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ARTICLE INFO ABSTRACT

Handling Editor: Ruzhu Wang In pursuit of rapid building stock decarbonisation, the electrification of heating through heat pumps, com-
plemented by grid-connected photovoltaic (PV) systems and battery storage, has emerged as a viable solution.

Keywords: This study presents a concise, scalable energy system modelling framework that integrates a regression-based

Multi-objective optimisation
Heating electrification
Rural buildings
Photovoltaic systems

module for dynamic load estimation with an optimisation module to determine optimal system sizing and
operation. By incorporating temperature-dependent heating and cooling demand alongside prosumer-based
strategies, the framework provides insights into supply-demand balancing, cost considerations, and emissions
reduction potential. For rural buildings in representative locations across China’s diverse climate zones (Harbin,

g:?;riﬂzzﬁon Beijing, Chengdu and Xiamen), the strategic integration of PV systems, heat pumps, and batteries has been shown
Embodied carbon to yield substantial carbon emissions reductions. Under scenarios achieving an optimal levelised cost of elec-
tricity (LCOE) below 0.04 $/kWh, all 4 regions can realise at least a 50 % reduction in emissions; with a moderate
to medium increase in cost (24-60 %), reductions of up to 90 % become feasible. However, if the PV and battery
systems’ components are oversized, the carbon emissions produced during their manufacturing significantly
reduce the benefits of displacing high-carbon grid electricity. Accounting for this embodied carbon burden, the
maximum net reductions attainable are 79-85 % for Xiamen, 57-73 % for Chengdu, 75-84 % for Beijing and
72-82 % for Harbin. Overall, this research underscores the transformative potential of coupling electrification
with prosumer-based approaches to meet ambitious decarbonisation targets and could be further developed with
the assessment of climate-change impacts, dynamic electricity pricing, and community-scale solutions.
Nomenclature (continued)
By Upper blending limits °C
Symbol Description Unit B; Shape coefficient of building -
A Net area of conditioned area m? Cc Specific heat capacity of water kJ/kg°C
Apase Area of building base m? Cr Heat loss coefficient of the hot water system -
Ag Surface area of each external window m? C. Present discounted value of the total electricity bill ~ $
A, Surface area of roof m? from grid
Ayi Surface area of each external wall m? Costy, Investment cost of a single PV module $/kW
APV Area of PV array m? CoStyar_energy Investment cost of a unit battery capacity $/kWh
AM Relative air mass - Costpar_power Investment cost of the power components of the $/kW
AM, Reference air quality - battery system
B Blending factor - d Eaves stick out m
By Present values of battery replacement cost $/kWh ds Discount factor -
B, Lower blending limits °C D, Time-varying load demand kw
Bmax Maximum blending factor - es Saturation vapour pressure hPa
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(continued)
EF Emission factor of grid kg COo/
kWh
F Sky diffusion factor -
G Total solar radiation W/m?
Gy Reference solar radiation W/m?
h, Ross coefficient -
H Specific humidity g/kg
H Counterfactual of specific humidity g/kg
I Initial investment cost $
I Direct beam radiation W/m2
I Diffuse radiation from the sky W/m?
I, Reflected radiation from the ground W/m?
L System loss of PV system %
n Air change rate h!
v Efficiency of the PV panels -
Nen Charging efficiency -
Tgis Discharging efficiency -
PPV Power generation of solar PV panels kW
P, Atmospheric pressure hPa
Py Perimeter of the horizontal projection of the m
building
Py Purchase of power from the grid kw
i’fu Charging operation of the battery kw
ppt Discharging operation of the battery kw
qn Number of people using hot water -
q, Hot water usage quote L/person
Qi Daily heat demand for DHW kWh
S Global horizontal radiation W/m?
s Counterfactuals of global horizontal radiation W/m?
t Hot water design temperature °C
t Cold water temperature °C
T Ambient temperature °C
T Counterfactuals of ambient temperature °C
U Thermal transmittance of building envelope W/(m?K)
\4 Net volume of conditioned area m®
w Wind speed m/s
w Counterfactuals of wind speed m/s
W, Cell temperature °C
Wo Reference temperature °C
Xbat_energy Size of the battery capacity kWh
Xbat_power Power rating of battery kw
Xpy Number of PV panel -
a Perturbation factor %
84 Daily perturbations %
bn Hourly perturbations %
c Smoothing factor -
AT Temperature difference between the heat sink and  °C
the heat source
P Reflectance of the ground -
Ph Heat transfer coefficient -
Pr Hot water density kg/L
0 Angle of incidence °
o, Roof pitch angle °
0, Zenith angles of the sun °
p Surface tilt angle °
b Solar azimuth angle °
b Surface azimuth angle °
[N The fraction of the battery energy capacity for -
initial SOC
Abbreviations  Description Unit
ASHP Air source heat pump -
BAIT Building adjusted internal temperature °C
CDD Cooling degree days -
copP Coefficient of performance for heat pump -
DHI Direct horizontal irradiance W/m?
DNI Direct normal irradiance W/m?
GHI Global horizontal irradiance W/m2
HDD Heating degree days -
LCOE Levelized cost of energy $
MILP Mixed integer linear programming -
NPC Net present value of cost $
RH Relative humidity %
ol Stage of charge -
WSHP Water source heat pump -
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1. Introduction

Renewable energy applications are expanding worldwide as the
global focus on energy sustainability and climate change mitigation
grows [1]. The building sector has become a key area of focus for
renewable energy applications in recent years, as it accounts for nearly
40 % of global energy demand and greenhouse gas emissions [2]. In
China, the clean energy transition in rural areas is facing unprecedented
opportunities and challenges in order to achieve the “double carbon”
goal and promote the rural revitalisation strategy [3]. In 2022, the total
energy consumption of China’s rural residential buildings amounted to
250 million tonnes of coal equivalent, accounting for 4.6 % of the na-
tion’s total energy consumption [4]. This energy usage gave rise to 480
million tonnes of CO; emissions, representing 4.5 % of China’s
energy-related carbon emissions [4]. Space heating constituted the
principal energy demand, comprising approximately 44 % of primary
energy consumption in rural areas [5], and was the primary source of
associated carbon emissions [6]. Therefore, the electrification of heating
and the adoption of clean energy sources in rural residential buildings
play a critical role in supporting the transition of China’s rural energy
structure. Photovoltaic (PV) has become an important option for
distributed energy systems [7] among many renewable energy tech-
nologies due to its flexibility in installation, long service life, and ease of
maintenance, as well as the falling prices in recent years [8]. Nonethe-
less, due to China’s vast territory and various climates, there are
considerable disparities in solar energy resource availability, rural
buildings’ characteristics, and prosumer energy consumption behav-
iours [9], which makes the identification of optimal configurations of PV
systems challenging and intrinsically connected to the aspects previ-
ously mentioned.

A series of academic studies have been conducted in recent years on
the optimal configuration of distributed PV systems [10-12], focused on
economics, environmental benefits, and management strategies.
Multi-objective optimisation techniques [13,14], including genetic al-
gorithms [15], particle swarm optimisation [16], and mixed-integer
linear programming (MILP) [17], have been widely applied to address
trade-offs among economic, environmental, and technical goals in PV
system design, i.e. adopting a techno-economic modelling perspective
[18], informed by the use of multiple performance indicators. At the
same time, accurate multi-scale load forecasting is crucial to optimising
the results, as buildings’ characteristics, meteorological conditions,
spatially heterogeneous prosumer behaviour can significantly affect the
overall energy consumption of a building [19].

Despite significant progress in research on the optimal configuration
of distributed PV systems, several notable shortcomings remain in
practical applications. First, existing studies often treat supply-side and
demand-side modelling separately or rely on proprietary software [20],
lacking open-source software and models that enable a simple, trans-
parent and understandable design optimisation process [21], incorpo-
rating both the PV supply side and detailed building energy demand
simulations. Second, although archetype-based approaches [22] can be
employed and validated tools such as ‘Demand Ninja’ [23] are available
for hourly heating and cooling demand modelling at a global scale, their
application to the analysis of electrification of end-uses (e.g., heating,
cooling, and domestic hot water demands) in rural grid-connected
buildings in multiple climatic regions in China requires further devel-
opment and customisation of models. Furthermore, most current liter-
ature focuses on rural buildings in a single climate zone, resulting in an
incomplete understanding of multi-scale decarbonisation trade-offs
(from national carbon emission reduction targets to household-level
self-consumption strategies). Finally, while multi-objective mix-
ed-integer linear programming (MILP) methods are well established in
microgrid design, their systematic application to balance economic,
carbon emission, and reliability objectives across multiple scales re-
mains underexplored.

