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ABSTRACT 
 In energy systems, load curves are where natural 

electricity demand meets power-system supply. Under 
rural energy-transition policies in China, village 
collectives, local governments, and cooperatives are 
showing stronger willingness to participate in energy-
transition planning, while local electricity-use patterns 
are being reshaped by distributed photovoltaics, electric-
vehicle adoption, and changing seasonal demand. 
However, user-side information usable for constructing 
load profiles is often fragmented across actors and 
difficult to translate directly into power-system planning 
variables. This paper proposes an AI-assisted workflow 
for non-utility actors to generate reviewable residential 
living-load representations from fragmented rural 
evidence. Questionnaires, scenario-recall responses, 
appliance records, and electricity bills are first assigned 
source-based credibility weights and then structured by 
large language models into three auditable input 
libraries. Appliance-attribute-based trigger rules are 
used in a bottom-up Monte Carlo simulation to generate 
K=300 residential living-load candidates. Weak validation 

using limited local references— transformer capacity, 
seasonal electricity-use benchmarks, and intraday-shape 

plausibility checks— selects a representative baseline 
profile with bounded plausibility. Applied to a 
representative rural transformer area in central China, 
the workflow produces an interpretable residential 
living-load representation with clear seasonal patterns 

and morning – evening peaks. Illustrative S0/S1/S2 
scenario traces further show that stated response 
willingness under time-of-use information and direct-
incentive assumptions can shift selected schedulable 
loads toward midday and slightly improve local PV 
supply-to-load alignment. However, residential-side  
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flexibility remains limited and cannot by itself 
substantially reshape transformer-area source-load 
matching. 
Keywords: Rural microgrid planning, Behavior-informed 
load profile generation, Fragmented user-side data, 
Planning-grade load representation, Demand-side 
scenario analysis  

NOMENCLATURE 

Abbreviations  

 TOU 
 S0/S1/S2 

Time-of-Use 
Baseline / time-of-use information / 
direct-incentive scenarios 

Symbols  

 K 
 k* 
 𝐿𝑡

𝑟𝑒𝑠 
 𝐿𝑡

𝑝𝑣 
 𝜂𝑠𝑐 
 𝜂𝑐𝑜𝑣 

Number of Monte Carlo candidates  
Representative baseline profile 
Residential living load at time t  
PV power output at time t  
PV self-consumption rate  
Local PV coverage ratio  

1. INTRODUCTION 
In energy systems, load curves are where natural 

electricity demand meets power-system supply. In China, 
policies promoting distributed photovoltaics [1], rural 
deployment of electric vehicles [2], and rural 
revitalization are jointly reshaping rural electricity-load 
characteristics. Village collectives, local governments, 
rural cooperatives, and project developers are showing 
stronger willingness to participate in energy transition. 
However, load information that is usable for planning is 
often stored in utility data systems that are difficult to 
access in a timely manner or limited in metering 
granularity. Meanwhile, with the development of 
distributed generation and user-side resources, utility 
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data statistics also face challenges associated with 
increasing data sources, expanding data volume, and 
rising costs of storage and organization, and may not 
fully capture the uncertainties of local transition 
development in time. Therefore, whether fragmented 
user-side information from households, village 
collectives, and local economic departments can be used 
to construct explainable, reviewable, and weakly 
checkable load curves has become a key issue for multi-
actor participation in rural energy transition. The core 
research challenge is how to translate fragmented 
natural language and local experience into the language 
of power-system planning. 

These challenges are not unique to China. Research 
on energy democracy emphasizes local participation in 
energy transition [3], while open energy-data studies 
reveal persistent friction in data acquisition, 
harmonization, and reuse [4]. Many load-
characterization and forecasting methods still rely on 
detailed appliance, occupancy, or continuous time-series 
information [5,6]. In decentralized and local energy-
system modelling, stakeholder preferences and 
behavioral heterogeneity are often simplified or treated 
exogenously [7,8]. Flexibility characterization often 
depends on high-fidelity building-level information [9], 
while rural residents' response willingness has mainly 
been quantified through field simulation experiments 
under specific policy settings [10]. These requirements 
limit the direct transfer of existing methods to rural 
contexts characterized by fragmented information and 
limited local analytical capacity. What is needed is a 
method that treats load curves as an interpretable 
interface between natural electricity demand and 
power-system supply: one that can be constructed from 
fragmented evidence and checked against limited 
references. 

