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Abstract—Energy transition towards clean, efficient energy
supply has been a common sense of the government and public
in China. However, lacking reasonable planning will lead to
undisciplined development, resource waste, and excessive invest-
ment. In this context, this paper investigates potential pathways
of Beijing energy transition towards a high-level low-carbon,
clean and efficient energy system in 2035 with an extended
energysocpe model. Firstly, based on available data, future energy
demands are predicted by a newly proposed hybrid forecasting
method, which combines the traditional regression model, grey
model, and support vector machine model with an entropy-based
weighted factor. Secondly, the superstructure-based optimization
model is employed to investigate the system configuration and
operation strategy of the future Beijing energy system. Finally,
the uncertainty impact of electricity price, natural gas price,
hydrogen price, and the capital expenditures of electrolyzer and
steam methane reforming for hydrogen applications are studied.
The forecasting results show that all walks of life will witness
a continuously increasing energy demand in multiple sectors
of Beijing towards 2035. The planning results suggest that the
imported electricity and natural gas will dominate the energy
supply of Beijing in 2035 with a contribution of 86% of the
energy resources consumption of 384 TWh. Moreover, the energy
system presents a high end-use electrification level of 65% and
high penetration of efficient technologies, which supply 119 TWh
via combined heat and power, 26 TWh via heat pump and 95
TWh via district heating network. The energy use of various
sectors of energy resources, technologies and end-use are closely
related. Hydrogen will have an increased penetration in the
private mobility sector, but the locally generated hydrogen is
mainly from steam methane reforming technology.

Index Terms—Energy transition, energy planning, carbon-
neutral, demand forecasting, energyscope.
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I. INTRODUCTION

LOBAL climate change, environmental pollution, and

energy security have become major challenges for long-
term sustainable human society development and ecosys-
tem [1]-[3]. China, as the largest and fastest-growing devel-
oping country, suffers heavily from high coal consumption,
which calls for the energy system transition towards fossil-
free energy systems [4]. From 1978 to 2018, the energy
consumption in China increased rapidly from 571 million tons
of standard coal to 4640 million tons of standard coal, while
the proportion of coal decreased from 71% to 59% due to
the energy structure adjustment with increased penetration of
renewable power reaching over 14%. China has taken respon-
sibility and made a positive commitment in 2009 to control
greenhouse gas (GHG) emissions that reducing the carbon
emissions per unit gross domestic product (GDP) by 40—45%
below 2005 levels by 2020 [5]. Considering the commitment
of the carbon emissions peak no later than 2030 in the “Paris
Agreement” [6] and the carbon neutrality target by 2060, a
series of energy plans have been released [7], which sets the
energy transition targets to increase the proportion of non-
fossil fuels in primary energy consumption to 20% and 50%
in 2030 and 2050, respectively [8].

The urban energy transition is crucial for shaping the
energy transition [9], [10] since urban areas account for
about 66.7% of primary energy demand and 70% of the
energy consumption-related CO2 emissions worldwide [11].
As one of the most developed megalopolises as well as the
“frontier’ of Chinese Reform and Opening-up, Beijing is a
pioneer in energy transition through energetically promoting
decarbonization, diversification, and electrification of energy
supply. Its energy transition went through four periods [10],
[12]: (1) simultaneous growth between the economy and coal-
dominated energy consumption (1978-1996), (2) decreasing
growth rate of energy consumption with more imported elec-
tricity (1996-2000); (3) transferring into a relatively balanced
and diversified energy structure during 2000 to 2007, and
(4) a span-new stage with remarkable achievements of the
de-coal process since the Olympic Games 2008. Moreover,
Beijing was selected as a pilot city to carry out a cap-and-
trade mechanism to mitigate carbon emission in 2011 [13].
To further promote the national GHG emissions mitigation,
a goal in the 13 th Five-Year Plan was set to reach local
GHG emissions peak by 2020 [14]. A new challenge for
energy managers and policymakers left is how to carry out
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the next stage of energy transformation, namely, identifying
the pathways to reduce the cap of GHG emissions.

