; event-based models reproduce the step transitions at
business hours.

The hourly variance ratios for the commercial load range from 0.57 to 1.14 for the
NLS model and from 0.70 to 1.50 for the ON/OFF model. These ranges are substantially
wider than the 0.05-0.25 ratios observed for the ON/OFF model in the residential case.
This confirms that the commercial variance structure is substantially easier to reproduce
across all models.

With both typologies characterized individually, the question becomes which struc-
tural properties explain the divergent model performance.
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Figure 7. Commercial load: distribution comparison of measured and synthetic profiles. Panel (a)
shows the probability density histogram and panel (b) the empirical cumulative distribution function,
in both cases for the measured series and for the AR(1), ON/OFF and NLS models.
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3.3. Cross-Typology Comparison

Table 6 summarizes the structural differences between the two load typologies that
drive this divergence.

The residential load is characterized by many short, high-amplitude events that pro-
duce extreme skewness and very heavy tails. The commercial load exhibits fewer but
longer events with a more regular amplitude distribution. As a result, the commercial
distribution is more symmetric and lighter-tailed.

Table 6. Structural differences between load typologies.

Property Residential Commercial
Skewness 6.56 3.47

Excess kurtosis 61.41 13.84

pgg/p50 12.4x 11.4x

Hourly pattern Double hump Daytime plateau
Events detected 55 14

Duration median 20 min 50 min

Max event amplitude 5.30kW 2.28kW

The temporal signature of these structural differences is captured by the hourly mean
profiles of Figure 8. The residential double-hump pattern (morning and evening peaks) and
the commercial daytime plateau are both reproduced by the ON/OFF model. However,
the variance bars are wider in the residential case due to the sporadic high-power events.

Table 7 consolidates the absolute percentage errors across both typologies. The table
highlights the interaction between model choice and load type.

Table 7. Absolute percentage errors [%] by model and typology. Best value per row in bold.

Residential Commercial
Statistic AR() ON/OFF NLS AR(1) ON/OFF NLS
Mean 12.9 10.0 25.8 0.2 3.3 10.6
Std 124 45.6 18.8 0.6 29 1.2
P50 14.6 29.7 37.6 6.4 17.6 40.2
P90 28.7 6.1 24.5 04 1.3 0.0
P95 0.8 18.6 0.3 0.1 15 1.2
P99 5.8 35.7 13.7 0.4 2.2 1.4
(a) Residential (b) Commercial
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Figure 8. Hourly mean profiles with £1 standard deviation bands: measured versus ON/OFF for
(a) residential and (b) commercial loads.
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Table 7 reveals a clear asymmetry: every model performs substantially better on the
commercial load than on the residential load across nearly all statistics. The maximum
absolute error for the commercial load is 40.2% (NLS, psp), a shared median-bias artifact.
The remaining commercial errors are below 18%. For the residential load, by contrast,
seven cells exceed 20%. Load typology is therefore a stronger determinant of fit quality
than model sophistication.

At the same time, no single model dominates across all statistics. Under the uniform
ensemble treatment, best-model status is distributed across all three formulations for the
residential load: the ON/OFF captures the mean and the transition zone (pgp), the AR(1) the
dispersion, the median and pgg, and the NLS the pgs. On the commercial load the AR(1) is
best in five of the six statistics. Two comparisons are decided by margins comparable to the
ensemble noise and should be read as ties rather than rankings: residential pgs (NLS 0.3%
versus AR(1) 0.8%, with per-realization coefficients of variation of 6.1% and 10.0%) and
commercial pgg (NLS 0.0% versus AR(1) 0.4%). The residential pgg comparison is likewise
decided by less than eight percentage points between AR(1) and NLS—both underestimate
the tail—but the two estimates differ markedly in stability, so the choice there is discussed
as a trade-off in Section 4.2 rather than as a ranking.

These percentile-level errors have a direct visual counterpart in the joint hour—-power
density. Figure 9 contrasts the measured distribution with the NLS-calibrated model for
both typologies. The residential NLS reproduces the concentrated low-power band but
underestimates the sporadic high-power excursions. By contrast, the commercial NLS
closely matches the daytime plateau structure of the measured data.
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Figure 9. Hour—power density heatmaps: measured (left) versus NLS-calibrated (right) for res-
idential (top row) and commercial (bottom row) loads. Each column is normalized so that the
hour-conditional distribution P(Py, | 1) sums to one; cell values represent the probability mass of
each power bin given the hour.