Three interrelated planning questions follow from 
this setting. First, load morphology: how can fragmented 
user-side information be translated into extensible and 
weakly checkable residential living-load representations 
to support transformer-area capacity and microgrid-
sizing discussion under present-use uncertainty? Second, 
load-shape change: how can residents' willingness to 
change consumption and respond to incentives be 
parameterized so that prospective load traces can be 
discussed under demand-side policy or incentive 
assumptions? Third, load structure: when local actors 
discuss regional electricity-service pricing, cost 
allocation, and investment screening, how should 
regional electricity-supply revenue be set and evaluated? 
Using a representative rural transformer area in central 

China as the case, this paper proposes an AI-assisted, 
behavior-informed workflow for non-utility actors. The 
workflow structures heterogeneous user-side evidence 
into auditable input libraries, generates K=300 
residential living-load candidates through differentiated 
trigger rules and Monte Carlo simulation, and supports 
early-stage planning discussion through weak validation 
and illustrative S0/S1/S2 scenario traces. The first two 
questions are addressed directly, while the third is 
discussed in the Discussion section as a preliminary 
extension concerning load structure, regional electricity-
supply revenue, and investment boundaries. 

2. MATERIAL AND METHODS  

2.1 Case context and fragmented user-side evidence 

Case setting. The quantitative case is a 
representative rural transformer area in central China. A 
transformer area is the low-voltage load pocket supplied 
by a single distribution transformer and is a standard 
spatial unit for distribution-network planning and 
operation in China. The sample area includes 62 long-
term in-village households, 179 kW of distributed 
photovoltaic capacity, and a 200 kVA distribution 
transformer. Local residents are also involved in small-
scale mushroom cultivation, drying, packaging, and 
related service activities. The case therefore represents 
a typical rural setting in which residential living demand, 
distributed generation, mobility charging, and small 
productive activities coexist within the same transformer 
area. 

Data basis. The key data condition of the case is 
fragmented user-side information dispersed across 
multiple actors. Accessible materials include a household 
survey covering 48 nearby or comparable rural 
households, scenario-recall questions, appliance 
information, selected electricity bills, field observations, 
village records, and local economic-department records. 
These materials are distributed across households, 
village organizations, local departments, utilities, and 
service providers. They do not form continuous 
household- or appliance-level metering data, but they 
provide locally reviewable evidence on appliance 
ownership, activity timing, user routines, and potential 
behavioral responses. 

2.2 AI-assisted semantic structuring, auditable input 
libraries, and differentiated parameterization 

Fragmented materials are first assigned source-
based credibility weights before AI-assisted semantic 
structuring. Large language models identify activity 
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descriptions, appliance-use hints, candidate time 
windows, and normalized textual fragments from survey, 
recall, and record materials, and organize them into 
model-readable fields. AI outputs are not used as final 
parameter values; instead, they provide candidate 
variable intervals that are screened and revised by field 
researchers familiar with the local context. 

After this review, the structured information is 
organized into three auditable input libraries: U 
(user_base_info) records household scale, resident 
structure, and transformer-area boundary information; 
A(appliance_params) records appliance ownership, 
rated power, and operating-state power; and B 
(behavior_trigger_sequences) records monthly–hourly 
trigger probabilities, seasonal timing rules, duration 
factors, participation bounds, and scenario-adjustable 
assumptions. 

All appliances share a common event-trigger 
framework. For each month–hour cell, triggered counts 
are sampled from B, and hourly load is aggregated from 
triggered participation, duration, and operating-state 
power. Appliances are differentiated by three parameter 
layers—trigger-probability pattern, duration factor, and 
operating-state power—rather than by distinct 
simulation mechanisms. Four categories are used: 
thermal-comfort loads use seasonal and hourly trigger 
masks; refrigeration baseloads use near-uniform trigger 
probabilities and stable duration factors; routine 
household loads concentrate around meal-time and 
evening activity windows; and schedulable random loads 
use frequency, time-window, and duration rules and are 
adjustable in S1/S2. 

2.3 Monte Carlo residential living-load candidate 
generation 

Based on the three input libraries and the 
differentiated parameterization described above, 
residential living-load candidates are generated through 
bottom-up Monte Carlo event simulation. Each run 
samples effective household and appliance counts, 
draws appliance-level behavior events according to 
category-specific trigger probabilities, and aggregates 
them into an hourly residential living-load profile. For 
appliance type a and event e, the residential living load 
of candidate k at hour t is 

Lt
res,(k)

= ∑a∈𝒜 ∑
e∈ℰa

(k) na,e
(k)
P
~

a,e
(k)
Ia,e,t
(k)

,        (1) 

where na,e
(k)

 is the triggered appliance count, Pa,e
(k)

 

the operating power (the power of the selected 

operating state of the appliance), and Ia,e,t
(k)

 the event 

coverage indicator  (equal to 1 when hour t falls within 

the event start time and duration, and 0 otherwise). The 
process is repeated K=300 times with a fixed random 
seed. The P25, P50, and P75 profiles describe the 
candidate ensemble and are descriptive quantile ranges, 
not statistical confidence intervals. The representative 
baseline k* is selected as the candidate whose 
standardized summary feature vector—annual energy, 
annual peak, and seasonal daily energy—is closest to the 
cross-sectional median; in this run k*=76. 