The energy transition can be best handled by energy plan-
ning [15], [16]. The transition towards a non-fossil sustainable
energy system is correlated with a high penetration of variable
renewable energy sources for profound structural changes
among multiple sectors [17]. There are various energy models
available to capture the increasing complexity and to assist
the planning of future energy systems. Connolly et al. [18]
reviewed 37 computer tools for the integration of renewable
energy and concluded that no tool can address all issues
related to integrating renewable energy, but instead the ideal
energy tool depends highly on the objectives considered.
Limpens [17] further performed an extensive retrospect of
53 existing energy models in terms of multi-sector planning,
optimization scope, solution precision, and computational ef-
fort, and proposed Energyscope TD, a novel superstructure-
based model for long-term multi-sector planning considering
an hourly solution. The boundary of the energyscope model
is resources and end-use demands. Thus, it cannot employed
to the area without reliable energy demands data directly.

For the energy planning of Beijing, recent studies are
compared in terms of (1) multi-sector interaction, (2) invest-
ment cost optimization with hourly operation strategy, and (3)
uncertainty analysis, and (4) planning period. Some studies
focus on a specified sector without considering cross-sectoral
interactions. For instance, Zhu and Shan [19] investigated the
effects of industrial renovation on energy conservation and
emission reduction in Beijing. Huang et al. [20] explored
the way to decarbonize Beijing’s electricity systems through
renewable cooperation with Zhangjiakou by constructing an
hourly Zhangjiakou-Beijing Renewable Electricity Coopera-
tion system via the EnergyPLAN model. Zhang et al. [21]
investigated the ways of developing a low-carbon heating
sector for large metropolitan cities towards 2030 considering
different scenarios of deploying natural gas (NG) boilers and
heat pumps in the EnergyPLAN model. With the Long-range
Energy Alternatives Planning (LEAP) model, Fan et al. [22]
investigated the energy demand and main GHG emissions
of Beijing’s public transport under different scenarios during
2016-2030. However, these studies focused only on a specific
sector of the energy system but ignored its interaction with
other sectors.

Considering multi-sector energy system planning, Zhang
et al. [14] analyzed the situations of social-economic devel-
opment and energy consumption in Beijing and established
the LEAP-Beijing model for the medium-to-long-term predic-
tion of GHG emissions. With the EnergyPLAN model, Zhao
et al. [23] presented 100% renewable energy scenarios of
the Beijing energy system related to electricity and heat. Yu
et al. [24] developed an interval-stochastic basic-possibilistic
programming method of planning a sustainable energy system
for the Beijing application. These studies, to some extent,
consider cross-sectoral interaction and provide comprehensive
medium-to-long-term energy planning schemes.

Both optimization- or simulation-based energy models
should consider the operation of the energy system to identify
the tempo-spatial synergy effects among various available
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energy resources, especially the integration of renewables. In
literature (Table 1), Zhang et al. [14] optimized the investment
costs via the LEAP model, while Zhao et al. [23] optimized
operation strategy via the EnergyPLAN model. Yu et al. [24]
performed a robust optimization on a yearly basis. There is no
available study to optimize both the system configuration and
operation strategy simultaneously for the energy planning of
Beijing. Moreover, the energy demands data across multiple
sectors in the future of Beijing lack.

TABLE I
COMPARISON OF RECENT ENERGY PLANNING STUDIES OF BEIJING
BASED ON FOUR GIVEN CRITERIA. LEGEND: v CRITERION SATISFIED;
V" CRITERION PARTIALLY SATISFIED; X CRITERION NOT SATISFIED

Studies Multi- Optimiz— Uncert.ainty Plapning
sector ation analysis period
Zhu and Shan [19] X Ve X 2020
Huang er al. [20] X v v 2030
Zhang et al. [21] X v X 2030
Fan et al. [22] X v X 2030
Zhang et al. [14] v Ve v 2050
Zhao et al. [23] v vPb v 2030
Yu et al. [24] v v'e v 2020

2Only investment considered.
bOnly operation considered.
“The model focuses on robust optimization and is solved on a yearly basis.

Correspondingly, in this paper, the cross-sector energy
system of Beijing 2035 is optimized by an extended en-
ergyscope model. The main contributions are (1) extending
the boundary of energyscope model to the historical energy
consumption data and macro statistic data by integrating a
hybrid energy forecasting method, providing a general energy
planning methodology for regions without reliable energy de-
mands data; (2) proposing an entropy-based weighted method
combining statistical models and machine learning methods;
(3) exploring a reliable pathway towards a low-carbon, clean
and efficient energy transition for Beijing 2035.

The remaining paper is organized as follows. Section
IT outlines the proposed hybrid energy demand forecasting
method and Energyscope TD method. Section III introduces
the assumptions and specifications. Section IV presents the
basic results and discussion of the case study. Finally, Section
V concludes the paper.