This paper aims to create a clear and simple but flexible and scalable
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modelling framework to address these shortcomings, and the innovative
contributions are as follows:

1. Integration of dynamic demand and supply modelling

A modular framework combining a scalable regression-based de-
mand estimation approach with energy supply optimisation, consid-
ering multiple services (electricity, heating, cooling, and domestic hot
water), and enabling transparent PV system design across China’s multi-
climate zones.

2. Climate-aware prosumer behaviour modelling

A unified demand modelling method that links archetype-based
building modelling to climate-dependent energy-use patterns,
enhancing rural load profiling under diverse climatic conditions.

3. Multi-objective optimisation framework to support decarbonisation
strategy testing

A multi-objective MILP framework to systematically identify the
optimal configuration of PV panels, storage solutions, and operational
strategies across multiple climate zones.

The article is structured as follows: Section 2 reviews the literature to
identify knowledge gaps. Section 3 details the principles and method-
ology of the energy demand and energy supply modelling and the multi-
objective MILP formulation. Section 4 presents the assumptions for the
case study areas selected. Section 5 discusses the results obtained by
applying the modelling framework to multiple Chinese climate zones,
focusing on economic, environmental and reliability trade-offs. Finally,
Section 6 summarises the main findings of this paper, discusses limita-
tions, and suggests future research directions.

2. Literature review

This section discusses the basic principles required to achieve the
modelling of the energy systems of this study, in relation to topics that
have emerged in the recent scientific literature. Section 2.1 discusses the
various modelling approaches used to simulate building energy demand,
from white-box, physics-based methods to black-box, data-driven tech-
niques, and highlights the importance of establishing modular and
interpretable frameworks that clearly present the underlying assump-
tions, parameter sources, and calibration processes. Section 2.2 de-
scribes the methods involved in the design and optimisation of rural
renewable energy systems, with a special focus on MILP technique of
multi-objective optimisation, and the challenges emerging from existing
literature. Finally, Section 2.3 summarises the main difficulties identi-
fied in the literature, particularly the gaps in creating systematic, un-
derstandable and interpretable modelling workflows.

2.1. Interpretability and understandability in energy modelling

In the existing literature, there has been a growing interest in both
academia and industry regarding the interpretability and understand-
ability of energy system modelling [24]. Building energy models can
typically be subdivided into three categories: "white box" (based on
detailed physics), "grey box" (hybrid physical-statistical), and "black
box" (based on statistical or machine learning) [25], which involve
machine learning (ML) applications [26] and physics-informed ML
contexts [27]. Accurately estimating hourly or sub-hourly hea-
ting/cooling loads in buildings typically requires white-box models
based on detailed physical principles [28], demanding significant
modelling effort and time. In contrast, black-box techniques [29] like,
for example, Deep Neural Networks (DNNs) [30], Gaussian Processes
[31], and others, offer in many cases high predictive performance
(depending however on the availability and quality of training data), but
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their underlying mechanisms may not be as easily understood by
humans as other modelling techniques [32], i.e., they are not inter-
pretable [24]. Enhancing the interpretability and simplicity of black-box
models is an open challenge, with recently developed techniques like
Kolmogorov-Arnold Networks (KAN) [33] demonstrating promising
outcomes.

Among simpler and interpretable techniques, regression-based
methods have gained prominence due to their approximate physics-
aligned interpretability [34]. A notable implementation is the
open-source tool ‘Demand Ninja’ [23], which employs piecewise linear
regression models to simulate global hourly heating/cooling load pro-
files, and which has been widely used for measurement and verification
(M&V) [35]. The tool employs the MERRA2 [36] climate database as
input. Additionally, it is feasible to employ it for the simulation of future
climate conditions by utilizing morphed meteorological data files [37],
which are in accordance with climate change scenarios [38], because of
the availability of open-source code. However, the tool does not provide
a detailed explanation of the calculation of the model coefficients, which
are reliant upon the physical characteristics and operation of the
building [39], despite its interpretability.

Nonetheless, other authors have described the process in the context
of detailed model calibration [40] and the estimation of energy balance
components [41]. Simultaneously, the multipliers of the heating and
cooling profiles are based on the average typical conditions for heating
and cooling. For this reason, they may require modification to be cali-
brated to a specific case [42]. In general, using a piecewise linear energy
signature-based approach [43] for the development of surrogate build-
ing models (when measured data are available) establishes a reliable
connection between energy performance and local climate [39], which
has been tested at scale by utilities [44,45] also with the inclusion of
smart thermostats data [46] and prototype/reference buildings [47].
This approach can be employed in both the design and operation phases
[48], and it is advisable that comfort settings [49] be considered, as they
also affect base (balance-point) temperatures [50] and their variability
[51], in addition to the other physical characteristics.

The accessibility of open-source models and open data information is
particularly relevant to accelerate research and development, but the
availability of code and data without a systematic explanation or vali-
dation process for model assumptions and internal mechanisms (logical
blocks, type of simulation or optimisation algorithms, etc.) [21] may
limit their effectiveness.

In fact, energy system models are not pure simulations or optimisa-
tions [52] of the objective world but contain a considerable number of
value judgements and scenarios, and if this ‘core’ is not presented in a
coherent and transparent way, it is difficult to be truly understood and
trusted by external users (including policy makers or other research
teams) [53]. Therefore, based on open-source models and data, it is also
necessary to focus on the design goals of model understandability and
interpretability, such as strengthening the description of the constituent
modules, clarifying the sources of parameters and assumptions, and
providing physical assumptions and algorithmic components that can be
verified or calibrated. Only in this way can the researcher accurately
grasp the modelling ideas and constraints when taking over or extending
the model and ensure that the tool itself is ‘highly interpretable’ [54]
and ‘highly understandable’ [21].

As specified before, the ‘Demand Ninja’ model input parameters can
be specified based on physical assumptions, which can be derived by
showing the correspondence between the building energy balance
components [40,55]. In this way regression-based approaches [56] be
effectively used for model calibration at the state-of-the-art [42]. This
ability to potentially create calibrated models makes them suitable for
Digital Twins (DT) [57], acting as a digital replica of the energy
behaviour of the building (and physical assets more in general) in
real-time with bi-directional flow of information, suitable for multiple
potential applications in the built environment [58].

This is particularly important in relation to heating electrification by
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means of air source heat pumps [59] due to the Coefficient of Perfor-
mance (COP) variability [60] and its temperature dependence, which is
essential both for analytical performance calculations [61] and dynamic
control [62]. More generally, time and temperature dependence are
essential for modelling energy demand at the building and community
scale [63]; recent modelling advancements leveraging interpretable
data-driven methods, derived from the Time of Week and Temperature
(TOWT) algorithm [64], are founded on principles akin [65] to those
employed in the previously mentioned ‘Demand Ninja’ tool [23],
incorporating solar radiation [66] as an input and auto-regressive
components [67].

2.2. Rural renewable energy system design and optimisation

Fundamentally, the optimisation of rural renewable energy systems
is conceptually similar to the cost optimisation analysis in the building
sector, where the latter is used to determine energy performance levels
yielding minimal global costs over projected economic lifecycles [68],
while the former takes into account the support of the rural energy
transition and the climate treaty by extending the scope of optimisation
to incorporate the environmental dimension, forming the dual objective
of finding the global cost and CO, emissions over the lifecycle of the
equipment. In addition, at the level of multi-objective optimisation [69,
701, there is a lack of large-scale, systematic application of tools repre-
sented by the MILP methodology for multi-objective trade-offs (e.g.,
balancing economics, carbon emissions and reliability of energy supply)
in rural distributed energy systems [14] considering different buildings
and climate characteristics. On one hand, MILP can better model the
complex decision-making strategies for prosumers, enhancing reliability
and reducing overall costs [71]; on the other hand, MILP also facilitates
extending algorithmic solution methods to collaborative optimisation at
the level of user communities or building clusters [72], by means of
scalable multi-commodity network [73,74] formulations or graph-based
approaches [75,76]. Graph/network based models depict energy sys-
tems as interconnected nodes (e.g., buildings, energy conversion tech-
nologies) and edges (e.g., energy flows), rendering complex systems
visually and conceptually intuitive [77], while also facilitating compu-
tational efficiency in analysis through appropriate formulations and
simplifications [78,79].