2.4 Weak validation and representative baseline 
screening 

Because continuous household- and appliance-level 
metering data are unavailable, this paper does not claim 
point-by-point validation. Instead, three weak-validation 
or bounded plausibility checks are applied using 
information accessible to local actors. First, the 
transformer-capacity check requires each candidate 
peak to remain below the 200 kVA capacity boundary. 
Second, the seasonal energy check compares generated 
seasonal electricity use with survey- and bill-derived 
residential benchmarks, using core 40-day windows to 
reduce transition-month ambiguity. Third, the intraday-
shape check compares the representative profile with 
the survey-derived 0–23 h in-village presence pattern. 
These checks bound the plausibility of the generated 
profiles in magnitude and shape, but do not substitute 
for metering-based validation. 

2.5 Illustrative S0/S1/S2 scenario trace construction 

After baseline candidates are generated and 
screened, the representative baseline profile serves as 
the S0 scenario trace, characterizing residential load 
features under current habits. S1 and S2 are constructed 
within the same input libraries and trigger framework by 
translating scenario-recall responses into time-window 
migration shares for schedulable loads and activation-
intensity adjustments for thermal-comfort loads. S0 
represents the baseline; S1 represents a time-of-use 
information scenario that shifts selected schedulable 
activities toward midday; and S2 represents a direct-
incentive scenario with stronger midday shifting and 
selected evening reduction. Each scenario yields one 
8760-hour representative trace for early-stage planning 
discussion rather than formal policy simulation. 

3. RESULTS 

3.1 Baseline residential living-load candidate profiles 
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This study uses Monte Carlo simulation to generate 
a family of K=300 residential living-load candidate 
profiles, capturing behavioral uncertainty rather than 
producing a single deterministic profile. As shown in 
Figure 1, the candidate ensemble exhibits an annual 
energy P25-P75 range of 182.0-201.1 MWh and an 
annual peak P25-P75 range of 83.0-97.0 kW. Candidate 
76, closest to the median summary feature vector, serves 
as the representative baseline profile with approximately 

189.8 MWh/year and a peak of ≈91.1 kW. 
The representative profile displays distinct seasonal 

morphology: elevated levels during summer driven by 
cooling demand, lower levels in spring and autumn, and 
marked rebound during winter due to heating loads. 
Thermal-comfort appliances, cooking equipment, and 
routine household devices collectively shape the 
intraday patterns, producing characteristic morning and 
evening peaks alongside midday cooking spikes. 

3.2 Weak validation and representative baseline profile 

Three weak-validation checks are conducted to 
examine whether the generated candidate profiles 

remain plausible in capacity, seasonal energy scale, and 
intraday morphology. 

(1) Transformer capacity boundary check. Under the 
200 kVA transformer constraint, the P50/P90/maximum 
candidate peaks occupy approximately 45%/51%/64% of 
capacity, leaving adequate operational margin (active-
power peaks in kW compared with kVA nameplate 

capacity, power factor ≈ 1). 
(2) Seasonal energy consistency check. Using core 

40-day windows to compare against survey-derived 
quarterly household electricity benchmarks, the 
generated profiles deviate by +9.9% in spring, −0.8% in 
summer, +21.1% in autumn, and +19.5% in winter. 
Summer is closest to the benchmark, while the same-
direction positive deviations in spring, autumn, and 
winter suggest possible systematic overestimation in 
trigger probabilities or device power levels, rather than 
symmetric random error alone. 
 (3) Intraday pattern plausibility check. The 

representative profile’s annual mean hourly pattern is 
compared against hourly in-village presence shares 
aggregated from the household survey (Figure 2, panels 

a–c). The results are broadly consistent with evening 

 
Figure 1: Residential living-load profile generation results: (a) seasonal structure and ensemble spread; 

 (b) device-group composition of the representative profile. 

 
Figure 2: Plausibility checks for residential living-load profiles. 
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peaks, meal periods, nighttime heating, and EV/e-bike 
charging windows; midday profiles exhibit expected 
divergence due to concentrated lunch preparation, 
consistent with rural household cooking behaviors. 

3.3 Illustrative S0/S1/S2 scenario trace comparison 

Under S1, selected schedulable loads shift toward 
the 10–14 h midday window, producing a modest 
midday uplift while leaving the evening peak largely 
unchanged. Under S2, the midday shift is stronger and is 
accompanied by a small reduction in selected early-
evening comfort-related load. These changes are visible 
but remain concentrated in washing, e-bike charging, 
and slow EV-charging activities rather than replacing the 
overall morphology of residential living demand. 