II. METHODOLOGY
A. Overall Method

The overall method of extended energyscope includes three
steps (Fig. 1):

Step 1: Energy demand prediction by the newly proposed
entropy-based weighted hybrid method. The method combines
the traditional regression model, grey forecasting model and
support vector machine model, and realizes the prediction by
employing key macro-economic parameters, historical energy
consumption data as well as long-term city plans of Bei-
jing [25].

Step 2: Typical day (TD) selection based on the energy
demands predicted, hourly distribution of resource availability
and weather conditions (solar irradiance, wind speed, and
reservoir’s runoff). These input data are formatted and fed to
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a mixed-integer linear programming (MILP) problem [26] to
obtain the typical day sequence.

Step 3: Energy planning with superstructure-based optimiza-
tion model employing the typical-day sequence and model-
related data to identify optimal configurations of the energy
systems and operation strategy of the selected typical days. To
reduce the computational effort, energy planning is formulated
as a linear programming (LP) problem with input data in-
cluding economic and technical parameters of various energy
conversion and storage technologies, and the parameters of
different development scenarios, e.g., local renewable energy
share and CO; reduction targets.

Steps 1 and 2 can be performed only once for a specific
region to obtain the energy demand profiles and typical day
repetition, while step 3 may be performed multiple times for
uncertainty analysis.

B. Energy Demand Forecasting Method

1) Literature Review

There are many studies (Table II) on long-term energy-
demand forecasting with different methods: (1) statistical
methods, (2) machine-learning methods [27], and (3) bottom-
up methods. These methods have been reviewed in detail with
a summary given below.

Data collection

915

Statistical methods infer the development trend of future
energy demand via historical data implying the past regularity.
These methods mainly comprise traditional regression models,
time series models (including ARIMA models) and economet-
ric models. Regression models, with accurate data compilation
and careful scenario creation, can perform better than those
with complex programming or esoteric mathematics [28];
however, it is difficult to capture the characteristics of highly
complex nonlinear data. Time series models perform well in
terms of mean absolute percentage errors and prediction accu-
racy, however, the forecasting results present a large deviation
compared with actual values under the impact of significant
events, e.g. the unexpected coronavirus pandemic 2019. The
econometric models can reveal the numerical relationships on
economic phenomena better but have certain fatal flaws, e.g.,
the ignorance of the theoretical basis of empirical analysis, as
well as region-dependent feature.

Artificial intelligence methods, e.g., artificial neural net-
works (ANNSs), genetic algorithms, support vector machine
(SVM) and particle swarm optimization (PSO) models, are
also suitable for energy demands prediction. For example,
ANNSs are characterized as self-learning, self-adaptive, fault
tolerance, flexible and real-time response, with the possibility
of correlating the energy demand with a variety of parameters.

Macro statistic data

Economic parameters
Industry structure

Energy demand
Population change

Daily scenario data

Available resources
Development targets
Weather conditions

Typical day number

Energyscope input data

Available resources
Development targets

Technical parameters
Economic parameters

Step 1: Energy forecast

Step 2: Selecting typical days

Step 3: Energyscope TD

Traditional regression
forecasting model

Input for LP

Time series (h,td)
Technologies (cost, eff.,...)

Input for MILP

Time series (h)
Typical day number
Weighting factors

Minimizing clustering error

Optimization

Optimization

Minimize: cost
Subject to: Balance, storage...

)
2
=
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Fig. 1. Overall framework of energy planning for Beijing 2035.

TABLE 11
CLASSIFICATION OF ENERGY DEMAND FORECASTING MODELS

Method Category

Example Sector

Regression model
Statistical methods Time series models

Econometric models

Al-Hamadi and Soliman (2005)
Lee and Chang (2007)

Electric sector
Overall energy system
All demand sectors

Hunt et al. (2000)

Kumar et al. (2010)

Iniyan et al. (2006)

Suganthi and Williams (2000)

All demand sectors
All demand sectors
All demand sectors

ANNSs models

Genetic algorithms
Machine learning methods

Aydinalp et al. (2002)

Soezen et al. (2005)

Canyurt and Ozturk (2008)
Haldenbilen and Ceylan (2005)
Fan et al. (2008)

Residential sector
All demand sectors
All demand sectors
Transport sector
Electric sector

SVM models Hong (2009) Electric sector
Alrashidi and El-Naggar (2010)  Electric sector
PSO models iinler (2008) All demand sectors
Botom-up methods MARKEL Kannan and Strachan (2009) Residential sector

Strachan et al. (2008)

All demand sectors
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They can deeply investigate the inherent nonlinear correlation
between the energy demand and exogenous variables, e.g.,
population, industrial structure, and urbanization. However,
these methods are limited by overfitting and underfitting.