3.4. Comparison Against a Random Baseline

A natural question is what a physically motivated generator adds over a naive random
draw, given that the marginal distribution of Py, can be reproduced almost by construction.
To address this directly, the two random reference generators introduced in Section 2
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(Baseline A: i.i.d. resampling of the empirical marginal; Baseline B: clipped Gaussian white
noise with the measured mean and standard deviation) were run with the same interface,
seeds (42-91) and K = 50 Monte Carlo realizations as the three models, on both typologies.
Because neither baseline is time-synchronized with the measured series, point-wise metrics
are uninformative by construction, so the comparison instead targets statistics that are
sensitive to temporal structure rather than to the marginal alone.

Both baselines reproduce the marginal distribution essentially exactly: residential pgg
is matched to within 0.9% (Baseline A) and commercial pgg to within 0.4% (Baseline A),
comparable to or better than the three calibrated models (Tables 4 and 5). Yet the same
baselines inflate the hourly variance ratio up to 12.4x for the residential load and 4.9 x for
the commercial load, whereas the three calibrated models remain within [0.04,1.7] across
both typologies (Table 8). The effect is equally stark for the ramp distribution: for the
commercial load, the measured standard deviation of AP = P(t) — P(t — 1) is 0.41 kW;
the three models reproduce it within 0.43-0.58 kW, while the two baselines inflate it to
3.2-3.7kW, roughly 9x the measured value.

The daily-peak result is diagnostic in the opposite direction: because Baseline A
resamples the true empirical tail, it is competitive with, or better than, the three calibrated
models on this single statistic (Table 8), even though it has no notion of time of day
whatsoever. This is precisely the concern that motivates this comparison: a marginal-only
statistic does not discriminate between a structured generator and a memoryless random
draw. The discrimination instead comes from the temporal-structure metrics above, on
which both baselines fail by close to an order of magnitude while the three models stay
close to the measured reference. An autocorrelation-based comparison was also computed
but is intentionally not reported in Table 8: deseasonalizing a baseline with the real hour-
of-day/day-of-week profile—which the baseline does not itself model—reintroduces the
profile’s own autocorrelation into the residual, so the resulting statistic conflates genuine
dynamical memory with the leftover deterministic seasonal signal and is not comparable
between baselines and models on the same basis.

Table 8. Structural (temporal) metrics for the three calibrated models and the two random baselines,
by typology, against the measured reference. Hourly variance ratio range is the minimum-maximum
of the synthetic-to-real variance ratio over the 24 h of day; Ramp o is the standard deviation of
AP = P(t) — P(t — 1); Ramp KS and Excursion-duration KS are Kolmogorov-Smirnov statistics
against the measured series (excursion durations above the same pgg residual threshold used for
event detection in Section 2.4); the daily-peak pgg error is the difference between the 99th percentile
of per-day maxima. All model and baseline values are medians over K = 50 Monte Carlo realizations
(seeds 42-91). Baseline A: i.i.d. resampling; Baseline B: clipped Gaussian.

Generator Var. Ratio Ramp o [kW] RampKS Exc.KS  Peak pgg Err. [kW]
Residential

AR(1) 0.43-0.86 0.31 0.12 0.54 —2.65
ON/OFF 0.04-0.61 0.18 0.42 0.26 -5.13
NLS 0.18-1.69 0.51 0.34 0.17 —-2.29
Baseline A 0.16-12.38 0.82 0.24 0.34 +0.00
Baseline B 0.14-10.64 0.62 0.29 0.48 —5.61
Real (ref.) 1.00-1.00 0.64 0.00 0.00 0.00
Commercial

AR(1) 0.86-1.02 0.58 0.13 0.21 +0.57
ON/OFF 0.57-0.98 043 0.43 0.38 —-0.17
NLS 0.82-1.12 0.53 0.41 0.21 +0.45
Baseline A 0.34-4.94 3.75 0.37 0.25 +0.99
Baseline B 0.23-3.60 3.19 0.41 0.20 —4.47
Real (ref.) 1.00-1.00 0.41 0.00 0.00 0.00
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Figure 10 shows the hourly variance ratio and the ramp distribution for the measured
reference and the five generators, visually confirming the divergence quantified in Table 8.
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Figure 10. Hourly variance ratio (synthetic-to-real, left column) and ramp distribution AP = P(t) —
P(t — 1) (right column) for the measured reference and the five generators (AR(1), ON/OFF, NLS,
Baseline A, Baseline B): (a) residential and (b) commercial loads. The labels (a,b) identify the rows
of the figure, so each label appears above both panels of its row: (a) the two residential panels and
(b) the two commercial panels. Within each row, the left panel shows the hourly variance ratio and
the right panel the ramp distribution.