Indeed, to truly implement this capability, it is necessary to strike a
balance between model size and algorithm performance, and to incor-
porate more comprehensive design and discussion regarding both so-
lution efficiency and interpretability. Existing research has
demonstrated that by improving model structure and employing auto-
mated scale control, the intractability issues caused by excessively large
model sizes can be alleviated to a certain extent [80]. However, without
an understandable design of the model itself and a clear articulation of
core parameters and constraints, it will still be impossible to effectively
convey the decision-making logic to end users (including local govern-
ments, farmers, and enterprises).

Furthermore, it is important to continue with development and
promotion of open-source tools in rural planning field [20]. However,
discussions on rural building electrification remain fragmented. This is
particularly evident in climatically diverse regions such as China, where
significant uncertainty persists regarding the demand changes induced
by complete electrification of rural buildings. Much of the existing
literature concentrates on single regions or specific climate types, rather
than offering a broader comparative perspective. For example, Li et al.
[81] has only designed a hybrid renewable energy system for an elec-
trification project in a rural village in western China, Ji et al. [82] has
only designed a stand-alone microgrid and conducted sensitivity ana-
lyses for a rural village in Xinjiang, China, and Yuan et al. [83] has only
designed a PV microgrid for a rural village in Guangdong, China. And
most studies, including these literatures [84-86], do not provide an
understandable and interpretable workflow, their demand is usually
obtained based on estimates, and supply is usually modelled using
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commercial software. As a result, there is a limited understanding of the
variations in load characteristics, building insulation levels, and new
energy system configurations across different climatic zones. Without
comprehensively accounting for these regional differences and incor-
porating them into scenario simulations and model calibrations, the
conclusions drawn are often confined to particular geographical or cli-
matic contexts, thereby hindering their generalisability to the entire
country or a broader spectrum of rural areas.

Finally, one of the major added values of adopting PV systems in
rural areas is their high efficiency in energy saving [87] and emissions
reduction [88]. However, if only the operation phase is considered,
obvious limitations arise, and a more comprehensive set of indicators
may be considered [89]. When focusing primarily on energy and carbon
emission, it is necessary to account for the embodied energy and
embodied carbon emissions generated throughout the entire life cycle
(including manufacturing, transportation, installation, and decom-
missioning), otherwise the overall environmental performance of the
system might be overestimated [90]. Moreover, the values of embodied
energy and embodied carbon are not fixed but dynamically evolve with
the characteristics of the reference energy system and the various stages
of the production process, with figures that can differ significantly
among countries or regions [91], especially in China, where these
quantities may be much higher than in other countries [90]. Therefore,
incorporating embodied energy and embodied carbon is essential to
provide a more scientifically reliable basis for configuration decisions
during system optimisation.

2.3. Summary of literature review

In summary, the challenges of understandability [21] and inter-
pretability [92] must be particularly emphasised in both energy system
modelling [53] and building energy modelling [93]. Current literature
predominantly focuses on demand-side load profiling or supply-side
energy modelling but overlooks systematic investigation into method-
ological workflows incorporating interpretability and explainability
features. Understandability can be enhanced through establishing
modular logic blocks that enable systematic examination of individual
model components, while interpretability involves selecting
physics-informed data-driven techniques whose decision pathways
remain human-comprehensible. Section 3 details the modelling process
to achieve these goals. By building on logical blocks and adopting an
open modelling approach with physical assumptions that can be easily
calibrated on measured data, we aim to develop a versatile modelling
framework. This framework aims to inform, by means of multi-objective
optimisation, decarbonisation strategies involving the use of heat pumps
(heating electrification), grid-connected PV and prosumer-based grid
management practices. It is not just a traditional energy model, but a
model that can be calibrated at different scales, ideally constituting the
foundation of further applications based on the ‘digital twin’ [57,94]
concept that overcomes the limitations of conventional
simulation-based engineering methods (such as those used in building
performance simulation) by demonstrating how processes operate in
real-time (or near real-time) and realistic conditions.

3. Methodology

This study establishes a multi-purpose modelling framework based
on modular logic blocks designed to minimise system complexity across
diverse applications ranging from prosumer behaviour to investment
optimisation. The methodology used in this study is divided into 3 main
parts: energy demand modelling, energy supply modelling, and multi-
objective optimisation, which will be explained in detail in Sections
3.1, 3.2, and 3.3 below, respectively. The overall workflow is shown in
Fig. 1, linking the energy modelling process to open-source data and
code according to the proposal in Ref. [53], allowing the user to evaluate
the interpretation of the results.
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Fig. 1. The diagram of the modelling overall workflow.

3.1. Energy demand modelling

High-resolution (hourly) load inputs are required before PV system
sizing and grid-connected scheduling optimisation; for a typical rural
household, the loads to be modelled include base loads (lighting and
appliances), space heating and cooling loads, and domestic hot water
loads. Hereafter, we present a scalable approach to modelling heating,
cooling, and base load profiles, as well as aggregating them for build-
ings. It stems from improvements to the ‘Demand Ninja’ model [23] and
it includes additional details related to COP calculations for heat pumps,
base load variability, etc. The main improvements in our method focus
on explaining how to calculate the coefficients based on the buildings’
physical features (like slopes and change points in the underlying
regression model) and enhancing the statistical parameters (used in
time-series model computation) to match the specific characteristics of
the selected locations. Another improvement is related to a better defi-
nition of the diurnal profiles, making the time series more realistic and
avoiding ‘jumps’ from one day to another. Finally, we verified the
scalability of the model by simulating the total electricity demand of
rural buildings in 4 climate zones in China.

The workflow of the energy demand model is shown in Fig. 2 and will
be described in detail hereafter. Fig. 2a shows the comparison of the
BAIT calculated using the 2009-2023 EPW weather file for Xiamen as
parameters input with the original ambient temperatures in the file.
Fig. 2b shows the relationship between HDDs (Heating Degree Days) and
CDDs (Cooling Degree Days) (calculated from heating and cooling
thresholds and BAIT), and heating/cooling energy demand (converted
through HDDs and CDDs, with calculated heat transfer coefficients as
slope), for a typical rural household in Xiamen as an example. Fig. 2¢c
shows an example of heating/cooling electricity demand converted from
energy demand by temperature-dependent COP modelling of heat
pumps. Fig. 2d presents the domestic hot water electricity demand for a
typical rural household, derived by coefficient calculations of the do-
mestic hot water energy demand, with the addition of stochastic per-
turbations as well as modification with diurnal profiles, converted by a
COP model for heat pumps. Fig. 2e shows the baseline electricity de-
mand for a typical rural household, based on appliance power versus
time of use, and stochastic perturbations and daily profile modelling.
Fig. 2f gives the final electricity demand at the single building level for a
typical rural building in Xiamen as an example, consists of baseline
electricity demand, heating/cooling electricity demand, and domestic
hot water electricity demand.

3.1.1. Heating and cooling demand

The first step is to calculate the Building Adjusted Internal Temper-
ature (BAIT) [23];BAIT is defined as the temperature a person would
experience inside an unheated and uncooled building and takes into
account the influence of outside air temperature, solar radiation, wind
speed and humidity [23]. It is therefore a way to take these environ-
mental parameters into account when calculating the heating and
cooling demand of buildings. The coefficients used to calculate BAIT
based on these parameters are derived from model fitting, as provided
by the authors who tested them across a diverse array of buildings in
various climates. Given the empirical nature of the model, coefficients
can be adjusted to reflect the behaviours of buildings with specific
characteristics and in specific climates.

BAIT is then subjected to a lag smoothing treatment to account for

the thermal inertia of the insulated building and a blending treatment to
account for occupant behaviour during hot weather for temporary
ventilation (e.g. window opening). The above treatments are shown by
Egs. (1)-(6) (from Ref. [23]). It is worth noting that unlike the ‘Demand
Ninja' model, here the hourly BAIT is calculated directly from hourly
data inputs to better capture temperature variations, rather than
calculating the daily BAIT and then interpolating it to the hourly BAIT
(this is because we have tested that in the Chinese region, the original
model would cause the calculated BAIT to be significantly lower than
the ambient temperature in summer, whereas a direct calculation of the
BAIT at the hourly level is more in line with experience). In addition, the
counterfactual values of the meteorological parameters in Eq. (2) were
reformulated for the Chinese region, and the details of the determination
are shown in Fig. 1 in Appendix A.