Bottom-up models are represented by MARKEL, which are
employed for modeling energy systems [29], [30] or evaluating
policy impact [31], [32]. These models consider technologies
and correlated energy consumption, as well as the supply-
demand interactions; thus, they are unfit for forecasting only
the energy demand in this study.

2) Entropy-based weighted hybrid energy-demand forecasting
method

The hybrid method combines conventional regression, grey
forecasting and support vector machine models referring to
Refs [33]-[35], which can identify the development trend
of energy demand via exploring the internal regularity of
historical data and the inherent nonlinear correlation between
it with macro exogenous variables. The results predicted
separately by each of the models are weighted to obtain the
robustly predicted values, for which the weighting factors
are determined with the entropy concept. Entropy originally
measures the degree of disorder in information theory. Thus, a
larger variability of forecasting error sequence corresponds to
a smaller weight factor in the hybrid forecasting method. The
mathematical model is presented in detail in the supplementary
materials. Moreover, the forecasting procedure is illustrated in
Fig. 2.

1) Predicting energy demands separately through the three
methods with historical data sets: energy demands and associ-
ated key impact factors, which are divided into training sample
sets and test sample sets. The former sets are used to build the
prediction models, while the prediction results can be further
validated via the latter set.

2) Calculating relative prediction errors of a single fore-
casting approach by comparing the energy-demand prediction
results with the actual values in the test sample sets. The
relative error sequence is normalized to reflect the crucial
index variability with entropy.

Historical data sets

Data sample

Energy forecasting models
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3) Defining entropy values for relative error sequences of
each forecasting model in the form of the natural logarithm.

4) Defining the variability coefficient of the error sequences
of each forecasting model considering the converse trends of
entropy value and variability of a certain system index.

5) Identifying the weighted factors for each forecasting
model.

6) Calculating the robust forecasting results by weighting
the prediction results derived from each forecasting approach
with the weighting factors.

3) Scope of Energy-demand Prediction

When using the entropy-based weighted hybrid forecasting
method for energy-demand prediction, the categories of energy
demands considered should be consistent with the requirement
of the Energyscope TD modeling framework. Therefore, the
end-use demands (EUD) involve three sectors: electricity, heat-
ing and mobility, as shown in Fig. 3. Heat demand considers
high-temperature heat (Heat High T) for industry demand,
low-temperature heat (Heat Low T) for hot water and space
heating. Mobility demands include passenger mobility and
freight transportation.

The recondite energy demand can hardly be estimated
directly but could be observed by the energy consumption,
thus, related historical data of multiple end-use sectors are
collected (presented in supplementary material). The electric-
ity sector covers three main industries and households, while
the high-temperature heat is only considered for the secondary
industry. The low-temperature heat need for space heating
can be estimated by different industries’ heat consumption
data, municipal centralized heating data and overall heating
area issued in the statistic bureau. The low-temperature heat
used for hot water production EUD}, 1, can be calculated as

follows:
EUDp, hw = Cha - Mper - At - Pop (1)

where cp,, is the specific heat capacity of hot water
(J/(kg-°C)), is daily hot water consumption per capita (set as

Predlctlon errors

Prediction results

2 /11/12 MMy
S Regression model @ ﬁﬂmgm
Q
£ : f)"' SR
é ‘ Grey forecasting model ‘
B Support vector machine Normallzed prediction
| [ ] | (TTTTIT] relative errors
® ' @) | Forecasting weighted @ Variability coefficients Entropy values of
Energy demands values of the error sequences the relative errors
Forecasting results [l:l:l:l:l:l Hﬂﬁmﬁﬁ mﬂmﬁﬂm

Hybrid forecasting results

Legend: Regression model

D Data sample D Energy demand

Weighting factors

Grey forecasting mode

Variability

E Support vector machine
. Hybrid forecasting results

Entropy values

Fig. 2. The flowchart of the entropy-based weighted hybrid forecasting method with the mathematical formulations given in detail in the SI.
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Electricity

Power consumption‘
data by industry

Heat consumption
data by industry

Heat Low T for
space heating

Data from municipal
centralized heating

Heating area and
specific demand

Heating
Heat High T for Heat consumption in|
Entire energy | | industry secondary industry
demand
Heat Low T for Population &
hot water specific demand
| Urban passenger
mobility data
{Pp bilit % '
assenger mobility i : ] Legend:
Intercity passenger ik
mobility Electricity
Mobility [ ] Heat High T
— Railway freight Heat Low T
Freight transport h Passenger mobility
—| Highway freight [ ] Freight transport

Fig. 3.