4. Discussion

The results above expose a consistent asymmetry: all three models reproduce the
commercial load far more accurately than the residential one. Understanding why this
asymmetry arises, what trade-offs each model entails, and how these translate into engi-
neering recommendations is the purpose of this section.

4.1. Role of Load Typology

The most salient finding of this study is that the statistical nature of the load, not
the complexity of the model, is the primary determinant of synthetic profile quality. The
commercial load, composed of many office and laboratory devices operating simultaneously
within a fixed institutional schedule, produces a demand signal with skewness 3.47 and
excess kurtosis 13.84. These values, while still indicating a non-Gaussian distribution, are
an order of magnitude lower than the residential skewness (6.56) and kurtosis (61.41). The
aggregation of many independent loads at the transformer level attenuates individual
switching transients and produces a distribution that approaches Gaussian. This behavior
is a direct consequence of the central limit theorem.

This near-Gaussian character explains why the AR(1) model, whose innovations are
exactly Gaussian, reproduces all commercial percentiles within 7%. In the residential case,
the same model overestimates pgy by 29% because Gaussian tails decay exponentially. The
observed residential distribution, by contrast, has a power-law-like heavy tail generated by
the sporadic activation of high-wattage appliances. This result has a practical implication.
For distribution networks serving predominantly commercial or institutional customers,
simple profile-based generators with Gaussian noise are sufficient for most planning
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studies, and the additional complexity of event-based models is not justified. Conversely,
for feeders with a significant residential component, the AR(1) approach will systematically
misrepresent the upper tail. This misrepresentation leads to under- or over-sizing of
protections depending on which percentile is overestimated or underestimated.

Given that load typology sets the difficulty floor, the relevant question for practitioners
is which model offers the best trade-off for a given application.

4.2. Model Trade-Offs

Each of the three models occupies a distinct position in the accuracy—complexity—
interpretability space. Table 9 summarizes these positions.

The AR(1) model is the fastest to calibrate because no optimization is required and
the parameters are computed directly from sample statistics. The AR(1) reproduces the
hourly mean and standard deviation by construction. Its limitation is structural. Gaussian
innovations cannot generate isolated peaks of 3-8 kW that last only 1-2 samples and are
separated by long periods of near-zero residual. Replacing Gaussian innovations with
heavy-tailed distributions (e.g., Student-t or gamma) would address this limitation without
abandoning the autoregressive framework [18,20]. The ensemble treatment reveals a second
property that a single realization hides. Because the hourly marginals are copied from the
data, the AR(1) ensemble median is the least biased of the three models on the residential
tail (pg9: —5.8%); but because a high autocorrelation reduces the effective sample size of one
trace, its residential statistics are also the most dispersed (Std CV = 12.2%, pgg CV = 15.3%,
against 7.7% and 13.3% for ON/OFF and NLS). A near-unbiased tail therefore coexists
with the lowest per-realization reliability, which matters whenever a single synthetic trace—
rather than an ensemble—is used as the input of a downstream study.

Table 9. Comparative summary of the three stochastic models.

Aspect AR(@1)

ON/OFF

NLS

168 (hourly y, o)

Rates Ay, amplitude
and duration

24 (6 rates + 6
mixing prob. + 6

Parameters plus p distributions, seven ~ amplitude + 6
constraints duration)
Calibration Negligible Low High (K=15
cost (sample statistics) (empirical detection) Monte Carlo >
18-25 eval.; ~10 min)
Interpretabilit Low High Medium
p Y (statistical profile) (per-event identity) (optimized events)

Std (—12.4%),

Best statistic pso (+14.6%),

Mean (+10.0%),

Paos (*0.30/0)

(residential) Doo (—5.8%) poo (+6.1%)
. Realization Variance . .
i\i/[rfli?ation dispersion (pg9 CV: compression (Std: XZ%%E;IT °
15.3%) —45.6%) ?