BAIT,=T+x(S—S)—y(W—-W")+2(H-H)(T-T) €))
S"=130+ 3T, W' = 2.52 — 0.003T,H = el 05+0063T 1" — 16 2
2
BAIT, — BAIT}, 4 6BAIT),_; + 6>BAIT},_, @
1+o0+02
_ Bmax
T14e B “)
B =(T—0.5(By +B.)) 10 (5)
= . U L By —B,
BAIT, = (BAITh(l — Bh)) + (ThBh) 6)

Where for each hour (h) BAIT is in °C, S is global horizontal radiation
(W/m?) and S" is its counterfactual, W is wind speed (m/s) and W" is its
counterfactual, H is specific humidity (g water per kg air) and H" is its
counterfactual, T is ambient temperature (°C) and T~ is its counterfac-
tual (The counterfactual temperature is defined as the temperature at
which humidity exerts no influence on energy consumption, represent-
ing the hypothetical point at which neither heating nor cooling is
required.), for each h, ¢ is the smoothing factor range of [0-1], B is the
blending factor, By is the maximum blending factor with default value
of 0.5, By and By, are the upper and lower blending limits, typical values
are 23 °C and 15 °C, meaning that people start to open their windows in
this temperature range, while above 23 °C the impact from the meteo-
rological and smoothing parameters would be reduced by half.

The required meteorological data inputs can be provided by EPW
files [95], which are openly available from EnergyPlus [96] or Climate.
OneBuilding.Org website [97]. The Code for Thermal Design of Civil
Buildings [98] divides China into 4 climatic zones, and 4 different lo-
cations have been selected accordingly: severe cold (Harbin), cold
(Beijing), hot summer/cold winter (Chengdu), and hot summer/warm
winter (Xiamen). This study addresses rural buildings using the selected
locations because they can be considered representative of each one of
the climatic zones indicate in the thermal design code. Initially, 70
weather files were collected with data for the last 15 years (2009-2023)
in TMYx format, to account for potential changes in climate measured in
recent years. It should be noted that the humidity data is only available
as relative humidity in the raw EPW file, and it is necessary to first
calculate the saturated vapour pressure based on Bolton’s formula [99]
(in Eq. (7)), and then calculate the specific humidity based on Eq. (8) (in
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Ref. [100]). The calculation can be carried out by calling the
open-source Python library MetPy [101].

( 17.67~T>
T+243.5
e,=6.112xe\ ™
0.622¢,%1
— ORI 1000 8
P, — 0.378¢,8 ®

Where, H is specific humidity in g water per kg air, RH is relative hu-
midity (%), es is saturation vapour pressure (hPa), T is ambient tem-
perature (°C), P, is atmospheric pressure (hPa).

HDDs and CDDs were then calculated using BAIT and a threshold
based on [102-104] using 18 °C in winter and 26 °C in summer as the
heating/cooling thresholds for severe cold, cold, and hot summer/cold
winter regions, and 16 °C in winter and 26 °C in summer as the hea-
ting/cooling thresholds for hot summer/warm winter regions.

The physical parameterd representing heat transfer coefficients for
the building are used next to convert HDDs and CDDs into daily and then
hourly energy demand (i.e., replacing the empirical parameters in the
original model formulation) by using representative heating/cooling
daily profiles derived from Ref. [23]. The daily energy consumption is
computed with a change-point (CP) model [105], presented in Fig. 3,
which can be interpreted in this way: the weather-dependent component
of energy consumption is proportional to HDDs and CDDs, respectively
for heating and cooling, while the weather-independent component is
assumed to be constant. The slopes of the regression model for heating
and cooling are computed according to the physical parameters of the
building, and this ensures physical interpretability when converting
HDD and CDD into energy demand.

The calculation of the slopes in the change-point regression model
assumes that they are approximately similar to the heat transfer co-
efficients for the building, as explained by Allinson and Lomas [107] and
by Rasmussen et al. [108], and was carried out using the formulas in
CIBSE Guide A, as shown in Eq. (9). The shape coefficient of the building
is used to determine the surface area and volume of envelopes (Egs. (10)
and (11)).

Y UA+inV
Pr="1000 ©
n m
(0 e 5 )
Bs _ i=1 i=1 (10)

Vv

Heating Cooling
power

gradient

power
gradient

Heating energy demand (kWh)
Cooling energy demand (kWh)

I Base load

BPT BAIT (o(:) BPT

Fig. 3. Diagram of the principle of the change-point regression model. Source
from Ref. [106].
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_ Apase + Pyp-d + 4-d*

A
r cos(6,)

(1)

Where, pj, is heat transfer coefficient, U is the thermal transmittance of
building envelope (W/(mzK)), A is envelope surface area (mz), n is the
air change rate (h™1), based on [102-104] taken as 0.5/h in severe cold
regions and cold regions, and 1.0/h in the remaining regions, V is the net
volume of conditioned area (m3). B is the shape coefficient of building,
based on [102-104] taken as 0.5 in severe cold, cold, and hot sum-
mer/cold winter regions, 0.35 in hot summer/warm winter regions. A, is
the roof surface area (m2), A, is surface area of each external wall (m?),
Ay is surface area of each external window (m?), Apase is area of building
base (m?), P, is perimeter of the horizontal projection of the building
(m), d is eaves stick out (m) taken as typical value 0 m, 6, is roof pitch
angle (°) taken as typical value 30°.

Finally, heat pumps are used to meet the heating/cooling energy
demand of buildings. Considering domestic hot water supply, air-source
heat pump hot water supply system is not suitable for severe cold and
cold regions [109], so water-source heat pump (WSHP) is used, and
air-source heat pump (ASHP) is used in other regions. The COP models
for WSHP and ASHP used in this study were summarised by Ruhnau
etal. [110] based on the use of quadratic regression proposed by Fischer
et al. [111] in conjunction with the fitting of data from suppliers, as
shown in Eq. (12).

6.08 — 0.09-AT + 0.0005-AT? ASHP

9.97 — 0.20-AT + 0.0012-AT?, WSHP a2

COP:{

Where, AT is temperature difference between the heat sink and the heat
source (°C), based on [109], the outlet temperature is set to 45 °C for
heating and 7 °C for cooling with ASHP, and the source temperature is
the ambient temperature, for WSHP the outlet temperature is set to
45 °C for heating and 10 °C for the heat source, and the outlet tem-
perature is set to 15 °C for cooling and 7 °C for the cold source.

3.1.2. Domestic hot water demand

The daily heat demand for domestic hot water (DHW) was modelled
according to Eq. (13), then a random perturbation (Eq. (14)) was added
after uniformly distributing it as an hourly heat demand, followed by
shape modification using diurnal profiles, which were developed based
on the average daily DHW consumption profiles for dwellings in
different countries reviewed in Ref. [112]. Finally, converting the heat
demand of DHW to electricity demand using Eq. (12).

_ @ Clt — t)p, G

Q 3600

13)
Where, Qq is daily heat demand for DHW (kWh), gy, is number of people
using hot water, g, is hot water usage quota (L/person) taken as 50L/
person per day based on [113,114], C is specific heat capacity of water
(kJ/kg°C), t. and t; are hot water design temperature and cold water
temperature (°C), which are set to 60 °C and 10 °C respectively ac-
cording to Ref. [109], p, is hot water density in kg/L, C. is heat loss
coefficient of the hot water system.

3.1.3. Baseline electricity demand

Baseline electricity demand refers to the power drawn by appliances
other than those used for heating, cooling and DHW. The total electricity
demand is calculated from each appliance’s power rating and usage
duration, then distributed evenly across all hours of the day. Stochastic
perturbations (Eq. (14)) are added, and the resulting profile is adjusted
using province-specific diurnal curves derived from the typical power
curves published for each city.

a=1+64+6n a4+

Where, a is perturbation factor and at each time step, the value of that
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time step is multiplied by the perturbation factor to add a stochastic
perturbation for that time series, 64 is daily perturbations that are
generated by randomly sampling one day’s perturbation values from a
normal distribution with mean zero and standard deviation of ‘input
values’, &, is hourly perturbations that are generated by randomly
sampling each hour’s perturbation values from a normal distribution
with mean zero and standard deviation of ‘input values’, The standard
deviation values input here are both 20 %.

3.2. Energy supply modelling

The energy supply in this study is mainly from PV power generation,
with the grid and batteries as back-up energy sources. In general, the
power generation of solar PV panels (P"") can be calculated based on the
total solar radiation (G) on the tilted PV module, the efficiency of the PV
panels (7"), the area (APY) of the installed PV panel array [115], and the
system loss (L), i.e., the following Eq. (15).

PV =GPV AP (1 - Ly) 15)

The total radiation on the inclined plane consists of three compo-
nents: direct beam radiation (I), diffuse radiation from the sky (I;) and
reflected radiation from the ground (I.), as shown in Fig. 4, with the
following mathematical formulate Eq. (16).