50 L/day/person), At is the average temperature increment
for hot water production (set as 40 °C), Pop is the permanent
district population (million).

Energy demands in the transport sector are represented
by traffic volumes and are affected by passenger and cargo
turnovers. Passenger mobility covers urban (public transport,
taxi and private cars) and intercity passenger transport (train
and coach bus), while freight mobility considers railway and
highway freight.

Considering the selection of key parameters, as listed in de-
tail in the supplementary materials, multiple factors influence
energy demands, including economic growth, population size,
industrial structure, urbanization rate. The former two factors,
represented by the GDP and district permanent population
(including registered residents and migrant people), contribute
the most to the energy demand growth. Moreover, energy
demands are interlinked with the levels of urbanization and
industrialization, represented by the urbanization rate and the
proportion of different industries.

C. Typical Day Selection

To reduce the computational efforts, a series of typical days
can be selected to represent 8760 h of the whole year. The
information loss and unexpected error depend on the number
of typical days employed. Considering the trade-off between
accuracy and computational time, the number of typical days
is set as 12 by comparing the relative clustering errors and
computational costs of 4, 8, 12, 24, 48 and 96 TDs (presented
in supplementary materials). The typical days are determined
by clustering days with a given criterion. The modified k-
medoids algorithm proposed by [26] is employed due to
accuracy and computation efficiency. Since the models based
on TDs are unable to settle intra days or seasonal storage due

The categories of energy demand considered following the requirement of the Energyscope TD framework.

to the discontinuity between the selected days, the “coupling
typical days” method referred to [36] is implemented to handle
energy storage technologies, in which each day is associated
with a specified TD through a sequence.

The typical days can be identified by two steps (Fig. 4):
the calculation of the dissimilarity matrix and the application
of a clustering algorithm. Energyscope TD model categorizes
each real day with five key parameters (a 365-by-24 matrix
for each variable), including end-use electricity demand, space
heating demand, solar irradiance, wind speed, and water flow
in run-of-river hydropower plants. These parameters present
spatio-temporal characteristics of the energy system for the
planning area. They are enable quantified and are used in
the energyscope model. The categorical data is represented
as a 365-by-120 matrix and each row represents a single day.
The dissimilarity between two days can be calculated by their
Minkowski distance according to the two-row data, and the
dissimilarity matrix (an upper triangular matrix) can be further
established. The elements in the matrix are close to zero when
two days are near each other and become large when they
differ significantly from each other. Thereafter, the clustering

Categorical data

1 2 3 - 120 123 - 365 123 --365TDs
1/dsl, ds2,---, ds120 1 1
2/dsl, ds2,-++, ds120 2 2
3|dsl, ds2,---, ds120 3 3
dsl, ds2,--+, ds120 Z> ‘
*ldsl, ds2,-+, ds120] ¢ :
365|dsl, ds2,---, ds120| 365 365 \

Fig. 4. The method for typical day selection. The red box represents the
relationship between each day with its typical day. The orange box represents
the typical day allocation.
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algorithm proposed by [37] based on the analogy between end-use electricity demand as well as transmission losses, and
the medoids selection problem and the optimal plant location (3) electricity storage technologies.
problem is employed to identify the dependency matrix and A reference energy system (RES), illustrated in Fig. 5,
TD vector. Each day of the year, ie., each column in the is defined for Beijing, which includes 24 layers, 8 end-use
dependency matrix, is allocated to one single typical day. demand types and 69 technologies (with emerging technolo-
Different rows in the dependency matrix represent the typical — gies). Compared to that applied to Switzerland in Ref. [17],
days and are limited by the TDs, which is further restricted by coal-based Cogeneration’ combined heating and power (CHP)
the number of the TDs. Finally, typical days are determined by  technologies are also considered to supply high-temperature
minimizing the distance from all days to their corresponding  heat and centralized low-temperature heat considering the
typical days. actual situation in China. The energy conversion technologies
are mainly divided into ten blocks: (1) Electricity production
consists of conventional fossil-based and renewable resources-
The Energyscope TD model represents an energy system based power generation technologies to supply power for other
considering all energy flows in the application scenarios. The technologies and end-use electricity demand. The technologies
energy system comprises three parts: energy resources, energy for (2) centralized heat and (3) decentralized heat provide
technologies, and end-use demands. Each type of energy flow low-temperature heat demand for the society, while (4) those
is defined as a layer. Different layers are interlinked by energy for industrial heat aim at satisfying high-temperature heat
technologies, including end-user, storage, and infrastructure demand. The technologies for both (5) public mobility and
technologies. Each layer needs to be strictly balanced at each (6) private mobility are used to meet urban and intercity
time by synergistic configuration and coordination operation.  passenger mobility demand. (7) The freight transport demand
For instance, the electricity layer is balanced by (1) optimized can be executed through trains and trucks. Three types of
schedule by different power generation technologies, (2) elec- energy storage technologies are considered to cope with the
tricity consumption by electricity-consuming technologies and  penetration of RES: (8) electricity storage, (9) thermal storage