The ON/OFF model addresses the residential tail from a different direction. The
ON/OFF model provides physical interpretability because each synthetic event corre-
sponds to a plausible appliance activation with a classified amplitude and lognormal dura-
tion. This property makes the ON/OFF model suitable for sensitivity analyses (e.g., eval-
uating the impact of adding electric vehicle charging as a new event category) and for
bottom-up demand-response studies where individual load components must be iden-
tifiable. Its central trade-off is the variance penalty. The physical constraints (nocturnal
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suppression, amplitude caps, minimum duration) that eliminate unrealistic events also
remove the extreme events that generate most of the variance in the residential case (stan-
dard deviation error: —45.6%). This penalty virtually disappears for the commercial load
(—2.9%) because commercial variance arises from the regular day-night cycle rather than
from isolated extreme events. This asymmetry implies that physical constraints should be
calibrated per typology, not applied generically.

This variance penalty motivates formal optimization. The NLS model achieves the
best tail accuracy by explicitly including pgs and pg9 in the optimization objective. Its
24-parameter, 59-statistic formulation balances multiple dimensions of distributional fi-
delity in a way that heuristic tuning cannot match. This accuracy comes at three costs.
First, the NLS model requires substantially higher computational expense (K = 15 Monte
Carlo runs per function evaluation; 18-25 evaluations sufficed here, within a budget of 300).
Second, the non-convexity of the objective landscape makes the optimal solution dependent
on the initial point. Third, the NLS model exhibits a persistent median bias (4-38-40%)
shared with the uncalibrated ON/OFF model. This bias indicates that the rectangular-pulse
superposition structure inherently inflates the center of the distribution. Future work
could explore non-rectangular pulse shapes or amplitude distributions conditioned on the
base-load level to mitigate this bias.

Because no single model dominates, the practical question is which model to deploy
for which engineering task.

Table 10 quantifies the computational cost of the three models on the same machine
(AMD Ryzen 7 4800H, 16 GB RAM, Python 3.11, single-threaded). The AR(1) and ON/OFF
models are calibrated in under a second and 20 s respectively, whereas the NLS calibration
takes 9.5 min (commercial) and 11.5 min (residential) and accounts for more than 98% of its
total cost of 9.7 min and 11.7 min respectively. The optimizer converged by its xtol criterion
after 18 and 25 function evaluations, well below the 300-evaluation budget; the cost per
evaluation is not constant, because parameter vectors far from the optimum generate many
more events per simulation than the calibrated vector. Once the parameters are fixed,
generating realizations is inexpensive for all three models: the full 50-realization ensemble
takes 41 ms (AR(1)), 20 s (ON/OFF, including diagnostics) and 7.7 s (NLS).

Table 10. Computational cost by model (AMD Ryzen 7 4800H, 16 GB RAM, Python 3.11, single-threaded).

Model Stage Residential Commercial
AR(1) Calibration (lookup table) 0.74s 0.51s
50-realization ensemble 41 ms 30ms
ON/OFF Full pipeline (calib. + 50 real.) 20.1s 17.0s
NLS Calibration (18-25 eval.) ~11.5min 9.5 min
50-realization ensemble ~7.7s 7.7s
Total 11.7 min 9.7 min

Note: entries in bold report the total calibration-plus-generation time of the NLS model for each typology.

4.3. Practical Recommendations

Table 11 maps each model to the engineering applications for which it is best suited,
based on the results of this study.

Two caveats qualify the protection-sizing entry. First, all three models underestimate
the residential pgg (AR(1): —5.8%; NLS: —13.7%; ON/OFF: —35.7%), so a design margin is
warranted whenever the tail of a skewed load is taken from synthetic profiles rather than
from measurements. Second, the AR(1) ensemble median is the least biased at pg9, but it is
also the most dispersed across realizations (CV = 15.3% against 13.3% for the NLS), so the
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NLS is preferable when few realizations are propagated downstream, whereas an AR(1)
ensemble is competitive when the full ensemble is available.

Table 11. Recommended model by engineering application.