The sky diffuse radiation on the inclined surface is calculated based
on the Klucher model [116] (Eq. (17)-(19)), which assumes that the sky
diffuse radiation is not perfectly homogeneous but is related to the
surface tilt (8), angle of incidence () and solar zenith angle (6,). Beam
radiation is calculated from the angular relationship with the tilted
plane, and reflected solar radiation is determined by the reflectance of
the ground (p) and the geometrical properties of the tilted plane, based
on Eq. (20) and Eq. (21), respectively.

G=IL+1;+1, (16)
1

I :DHI-%OSE (1 +F-sin® (g) >(1 +F-cos? 0-sin’0,) a7)

€os = cos 6, cos ff + sin 6, sin § cos (¢, — ;) (18)

p_1_ (PHI\ 19)

B GHI

I, = DNI-cos(6) (20)
1- 7

j- GHL,»%(/) 21)

Based on the total radiation in the tilted plane, the output power of
the PV module is calculated by means of the semi-empirical module

| Q Cloud

Direct beam radiation \ Diffuse radiation

Inclined panel

Reflected radiafion
Ground -

Fig. 4. Diagram of solar radiation received on an inclined panel.
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efficiency model of Durisch et al. [117] (Eq. (22)), which is suitable to
represent most module types.

G G\" W, AM AM\"
PV _p. — ll 1 —Cs. == 29
v =p (q Go+<Go) ) ( +r Wo-s-s AM0+<AMO)) (22)

Where, Gy, Wy, AMj: reference radiation, reference temperature and
reference air mass are taken as 1000 W/m?, 25 °C and 1.5 respectively.
p, g, m, r, s, u: module-specific parameters, the parameters for the
different technology modules can be referred to the values in Ref. [117].
The cell temperature (W,) can be calculated from the ambient temper-
ature (T) and radiation as well as the Ross coefficient (h.) (Eq. (23)).
Relative air mass (AM) is calculated based on the Kasten and Young
model [118] according to the solar zenith angle as in Eq. (24).

W.=T+h-G (23)

1
M=
cos (6;) + 0.50572-(96.07995 — 6,) %

(24

All the above calculations are managed in the Python environment
and, except for Eq. (16) and Eq. (22), the open-source Python library
pvlib [119] can be called for data acquisition and calculations. Besides
that, it is also possible to obtain PV generation data directly from the
open-source platform PVGIS [120] based on location. However, it
should be noted that since PVGIS uses the European time zone, the data
timestamps need to be lagged.

3.3. Multi-objective optimisation

The optimisation model presented in this paper is based on mixed-
integer linear programming (MILP), aims to determine the optimal
design and operation of a grid-connected PV system and provides a
refined representation of the battery storage system, distinguishing be-
tween the energy capacity and the power rating of the battery. Fig. 5
shows a high-level schematic of the components and logic blocks of the
optimisation model.

The net present value of cost (NPC) and annual CO, emissions were
used as the objective function. And for each discrete period (t) to
determine the charging (Pi, ) and discharging (Pji ) operation of the
battery as well as the purchase of power from the grid (Pg;g,), to meet
the time-varying load demand (D;) whilst minimising the weighted sum
of the economic cost and the environmental emissions. To be specific,
the decision variables include x,, (installed PV capacity in 1 kW),
Xpar_energy (battery energy capacity in kWh), Xpa_power (battery power
rating) and operational variables during discrete periods (t =0,1,...,T —
1): P'Z}m >0, szft >0, Pgig, >0, curtailment of PV generation
Pyriite > 0, and state of charge (SOC) SOC; > 0. The PV generating
capacity of the system is described by the output of each 1kWp module
PV, (in kW) during the period t, while the load demand is D; (in kW). To
ensure the healthy operation of the battery, it is required that its SOC
always meets the safety interval, i.e. 0.2Xpa_energy < SOCt < Xpar_energy
(initial state is set to SOCo = WoXpqr_energy indicate the initial SOC as a
fraction of battery energy capacity), and the dynamic update relation-
ship of the battery is shown in Eq. (25).

1

SOC, =SOC,_1 + P, ._;-AT — —Pj4

—P . AT, t=1,...,T—-1 (25)
Nais

Where the charging efficiency 5,4 = 0.95 and discharging efficiency
ngis = 0.95. In each period, the following constraints are imposed:

i t
Plbr:m[ < Xbat_power szm < Xbat_power vt. (26)

And the conditions for balancing the power supply must be fulfilled (in
Eq. (27)).
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MINIMIZE
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Net Present Cost (NPC):
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1
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: Battery State of Charge (SOC):

! * SOC updated each period with charging/discharging
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PV Utilization:

* PV can only be used to meet load, charge the battery, or be
curtailed (no feed-in to grid)

Load Balance:

* Demand must be met by PV, battery discharge, and/or grid
purchase

Costs and Replacements:

* Battery replacements occur at fixed intervals, discounted in the
NPC

Decision Variables:

 Discrete: PV capacity, battery capacity, battery power

* Continuous (per period): battery charge, discharge, grid import,
curtailment, SOC

Fig. 5. A high-level schematic of the main components of the model and the logic blocks.

Dt :xpVPVt - Pcurtail,t + Png,: + Pgrid.t - PZ"HW vt. (27)

Meanwhile, since PV generation not directly used to meet the load
can only be allocated to battery charging or curtailed (given that PV
generation is not sold to the grid due to low feed-in tariffs), we require:

Pg;r,: + Peyrtaity < XPVPV[, Vt. (28)

In terms of economic costs, the initial investment costs are simply
defined as:

I=Cos tpvxpv + Cos tbat,energyxbat,energy + Cos tbat,powerxbat,power (29)

where Cost,, and Costyq are the investment costs of a single PV module
(taken as $100/kW) and a unit of battery capacity (taken as $53/kWh),
respectively. The life cycle of the entire system is considered to be 20
years, of which the battery replacement needs to occur in years 8 and 16,
with a discounted cost:

_ Cos tbat,energyxbat,energy + Cos tbat,powerxbat,power
(L +r)°
+ Cos tbat_energyxbat_energy + Cos tbat-powerxbat_power

(1+7r)°

By

(30)
Where r = 0.04 is the discount rate. In addition, operation and main-

{NPC,C0,}

o min,
pvibat energy” hatpower'

in out T-1
{Pbat,tvPbat,pPgrid,tvSOCtvPcurtail,t}t:o

tenance costs are calculated at 1 % of the initial investment cost and are

discounted by a discount factor d; (df = ngl —L ) and recorded as

(1+47)
0.01 Ia. The cost of purchasing electricity from the grid is then priced at
7. (in $/kWh), and its discounted total cost is C. (C, = 7.ds Zf;ol Pgigs).
The NPC (in $) can be expressed as Eq. (31). Assuming that the
emissions from electricity purchases per kWh of grid electricity are EF
(in kg CO2/kWh), the CO; emissions are as shown in Eq. (32).

NPC=I+ B, + 0.011d; + C, 31
T-1

CO, =EF Y _ Pyia, (32)
t=0

In summary, the multi-objective optimisation model for this grid-
connected PV system design problem as follows:

The optimised result is given in the form of a Pareto front [121],
representing a set of optimised solutions that do not dominate each other
in the search space but outperform other results, which reflects
trade-offs between economic costs and environmental emissions. The
objective function is optimised and solved using the commercial solver
CPLEX. The parameter inputs and flowchart illustrating the creation of
the optimisation model are provided in Appendix B.

S0C, = WoXpat_energy»

S0C, = S0Ce—4 + UchPI§Zt,t—1AT -

Pg;tt,t—lAT t

Nais

=1..,T-1,

0.2Xpat energy < SOCt < Xpar_energys Vt, 33)
Pll;Zt,t < Xpat_power Pl%ltt,t < Xpat_power VL,
Pl%t,t + Pcurtail,t < xpvPVt; vt,
D, = lePVt - Pcurtail,t + ngtt,t + Pgrid,t - Plggt,n vt,
Xpv € ZZO'xbat,energy € Zzovxbat,power € ZEO'
ll;Zt,t' Poate, Paria,er SOCe, Peyreait,e = 0, VE.
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4. Case study description

As described in Section 3.1.1, weather data spanning the past 15
years are available for 70 locations across 4 climatic zones: 22 in the
severe cold region, 14 in the cold region, 22 in the hot-summer/cold-
winter region, and 12 in the hot-summer/warm-winter region.
Initially, the U-value of the envelope necessary for modelling heating
and cooling demand is established based on the standard limits delin-
eated for each climatic zone in the Design Standard for Energy Efficiency
of Rural Residential Buildings [122]. The building volume range is
defined using an average rural household occupancy of 2-4 people per
household, a storey height of 3.3m and a per capita floor area of 48.9 m>.
Surface areas are then calculated based on building shape coefficients
(Egs. (10) and (11)). The resulting envelope parameters for the 4 climate
zones are shown in Table 1.