D. Superstructure-based Energyscope TD Model
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Fig. 5. The reference energy system of the Energyscope TD modeling framework for Beijing 2035.
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and (10) fuel storage by liquid natural gas (LNG). Moreover,
four multi-function mass layers including electricity, hydrogen,
natural gas, and oil are emphasized: They can either be treated
as available energy resources or be produced/converted by
other technologies.

The Energyscope TD optimizes the energy system plan-
ning, including the optimal system configuration, i.e., the
combination and sizes of various energy conversion and
storage technologies, as well as the operational strategy of
each technology, i.e., hourly energy flows allocation among
different energy resources, energy conversion technologies,
and energy storage devices, by minimizing the overall annual
costs that consist of the overall investment costs, and operating
and maintenance costs of the technologies employed, and
the operating costs of resources fed into the energy system.
Additional indicators for evaluating the derived energy systems
include the GHG emissions represented by the global warming
potential (GWP) (ktCO;-eq./year) calculated via the life cycle
assessment (LCA) method. The whole energy system planning
is formulated as linear programming (LP) problem considering
the balance of all energy layers, as well as additional physical
limits related to the system design and operation:

1) The installed capacity of each technology is limited to
a range expected considering its deployment potential in the
future.

2) The operation strategy of each technology is constrained
by the capacity factors related to resource availability, and its
downtime and maintenance.

3) Each energy layer must be balanced for each time.

4) For the energy storage technologies, the energy storage
level at a time (t) is derived by the last-time (¢ — 1) storage
level (considering energy storage losses) as well as incoming
and outgoing flows (considering input/output efficiencies) at
the time (¢).

Detailed information including mathematical formulations
on energy planning models and specifications can be found in
the supplementary material.

III. ASSUMPTIONS AND SPECIFICATIONS
A. Energy Supply for Beijing

The availability of energy resources has a significant impact
on the pathway of the energy transition. Beijing has high
energy consumption but limited resources [23]. The majority
of energy consumed in Beijing, including NG, coal, oil and
electricity, are imported from other resource-rich provinces
such as Hebei, Shanxi, and Inner Mongolia. In this context,
Beijing has advanced its four-stage energy transition to estab-
lish a stable energy supply.

For the current energy supply system, the consumption of
crude oil, natural gas and imported power is comparable,
which dominates the entire energy system. There has been
a dramatic decrease in coal consumption in Beijing (Fig. 6),
which attributes mainly to large-scale city clean energy actions
such as the project of switching from coal into gas and
electricity for district heating. Crude oil plays a crucial role
in energy consumption and the proportion keeps at a stable
level of one-third. The oil product supply of Beijing depends
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Fig. 6. The energy supply structure of Beijing from 2010 to 2017.

on the Sinopec Yanshan Petrochemical company with an
annual crude oil process capacity of ten million tons, as
well as the “one plant, one line, multiple warehouses and
one thousand stations” refined oil supply system. It can be
seen that the NG consumption witnessed an ever-increasing
trend in the energy structure since the development of the
NG-based local power generation and space heating, which
is supported by a multi-sources, multi-directional NG supply
system with “three gas sources, eight channels and a 10 MPa
loop” (main NG pipelines illustrated in Fig. 7). As for the
imported electricity, imported electricity increased with the
enhancement of receiving external electric channels, 14 lines
with a capacity of 35 GW during the 13 th Five-year Planning.
Considering local renewable energy sources, Beijing is rich
in solar energy in the category of class II according to solar
energy radiant quantity, and rich in geothermal energy with ten
main interconnected geothermal fields (see Fig. 7). However,
the development of wind and hydrogen energy is limited by
the scarcity of energy resources.