4. DISCUSSION 

4.1 Planning-grade load representation for non-utility 
actors 

In most regions, utilities hold detailed load records 
oriented toward operation and reliability, while village 
committees, local economic departments, and rural 
cooperatives hold richer local information but often lack 
timely access to electricity-load data. This asymmetry 
creates a recurring barrier for multi-actor rural energy 
planning. 

The method shows that fragmented materials 
accessible to non-utility actors can nevertheless be 
structured into planning-grade load inputs. 
Questionnaires, interviews, recall materials, electricity 
bills, village records, and local administrative information 
are translated into auditable input libraries, a K=300 
residential living-load candidate ensemble, and a 
representative baseline profile screened through 
bounded plausibility checks—supporting preliminary 
capacity and microgrid discussion before utility-grade 
metering is fully available. 

The case speaks to three linked planning needs. 
Candidate morphology and weak validation bound 
present-use uncertainty for transformer-area sizing. 

Illustrative S0/S1/S2 traces translate stated response 
willingness into prospective hourly load shapes, 
supporting ex-ante discussion of demand-side policies 
and, by extension, growth scenarios such as appliance 
upgrading or rural EV adoption. Finally, a residual 
comparison against aligned transformer-area net-load 
and PV-proxy series indicates that non-living electricity—
including public services, agricultural production, and 
small processing—accounts for about 19-22% of total 
load in the sample case, a load-structure signal relevant 
to regional pricing and investment screening. 

4.2 Limited residential demand-side flexibility in rural 
areas 

The S0/S1/S2 scenarios show that willingness elicited 
through scenario-recall questions can be parameterized 
as trigger-matrix adjustments and expressed as 
computable future load traces, shifting schedulable 
activities such as washing, e-bike charging, and slow EV 
charging toward midday. However, these changes are 
concentrated in a small set of schedulable loads and do 
not replace the overall morphology of residential living 
demand. 

When scenario traces are compared with sample 
transformer-area PV output (no storage, no dispatch 
optimization), annual PV self-consumption rises only 
from 63.54% (S0) to 66.55–66.74% (S1/S2), and the local 
PV supply-to-load ratio from 50.40% to 51.75–53.28%—
less than about three percentage points. Residential-side 
trigger adjustment can directionally improve selected 
midday source–load alignment, but cannot by itself 
substantially reshape transformer-area source–load 
matching under the stated residential response 
willingness. 

4.3 AI-assisted cross-actor translation and planning 
workflow support 

AI serves here as a translator between natural-
language rural evidence and power-system planning 
variables. Rural information is not absent but dispersed 

 
Figure 3: Source-load matching under demand-side scenarios. 
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across households, village organizations, local 
departments, and utilities, often in inconsistent forms. 
AI-assisted semantic structuring improves the efficiency 
of organizing such materials into candidate time 
windows, trigger parameters, appliance settings, and 
auditable input libraries, lowering the data-processing 
threshold for non-utility actors in early-stage planning. 

Agent-based workflows can embed intermediate 
checking steps. In this study, structured outputs and 
generated load curves were reviewed through multiple 
rounds of checking, with multi-agent cross-checking used 
to strengthen workflow reliability. This execution 
support does not replace researcher or local judgment. 
Black-box elements remain in mapping natural-language 
evidence to candidate variables, setting parameter 
bounds, and selecting behavioral assumptions. AI should 
not be treated as independent evidence or an 
autonomous planning engine; final parameter choices, 
plausibility judgments, and result interpretation remain 
the researchers' responsibility. The appropriate reading 
is that AI improves information translation, workflow 
execution, and reviewable modeling under weak-data 
rural conditions—not that it can automatically complete 
load forecasting or microgrid planning. 

5. CONCLUSIONS 
This paper proposed an AI-assisted, behavior-

informed workflow for generating reviewable residential 
living-load representations from fragmented rural user-
side evidence. In a central-China transformer-area case, 
locally accessible materials were translated into 
auditable input libraries, K=300 residential living-load 
candidates, and a weakly screened representative 
baseline profile, providing planning-grade inputs before 
complete utility-grade data integration. 

The case supports early-stage discussion of present-
use uncertainty (candidate morphology and bounded 
plausibility screening), future-use uncertainty (S0/S1/S2 
traces from stated response willingness), and 
preliminary load-structure awareness (non-living load 
share). It also shows that residential-side flexibility 
remains limited in magnitude and cannot by itself 
substantially reshape transformer-area source–load 
matching. AI functions as a cross-actor translation and 
workflow-support layer—with agent-assisted checking 
and researcher oversight of remaining black-box steps—
not as an autonomous forecasting or planning engine. 
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