The heat loss coefficients for the climate zones are then calculated
based on Eq. (9), where uncertainty ranges such as U-values, and ranges
of volumes are randomly assigned for each zone using the latin hyper-
cube sampling (LHS) [123] to generate samples. In modelling the basic
energy needs, Table 2 shows the main appliances and how long they are
used each day based on earlier surveys, and LHS was used within these
uncertainties to create random samples for different areas.

5. Results and discussion

This section presents and discusses the results of optimally modelling
grid-connected PV systems for rural buildings in 4 representative cli-
matic zones in China from both a numerical and a visual point of view.
Section 5.1 will present the results of the energy demand modelling for
rural buildings in these 4 typical representative areas, and the energy
supply modelling, involving the optimisation of the grid-connected PV
system, will be presented in Section 5.2.

5.1. Results of electricity demand modelling for four climate zones

In this section, the simulated electricity demand generated for rural
buildings in representative areas of 4 climate zones in China using the
above modelling framework is presented. For better presentation, one
location in each climate zone is selected as a representative display in
the main text, namely, Harbin in the severe cold region, Beijing in the
cold region, Chengdu in the hot-summer/cold-winter region, and Xia-
men in the hot-summer/warm-winter region. Fig. 6 shows the global
horizontal solar radiation and calculated BAIT for these 4 regions. Their
BAIT is closely aligned with their climate characteristics, with Harbin
having the lowest average and Xiamen the highest. In contrast, global
horizontal solar radiation, affected by factors such as latitude, atmo-
spheric conditions, topography, and seasonal changes, displays a pattern
significantly different from BAIT, with Beijing averaging the highest and
Chengdu the lowest.

Table 3 summarises the comparison between heating and cooling
energy demand and electricity demand for rural buildings in these 4
representative locations, scaled by net floor area.

It can be seen that there are significant differences in the energy
consumption characteristics of rural buildings in the 4 regions: Harbin
has the highest total electricity consumption (52.9 kWh/m?), Xiamen
has the lowest (26.1 kWh/m?), and Beijing and Chengdu are in the
middle (35.3 and 48.4 kWh/m?, respectively). This disparity is mainly

Table 1
The range of U-values of envelopes in 4 climate zones for rural buildings.
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Table 2
The data range of baseline loads.

Appliance Power range (W) Range of time used (h)
Lamps 40-80 4-8
Fridge 40-80 24-24
TV 50-100 2-6
Cooker 400-600 0-0.8
Electric kettle 1000-1200 0-0.5
Hair dryer 300-500 0-0.1
Washing machine 200-300 0-0.5

due to the differences in heating and cooling demand caused by the
climatic conditions of each region: heating loads are dominant in severe
cold regions (e.g., Harbin), resulting in much higher energy consump-
tion per unit area than in regions with hot summers and warm winters
(e.g., Xiamen), while Beijing and Chengdu have a relatively balanced
heating and cooling demand in both the winter and summer seasons. In
addition, it is interesting to note that rural buildings in Chengdu have a
higher heating energy demand per unit area than Beijing, but in fact
their calculated HDDs are only about half of those in Beijing, so this is
caused by the difference in the insulation capacity of the houses; in this
case, the heat transfer coefficient is calculated to be 0.36 in Chengdu and
0.25 in Beijing. This result side-by-side reinforces the physical inter-
pretability of the calculations using archetypes combined with piecewise
models in this study.

Fig. 7 shows the results of modelling the total electricity demand for
four different locations, making it easy to see the big differences in
electricity needs for each of the four climate zones in China. The total
electricity demand is characterised as a function of BAIT to better
observe the pattern of electricity demand changes with temperature,
where heating and cooling electricity demand are separately charac-
terised as functions of HDDs and CDDs, respectively, to visualise the
sensitivity of these two components of electricity demand to change in
degree-days. When calculated using the standard design degree-day
thresholds of 26 °C in summer and 18 °C in winter (16 °C in Xiamen),
the annual electricity demand for rural buildings in Harbin, Beijing, and
Chengdu accounted for most of the heating electricity demand, while in
Xiamen the heating electricity demand for rural buildings was almost
equal to the cooling electricity demand. The total electricity demand is
described as a function of BAIT to clearly show how electricity demand
changes with temperature, where heating and cooling electricity de-
mand are separately described as functions of HDDs and CDDs, respec-
tively, to highlight how sensitive these two parts of electricity demand
are to changes in degree-days.

When calculated using the standard design degree-day thresholds of
26 °C in summer and 18 °C in winter (16 °C in Xiamen), the annual
electricity demand for rural buildings in Harbin, Beijing, and Chengdu
accounted for most of the heating electricity demand, while in Xiamen
the heating electricity demand for rural buildings was almost equal to
the cooling electricity demand. The figure illustrates that one of the
challenges of implementing renewable energy electrification projects in
rural China is the need to meet high electricity loads during the winter
months when PV generation is low; however, this trend may change as a
result of climate change in the future, where global warming and eco-
nomic conditions that support the pursuit of comfort may bring about a
drop in cooling temperature thresholds, leading to more electricity de-
mand during hot weather.

Climate zone U-values of external wall (W/(m?K))

U-values of window (W/(m?K))

U-values of roof (W/(m?K)) Volume (m%) Shape coefficient

Severe cold 0.4-0.5 2.0-2.2
Cold 0.45-0.65 1.6-2.8
Hot-summer/cold-winter 1.0-1.8 2.8-3.2
Hot-summer/warm-winter 1.5-2.0 4.0-4.0

0.3-0.4 274-548 0.5
0.42-0.5 274-548 0.5

0.5-1.0 274-548 0.5
0.35-1.0 274-548 0.35

10
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Fig. 6. a Calculated BAIT for rural buildings in Harbin, Beijing, Chengdu, Xiamen, b Monthly mean global horizontal solar radiation for these 4 areas.

Table 3

Summary of the results of demand modelling at 4 representative locations.
Parameters Location

Harbin  Beijing  Chengdu  Xiamen

Net building area (mz) 165 184 127 148
Heating energy demand (kWh/m?) 170.7 93.1 96.0 20.9
Cooling energy demand (kWh/m?) 1.8 5.1 14.9 30.0
Heating electricity demand (kWh/m?) 38.5 21.0 27.7 5.7
Cooling electricity demand (kWh/m?) 0.2 0.6 3.5 7.2
Total electricity demand (kWh/m?) 52.9 35.3 48.4 26.1

As forecasted in Ref. [124], with future climate change and economic
growth, heating demand in China is expected to drop significantly and
cooling demand to rise significantly, and the temperature thresholds for
heating and cooling are likely to be close to the 22 °C in summer and
18 °C in winter currently used in economically developed countries.

5.2. Results of multi-objective optimisation of grid-connected PV

Similarly, this section will show the results of optimising grid-
connected PV systems for typical rural buildings in Harbin, Beijing,
Chengdu and Xiamen. Since there is no initiative to sell electricity from
PV to the grid, the battery is added to the system’s dispatch to explore
whether it is a better option than just PV and the grid. Both the grid and
the batteries act as backups to provide reliability for electricity
consumption.

PV power generation in different regions is modelled using the en-
ergy supply model introduced in Section 3.2, and Fig. 8 shows the sea-
sonal and daily output models for 1kWp PV power generation in these 4
regions. The seasons are defined in this way: Spring from March to May,
Summer from June to August, Autumn from September to November,
and Winter from December to February.

Interestingly, the PV power generation curve from the tilted-plane
total irradiance model shows seasonal patterns that are different from
the original horizontal global irradiance; instead of having a clear peak
in the summer and a noticeable drop in the winter, the curve is more
even throughout the year. This phenomenon, in addition to being spe-
cific to China’s climatic conditions, can be attributed to the installation
of PV modules with a south-facing orientation and a tilt angle equal to
the local latitude in this study, which is intended to maximise power
output, as well as to the specific solar radiation data patterns for the
location. As illustrated in Fig. 4, the total solar irradiance on a tilted
surface comprises three components: direct beam radiation, diffuse ra-
diation from the sky, and reflected radiation from the ground.
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Looking at the radiation data for Beijing’s Typical Meteorological
Year (TMY) [97], as shown in Fig. 9a, we can see that the direct beam
radiation is higher in winter and spring than in summer. This difference
in radiation throughout the seasons directly affects the total solar radi-
ation amount on the tilted surface, as shown by the total radiation values
in Fig. 9d. This pattern of radiation matches the changes in solar power
production in Beijing in Fig. 8, where the average power output is much
higher in Spring and Winter compared to Summer. To validate this
conclusion, the optimal 1 kW, PV power generation of these 4 regions’
estimates obtained from PVGIS was compared, as shown in Fig. 10. Even
though there are small differences in the actual energy output because of
variations in PV panel features and weather information, the general
patterns match, which supports that the energy supply model employed
in this study is correct.