Legend :

==3 NG Pipeline
@  Geothermal field

China-Russia Eastern Line

Datang coal gas

Shan-Jing | /Shan- Jing III * Yongqing Airport Line

Fig. 7. The natural gas transmission pipelines and main geothermal field
distribution of Beijing.
B. Key Assumptions of Energy Demand Forecasting

To guarantee the reasonability and feasibility of the energy
demands forecasting results, essential analysis of the devel-
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opment and energy resources of Beijing is introduced. In the
context of the “Beijing 13" Five-year Planning Outline” and
“Beijing Urban Mater Plan (2016-2035)”, Beijing’s economic
growth would slow down gradually. Referring to the report
of “The Challenges, Policy Tool and Institutional Framework
of a Typical City (Beijing)”, the economic growth rate in
different stages is assumed to be 6.5% during 2016-2020 and
decreases by 0.5% every five years until 2035. Concerning the
population increment, in the light of the “Beijing Urban Mater
Plan (2016-2035)” and the process of non-capital function
interpretation, the growth rate of Beijing’s population will
slightly drop. Beijing’s permanent resident population will
reach around 23 million in 2020 and keep at this level for a
long time. Furthermore, we employed a time series forecasting
method to predict the permanent resident population change
trend (Fig. 8), concluding 21.45 million for 2035. The urban-
ization rate of Beijing is assumed as a constant value of 86.5%
and the proportion of the tertiary industry is set as 85% with a
stable economic structure with a feature of high-grade, high-
precision, advanced technology. Thus, the essential national
economic and social development scenarios are concluded in
Table III.
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Fig. 8.
2035.

The permanent residential population change trend of Beijing towards

TABLE III
ASSUMPTIONS OF THE ESSENTIAL ECONOMIC AND SOCIAL
DEVELOPMENT IN DIFFERENT STAGES

Symbol 2016-2020 2021-2025 2026-2030 2031-2035
Economy growth rate (%) 6.5 6.0 5.5 5.0
Permanent population 21.48 21.30 21.35 21.45
(million)

Urbanization rate (%) 86.5 86.5 86.5 86.5
Tertiary industry 80 85 85 85

proportion (%)

C. Energy Demand Forecasting Results

This section presents the prediction results of various energy
demands within the energy demand structure of Beijing for
an eighteen-year horizon from 2018-2035. The historical
energy consumption data and crucial exogenous variables in
the general data sets from 2005 to 2017 are reported in the
supplementary material. The entropy-based weighted hybrid
energy forecasting method is adopted through two steps: i)
determining the weighting factor for each single forecasting
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model and ii) forecasting energy demands for the target year
with a hybrid method. Firstly, historical data sets are divided
into two parts: data from 2005 to 2014 are used as training data
to build forecasting models and the rest of the data are used
for results validation, which is used for calculating the relative
error sequence. The weighting factors of various forecasting
models for various energy demands are obtained and presented
in Fig. 9.

= GM(1,1) = Regression SVM
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Weighting factors of single forecasting models

Fig. 9. Weighting factors of various single forecasting models for different.

Weighting factors of single forecasting models represent
prediction accuracy on specific domains. Single forecasting
models presents different accuracy on various prediction cate-
gories. For example, GM(1, 1) presents great performance on
the tertiary industry power demand (weighting factor is 0.499)
but behaves poorly on the cargo turnover prediction (weighting
factor is 0.032). Moreover, concerning the nine categories
investigated, the performance of the three forecasting models
varies a lot in different categories. To be specific, the passenger
turnover can be estimated correctly by GM(1, 1) and SVM
with the weighting factors of 0.494 and 0.355, but the cargo
turnover within the mobility sector can be estimated by re-
gression and SVM models with the weighting factors of 0.479
and 0.489, while the secondary industrial power demand can
be forecasted precisely by the GM(1, 1) and regression means
with a corresponding weighting factor of 0.436 and 0.465. For
the other six categories, the three approaches present a similar
level of prediction precision. Based on the obtained weighting
factors, the energy forecasting results of Beijing towards 2035
are illustrated in Fig. 10.