Application Model Rationale

Average consumption AR(1) Most accurate mean/std

Rapid screening/MC AR(1) Fast, no optimization

Protection sizing NLS Best pogs; tail explicitly calibrated
Reliability /conf. bands ~ NLS + MC Embedded Monte Carlo
Physical understanding ~ ON/OFF Classifies events
Demand-response ON/OFF Identifiable components

The recommendation matrix has direct implications for the design of solar energy
systems. For rooftop PV hosting capacity studies, probabilistic assessments rely on Monte
Carlo demand and generation scenarios to quantify the risk of voltage, current and trans-
former constraint violations across realistic feeders [29]; recent frameworks couple source-
and load-side uncertainty explicitly, showing that deterministic operating points underesti-
mate the range of limiting network conditions, which frequently involve the coincidence of
high PV output with low demand [30]. This shifts the requirement away from upper-tail
accuracy: a generator that inflates the low-consumption regime understates net injection
and therefore overstates the admissible PV capacity. The median bias of the event-based
models acts in that direction (+37.6% residential and +40.2% commercial for the NLS),
whereas the AR(1) reproduces the median to within 14.6% and 6.4% respectively. Because
the evaluation reported here spans the pso—pgg range, it constrains only the upper half
of the distribution; quantifying the low-demand regime that governs PV hosting limits
would require extending the metric set below the median, which we identify as future
work. For BESS sizing in solar microgrids, the combination of the AR(1) model (base
profile) with the NLS model (extreme events) enables Monte Carlo construction of net
generation-minus-demand scenarios. For microgrid operation studies involving nocturnal
disconnection, the ON/OFF model identifies the residential loads that can be targeted for
active demand management during low-irradiance hours.

For voltage-dependent studies such as conservation voltage reduction (CVR) or power-
flow analysis, the deterministic ZIP model remains the standard format required by network
simulators. However, the ZIP model cannot capture temporal variability. The ZIP model
produces an essentially constant output when the voltage range is narrow (3.5-4.3% in both
measurement sites). Therefore, the ZIP model should be complemented with one of the
stochastic generators presented here to produce the demand scenarios over which power
flows are executed.

The overarching implication is typology-specific model selection. Rather than seeking a
single universal generator, planners should segment their loads by typology and apply
the simplest model that meets the accuracy requirements of the target application. The
recommendation matrix of Table 11 provides the entry point for this segmentation.

These recommendations rest on two specific measurement campaigns; the following
limitations bound their generalizability.

4.4. Limitations

Both measurement campaigns cover short periods (9-13 days) within a single season
(October-November). These durations are insufficient to capture seasonal effects such as
air-conditioning loads in summer or heating in winter. The 10 min aggregation interval
attenuates short-duration events (microwave ~2 min, toaster ~3 min). This attenuation
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leads to a potential underestimation of peak amplitudes and event counts. A 1min reso-
lution would reveal a richer event structure at the cost of 10 x more data. Each typology
is represented by a single measurement point. The calibrated parameters therefore reflect
a specific household and a specific building rather than a population. Generalization to
other residential or commercial sites requires recalibration. A hierarchical model that learns
parameter distributions across a panel of sites would be a natural extension. Finally, the
narrow voltage range at both sites (3.5-4.3% of nominal) prevents reliable identification
of voltage-dependent (ZIP) load components. This limitation could be addressed through
controlled voltage variation experiments in the range of 105-130 V.

5. Conclusions

Load typology dominates over model sophistication as the determinant of synthetic
profile quality for the two sites examined. Of the 18 model-statistic cells in Table 7, only
one exceeds 20% absolute error for the commercial load (the NLS median bias of 40.2%, a
structural artifact), whereas seven cells exceed that threshold for the residential load. The
P99 error of the ON/OFF model alone varies from 2.2% (commercial) to 35.7% (residential),
and the NLS model shows the same contrast (1.4% versus 13.7%). This asymmetry indicates
that the statistical structure of the load imposes a performance ceiling that no increase in
model complexity can overcome without changing the modelling paradigm.