Furthermore, Fig. 10 also presents a comparison of the 1 kW, PV
generation for the Southampton area in the UK, calculated by our model
with the estimates provided by PVGIS. Comparison with Fig. 8 also
underscores the unique characteristics of rooftop PV power generation
in China, attributable to its distinct geographical and climatic
conditions.

Fig. 11 depicts the optimisation process of the Pareto frontier derived
with NPC and annual CO; emissions over the life cycle as objective
functions, with 59 sets of non-dominated solutions for Harbin, 45 sets for
Beijing, 61 sets for Chengdu, and 38 sets for Xiamen obtained under the
setup restriction of a maximum of 75 solutions. The reduction of annual
carbon emissions (moving leftward along the horizontal axis) corre-
sponds to a substantial increase in net present cost (NPC) (moving up-
ward along the vertical axis). The horizontal and vertical distances
between the “lowest-cost” scenario (grey marker) and the “lowest-
emission” scenario (black marker) directly illustrate the implicit cost-
—abatement trade-off. Consequently, in high-cost regions such as Harbin
and Chengdu, higher carbon prices or sector-specific subsidies are
required to offset their elevated marginal abatement costs; by contrast,
in Xiamen, significant emission reductions can be realised with rela-
tively modest incentives.

The quartiles of the optimal solutions were chosen to enable a closer
look at results, based on annual CO; emissions, meaning the groups of
solutions at the 25th, 50th, and 75th percentiles for annual CO5 emis-
sions were organised from lowest to highest for each location, as shown
in Table 4. It can be seen that for these 4 regions, benefiting from today’s
falling PV and battery prices, reducing reliance on the grid will only
increase costs by a small amount while resulting in a significant reduc-
tion in CO; emissions, so the continued fall in PV and battery prices and
overall economic growth in the future are likely to make PV systems
extremely effective for carbon emission reduction in rural areas.
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and warm winter region.

Although the current NPC of the system is still high for most of the re-
gions, which may be a major obstacle for investors, the levelised cost of
electricity (LCOE) of the system is better than the national average
minimum tariff of $0.07/kWh, which implies that the project is already
viable under these assumptions. For simplicity, the LCOE here is
calculated using the NPC divided by the total lifecycle electricity de-
mand in the different quantiles.

Fig. 12 presents the Pareto-optimal solutions for the case-study
building’s LCOE versus its carbon emission factor. From the “Lower

12

than grid price” region, it is evident that the vast majority of solutions
achieve an LCOE below the national minimum electricity price of $0.07/
kWh. Moreover, across all 4 regions, the optimal LCOE scenarios for the
optimised solutions can already achieve at least approximately 50 %
carbon emission reduction (relative to the grid emission factor of 0.6205
kgCOo/kWh). Furthermore, with moderate cost increases, they can meet
80 % or even 90 % carbon reduction targets. The “Cost increase” region
quantifies the additional LCOE required for the building to move from
an 80 % to a 90 % carbon reduction target. Table 5 reports the cost
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increases required for these 4 cases to attain 80 % and 90 % carbon
emission reductions.

For rural buildings in Harbin, Beijing, Chengdu, and Xiamen,
achieving an 80 % carbon emission reduction requires an approximate
cost increase of 15 %, 16 %, 34 %, and 4 %, respectively, compared to
their optimal LCOE scenarios. To further increase the carbon reduction
target to 90 %, the 4 regions only need to increase the cost by 24 %-60

13

%, and the LCOE is lower than the grid price.

Fig. 13, using Beijing as a representative example, presents a visual
representation of the optimisation results of its optimal NPC solution. It
ideally captures the time-series behaviour of the operation scheduling
for PV/battery/grid over a typical week in spring, summer, autumn, and
winter, and it can be intuitively determined that the system has power
supply reliability. Furthermore, an analysis of the seasonal operating
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Table 4
The quartiles of optimisation results for grid-connected PV systems.
Quantile Location System Emissions Cost
PV (kW) Battery capacity (kWh) Battery power (kW) Grid (kWh/m?) CO, (kg/m?) NPC ($) LCOE ($/kWh)
25th Harbin 16 39 6 3.6 2.2 8067 0.05
50th Harbin 12 30 4 8.1 5.0 6928 0.04
75th Harbin 9 22 3 13.1 8.1 6230 0.04
25th Beijing 11 30 4 1.6 1.0 5829 0.05
50th Beijing 8 23 3 4.7 2.9 5013 0.04
75th Beijing 6 16 2 8.9 5.5 4508 0.04
25th Chengdu 22 29 4 4.0 2.5 7153 0.06
50th Chengdu 15 21 3 8.9 5.5 5811 0.05
75th Chengdu 10 13 2 15.5 9.6 4899 0.04
25th Xiamen 9 20 2 0.4 0.3 3865 0.05
50th Xiamen 7 15 2 1.0 0.6 3089 0.04
75th Xiamen 4 11 2 2.4 1.5 2427 0.03
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Fig. 12. The optimal solution of LCOE and carbon emission factors of the case building.
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Table 5
The cost increase to achieve 80 % and 90 % carbon reductions in the optimised
solution.

Location LCOE Cost increase Annual CO, Carbon
($/kWh) ratio (%) (kg/kWh) reduction (%)
Harbin 0.033 - 0.242 61
Harbin 0.038 15.2 0.121 81
Harbin 0.043 30.0 0.062 90
Beijing 0.032 - 0.276 56
Beijing 0.037 15.6 0.116 81
Beijing 0.041 28.1 0.059 91
Chengdu 0.035 - 0.320 48
Chengdu 0.047 34.3 0.118 81
Chengdu 0.056 60 0.060 90
Xiamen 0.025 - 0.146 77
Xiamen 0.026 4 0.112 82
Xiamen 0.031 24 0.056 91

patterns reveals that the PV generation curve is consistent with the
generation pattern shown in Fig. 8. The grid participates during spring,
autumn, and winter to meet load demand, while in summer, due to
lower load demand, priority is given to PV and batteries.

Although the model demonstrates that optimised systems can ach-
ieve significant carbon reduction with a LCOE lower than grid prices,
benefiting from the sharp decline in photovoltaic and battery prices in
recent years and the strong decarbonisation capabilities enabled by in-
tegrated configurations utilizing solar power, it is crucial not to overlook
the impacts of embodied energy and embodied carbon. These factors
must be incorporated into a comprehensive life cycle analysis to revisit
the environmental benefits. It is worth pointing out that, due to the
uncertainties involved in the assessment of embodied energy and
embodied carbon at multiple points of production, transport, installa-
tion and decommissioning, their values should be presented as intervals

o
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rather than as a single fixed value. Therefore, this study adopts data from
prior research on embodied energy and embodied carbon related to
residential PV and batteries [90,125-128], along with findings from
institutional reports, to establish the data used for the calculations in this
study, as detailed in Table 6.

Fig. 14 illustrates the optimal Pareto frontier with NPC and annual
CO, emissions as objective functions, which considers the embodied
carbon from PV and battery. The grey scatter points indicate that, after
incorporating embodied carbon, the original configurations are no
longer optimal according to Pareto criterion. Specifically, in the context
of full lifecycle embodied carbon emissions, when the size of PV panels
and batteries exceeds a certain critical threshold, their embodied carbon
burden exceeds the carbon reduction benefits gained from displacing
high-carbon grid electricity, thereby triggering a nonlinear decline in
overall CO5 reduction performance and an inflection point on the Pareto
frontier (representing the optimal configurations according to the two
objectives, NPC and CO; emissions).

This phenomenon highlights that, in renewable energy system
planning and applications, it is essential to appropriately size technol-
ogies and to account for full lifecycle embodied carbon in order to
achieve a synergistic optimisation of carbon reduction benefits and
economic efficiency.

After eliminating suboptimal solutions, we identified potential op-
tions and demonstrated the impact of embodied carbon by calculating

Table 6
The uncertain range of embodied energy and carbon emission from PV and
batteries.

Components Embodied energy Embodied carbon
PV 3000-7000 kWh/kWp 500-1000 kgCO,/kWp
Battery 1100-1400 kWh/kWh 150-225 kgCO,/kWh
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the system’s carbon payback time (CPT). CPT is typically defined as the
ratio of the total embodied carbon over the system’s lifecycle to the
annual net carbon reduction achieved by offsetting fossil fuel-based
generation through electricity production, with the results shown in
Fig. 15. Due to the significant uncertainties in embodied carbon esti-
mates, the CPT of optimised solutions across different regions exhibits
considerable variation, from approximately 2 years-12 years. This
finding emphasizes that, when evaluating system performance, it is
crucial to consider not only the operational carbon savings but also the
substantial effect of embodied carbon in delaying net carbon benefits,
which is essential for informed system design and deployment. It further
suggests that pursuing excessively large configurations to achieve high
carbon reductions may not be necessary, especially given the potential
for further declines in grid carbon emission factors in the future.

Moreover, the energy payback time (EPBT) is estimated based on the
energy consumed throughout the system’s lifecycle and the electricity
generated. It is typically defined as the amount of time required for an
energy system to "repay" the total energy consumed during its
manufacturing, transportation, installation, operation, and decom-
missioning processes with the energy it generates during its lifetime, to
reflect the impact of the embodied energy of the components.

Fig. 16 presents the EPBT results for photovoltaic-plus-battery sys-
tems across the 4 case study regions. The substantial uncertainty in the
implicit energy of both the PV panels and batteries results in significant
variability in the EPBT, ranging from a minimum of 3 years in Beijing to
a maximum of 9 years in Chengdu, with differences exceedingly twofold
even within the same region.

In summary, regional characteristics and the uncertainties in
embodied energy and embodied carbon must be fully taken into account
during system design and deployment to accurately assess the overall
energy efficiency and environmental sustainability of the system, and to
provide proper guidance on the optimal system configuration.

6. Conclusion

This study set out to address the issues associated with designing and
operating grid-connected PV systems in rural buildings across China’s
diverse climate zones. By integrating open-source, modular methods for
demand and supply modelling, knowledge gaps identified in literature
have been addressed by merging a regression-based load estimation
approach with a multi-objective optimisation model, underscoring the
importance of simultaneous consideration of supply- and demand-side
factors to inform investments and policy related decisions toward
decarbonisation targets.

Key findings highlight that:

optimised system sizing and operation are strongly influenced by
local building attributes and climate-specific conditions. Simplifying
heating, cooling and base load modelling at hourly resolution using
physics-informed statistical and machine learning tools is crucial to
support the optimisation process.

creating models that are composed by logical blocks and are rela-
tively simple to calibrate on measured data enables the use of the tool
not only in design but also in operation.

around 80 % and 90 % reduction compared to grid carbon emissions
can be achieved with an increase of the LCOE in the range between 4
% and 60 %.

Appendix A
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e the carbon payback time for systems considering embodied carbon
varies from about 2 to 12 years, depending on location and as-
sumptions, due to uncertainty.

These results indicate substantial near-term decarbonisation poten-
tial for rural grid-connected buildings under current technology costs
and grid carbon intensities. Moreover, the significance of tailoring sys-
tems to local contexts is evident, as climate variability and occupant
behaviour patterns shape the solutions’ technical and economic
viability. By combining physics-informed statistical approaches and
machine learning algorithms for demand forecasting with robust multi-
objective optimisation, this work provides a scalable method to tackle
decarbonisation problem in rural grid-connected building. The frame-
work can be extended to large-scale applications targeting building
stock decarbonisation while being transparent and adaptable. Open-
source modelling also ensures broader accessibility and fosters collab-
orative development, promoting continual refinement as technologies
and policy frameworks evolve.

Looking ahead, additional research may investigate numerous po-
tential directions. First, the modelling framework’s flexibility makes it
well suited for global applications where open data is available, with
minimal adjustments for local climate conditions, building materials, or
occupant behaviour.

Second, the model’s scalability, within the context of evolving
decarbonisation pathways for energy systems, provides the possibility to
conduct more sophisticated scenario analyses. For example, while
considering the installation of thermal energy storage for heating and
domestic hot water (DHW) as well as cold energy storage for cooling, it
is important to note that these measures will add complexity to the
design and operation of such systems; however, the resulting lower CO5
emissions may provide greater environmental and economic benefits.
Such an approach would enable stakeholders to quantify the cost-
effectiveness of solutions under uncertain and evolving conditions.
Additionally, expanding the scope to incorporate dynamic pricing
mechanisms, market interactions, and grid constraints could offer
deeper insights into system-wide impacts.

Overall, the findings of this research can serve as a foundation for
both researchers and practitioners to further refine methods, calibrate
tools with real-world data, and explore emerging solutions in energy
storage, demand response, and heat pump technologies. By simplifying
complex modelling processes and ensuring transparency, our framework
aims to accelerate the adoption of decentralised renewable energy sys-
tems and support the transition toward low-carbon, cost-effective rural
energy infrastructures.
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To eliminate the bias introduced by seasonal fluctuations in solar irradiance, wind speed and humidity, we perform a joint regression of these
meteorological variables against ambient temperature using data from all study regions across China’s various climate zones. These functions are then
used as “counterfactual” meteorological inputs in the calculation of BAIT. This approach is in line with the one proposed by Staffel et al. [23] for the
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‘Demand Ninja’ tool. Consequently, whether actual insolation diminishes in winter or humidity rises in summer, the generated values follow this
“purified” curve, ensuring that the influence of meteorological factors on the energy-consumption model reflects temperature alone, without

amplification or attenuation by seasonal extremes.
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Fig. 1. Correlation regressions of temperature with other weather variables using representative locations from each of the climate zones in China. a Considering
solar irradiance, b Considering wind speed, simple linear regressions are indicated by the red line. ¢ Considering specific humidity, log-linear regressions are
indicated by the red line. All red lines are used to formulate the relationships of the weather counterfactuals in this study.

Appendix B

Table 1
Optimisation parameters used in this paper

Parameter Input value Units Description

Discount rate 0.04 - Annual discount rate for lifecycle cost

Analysis horizon 20 Years Total number of years for present-value calculation
PV capital cost 100 $/kW Investment cost per kW of PV

Battery energy cost 53 $/kWh Investment cost per kWh of battery energy capacity
Battery power cost 50 $/kW Investment cost per kW of battery power rating
Electricity price 0.07 $/kWh Grid electricity purchase price

Emission factor 0.6205 kg CO2/kWh CO emission factor for grid electricity

Initial SOC fraction 0.5 - State—of—charge at time zero (fraction of energy capacity)
Charge/discharge efficiency 0.95/0.95 - Battery round-trip efficiencies

Minimum SOC 0.2 - Lower SOC limit (20 % of energy capacity)

Battery replacement True Whether to include replacements at year 8 and 16
CPLEX time limit 600 seconds Global time limit per solve call (10 min)

CPLEX MIP gap tolerance 0.001 - Relative MIP optimality gap tolerance (0.1 %)

19

(continued on next page)



R. Liao et al.

Table 1 (continued)

Energy 330 (2025) 136869

Description

Parameter Input value Units
CPLEX thread count 4 -
CPLEX node display 2 -
CPLEX emphasis 4 -

Number of parallel threads to use
Display level for node log (0 = none, 2 = summary every 100 nodes)
MIP emphasis (4 = optimality over feasibility)

Start: Initialize Parameters and Read Input Data
* Input PV generation and Load Profiles
+ Set Constants and Parameters

y

Create CPLEX MILP Model

Define Decision Variables

* X _pv, X bat_energy, x_bat_power

+ P_bat_in[t], P_bat_out[t], SOC[t], P_grid[t],
P_curtail[t] for each time step t

Solve Single -Objective Problems to Determine Bounds
*  Minimize CO: — Record min CO: and NPC
*  Minimize NPC — Record min NPC and CO-

b

Add Constraints for Each Time Step t:

« SOC Update Equation

« SOC Limits (20% to 100% of Capacity)
« Charge/Discharge Power Limits

* PV Allocation Constraint

« Load Balance Constraint

l

y

Generate Pareto Front via e-Constraint Method:
For CO: Limits:

* Add CO:2 < CO-_limit Constraint

*  Minimize NPC

» Collect Unique Solutions

For NPC Limits:

* Add NPC < NPC _limit Constraint

*  Minimize CO-

+ Collect Unique Solutions

Define Objective Functions:
* Net Present Cost (NPC)
¢ CO: Emissions

Filter Out Dominated Solutions:
» + Compare Each Solution with Others
« Retain Only Non -Dominated Solutions

End: Return List of Non-Dominated Solutions

Fig. 2. Flowchart of the optimisation steps.

Data availability

Data will be made available on request.
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