The first-order autoregressive model is sufficient for near-Gaussian commercial loads
but becomes unreliable on heavy-tailed residential demand. The commercial distribution
(skewness 3.47, kurtosis 13.84) satisfies the Gaussian innovation assumption, and the
AR(1) reproduces all percentiles within 7%. The residential distribution (skewness 6.56,
kurtosis 61.41) violates this assumption. The AR(1) overestimates pgy by 28.7% because
Gaussian tails decay exponentially, whereas the observed residential tail follows a power-
law-like decay generated by sporadic high-wattage appliance activations. Its ensemble
median reproduces pgg to within 5.8%, the smallest bias of the three models, but the spread
across realizations is also the largest (CV = 15.3%): the AR(1) is nearly unbiased on average
yet unreliable in any single trace. Model choice on skewed loads is therefore a bias—stability
trade-off rather than a ranking, and it favours the AR(1) only when an ensemble, not a
single realization, is propagated downstream.

The physical constraints of the ON/OFF model must be calibrated per typology rather
than applied generically. The standard deviation error is —45.6% for the residential load
versus only —2.9% for the commercial load. This asymmetry arises because the constraints
(nocturnal suppression, amplitude caps, minimum duration) remove the extreme events
that generate most of the residential variance, whereas the commercial variance arises
from the regular day—night cycle and is not affected by these constraints. The ON/OFF
model remains the only formulation that provides per-component interpretability, making
it suitable for demand-response and sensitivity analyses.

The NLS calibration achieves the most accurate pgs reproduction at the cost of a
structural median bias inherent to rectangular-pulse superposition. The pgs errors are
—0.3% (residential) and +1.2% (commercial), and the commercial pgg error is +1.4%.
However, the median bias reaches +37.6% (residential) and +40.2% (commercial) because
the superposition of rectangular events on the base profile systematically inflates the center
of the distribution. Mitigating this bias requires reformulating the pulse geometry or
conditioning amplitudes on the base-load level, not additional optimizer iterations.

A typology-specific model selection matrix is more useful for distribution network
planning than a single universal generator. The recommendation matrix of Table 11 maps
each model to the engineering applications for which it is best suited: the AR(1) for average
consumption estimation and rapid screening, the ON/OFF for physical understanding and
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demand-response studies, and the NLS for protection sizing and reliability analyses. Cou-
pling these stochastic generators with the deterministic ZIP format produces a “stochastic
— ZIP — power flow” design pattern that enables end-to-end probabilistic planning for
low-voltage networks.

Several limitations bound the generalizability of these conclusions and define the scope
of future work. The models are calibrated on passive loads with a maximum detected ampli-
tude of 5.30 kW, whereas a Level 2 electric vehicle (EV) charger introduces sustained events
of 7-11 kW. Extending the ON/OFF framework to active loads requires re-estimating ar-
rival rates and duration distributions from measurement campaigns that include these new
components. Open-access tools that jointly generate residential demand, PV output, EV
consumption, and vehicle-availability profiles from field datasets [36] provide a concrete
template for this extension: the event-based structure of the ON/OFF and NLS models pre-
sented here is naturally compatible with such joint generators, since EV charging sessions
can be incorporated as an additional event category with its own amplitude and duration
distributions. Future work should extend the measurement base to multiple seasons and a
panel of households to capture inter-site variability, adopt sub-minute resolution to reveal
short-duration events, and explore heavy-tailed innovations (e.g., Student-t or gamma
marginals) for the AR(1) framework to improve residential tail reproduction. A natural
extension is to couple the synthetic load profiles with stochastic PV generation models and
BESS efficiency curves to enable integrated analysis of solar microgrids.

Beyond the comparative results, the dynamic characterization of demand obtained
with these three models may constitute a useful input for studies concerned with the
integration of photovoltaic generation at the distribution level. The contrasts observed
between the residential and commercial typologies in this study, expressed through their
distributional and event-level features, could carry different implications for the sizing of
PV systems and BESS units, although the present work does not attempt to quantify such
implications. These observations are offered as an open avenue for further investigation
rather than as findings of the comparative analysis reported above.
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Abbreviations

The following abbreviations are used in this manuscript:

AR(1) First-order autoregressive process
BESS  Battery energy storage system
CDF Cumulative distribution function
CVR Conservation voltage reduction
EV Electric vehicle

KS Kolmogorov-Smirnov

MC Monte Carlo

NLS Nonlinear least squares

PV Photovoltaic

RMSE Root mean square error

VAl Constant impedance—current-power load model
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