The hybrid forecasting method performs robust results when
compared to the single forecasting approach, the forecasting
results located between the energy demands ranges determined
by individual forecasting results. The results demonstrated
that it can avoid the errors caused by the weakness of
single methods. The distribution of forecasting results for
various approaches can reflect prediction precision, which is
represented by the weighting factor. Taking the passenger



LI et al.: ENERGY PLANNING OF BEIJING TOWARDS LOW-CARBON, CLEAN AND EFFICIENT DEVELOPMENT IN 2035

w
g 250 X 1000 GWh, Mpkm, Mtkm
g o GM(1,1)
2 | ) o Regression
£ 200 SVM
? e Hybrid results
g150r @ °
E (]
2 100 v °
<
g [ | ]
5 sof ® ® ) a v
> hd e
20
g 0 @ o
m o oy 5 oy o o > > N
& & @ 9 & & & & &
&S
PR S R R s M S R
9 S S o &L &
IS S N - I R
£ U O R N oY ©
& & & T
< FF & & &@{‘
OV
< %Qoo KL e

Fig. 10. Energy forecasting results of various categories of Beijing towards
203s.

turnover as an example, the forecasting results are 149002
(GM(, 1)), 208680 (regression), and 139746 (SVM) Mpkm,
respectively, in which the regression result is far from the
other two approaches and corresponds to a relatively smaller
weighting factor of 0.151.

For the prediction results of Beijing energy demands in
2035, based on the social and economic development assump-
tions, the passenger and cargo turnover will be 154758 MPkm
and 46187 Mtkm, respectively. For electricity consumption,
power demand among the multiple sectors is going to witness
a different increase. A dramatic increase from 50630 GWh
in 2017 to 125231 GWh in 2035 is foreseen in the tertiary
industry due to the economic growth and industrial struc-
ture adjustment. Concerning the heating demand, the high-
temperature heat demand of the secondary industry will de-
crease to 5956 GWh, while the low-temperature heat demand
of the tertiary industry and household sector will increase to
31003 and 56899 GWh, respectively.

D. Typical Days Selection for Beijing Energy Planning

Based on the given five time-series data, 12 TDs are selected
for Beijing energy planning towards 2035. The repetition of
these typical days over the year is illustrated in Fig. 11.

The red points represent 12 typical days, which can be
classified into four categories:

o 7 winter days (TDs 1-4 and TDs 10-12) with space
heating demand. There are nuances between them: TDs
1-4 are sunny windy days, with a higher heating demand
for TD-1, a stronger wind for TD-2 and stronger sunshine
for TD-4. TD-10 and TD-13 are cloudy days, but TD-13
presents lower electricity demand and smaller water flow,
and TD-12 is a sunny day.

¢ 3 cold intra-season days (TDs 5-7). TD-5 has a stronger
wind than the other two days and a smaller water flow,
TD-6 is a sunny day with stronger sunshine compare to
the other two days.

¢ 1 hot summer day (TD-8), which is an unwind sunny day.
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Fig. 11. Associations of days of the year (x-axis) to one of the twelve typical

days (y-axis). Red points represent the selected typical days for each cluster
and the blue points represent the real day of the year.

¢ | hot intra-season day (TD-9), with the lowest hydro river
production due to the lowest water flow.

Figure 11 illustrates that some intra season days are con-
nected with selected typical winter or summer days. For
example, the 6™ of July (day 187) is a cold summer day
associated with TD-5, a cold intra-season day.

IV. RESULTS AND DISCUSSION
A. Model Validation

Long-term energy planning is inherently unverifiable since
they model an unknown future [38]. Limpens et al. [17]
proposed that such models can be validated in representing
the past or present state of the system. Thus, we assess
whether the model can reconstruct the Beijing energy system
in 2015 with good data availability and strong timeliness.
Some key parameters, such as the end energy demands, shares
of train freight, public mobility, and centralized heat supply
for the comparison, are fixed to reproduce energy system
configuration with the 12 TDs selected before. The results
are compared to the public data for 2015 in terms of main
energy consumption, global or per type of fuels, and global
GHG emissions.

The energysocpe model provides a good approximation
of the public energy consumption data for Beijing in 2015
(Table IV). The lower values of energy consumption calculated
result from the higher efficiencies of various technologies
employed for 2035. The difference is mostly related to the
NG, gasoline and diesel. Other differences like the imported
electricity result from the ignorance of some minor contribu-
tions in LP model. The total GHG emission from the main fuel
combustion in 2015 is 52 MtCOy-eq with a margin of error
of 7%. The energyscope model can effectively provide good

TABLE IV
MODEL RESULTS VS. PUBLIC DATA FOR BEIJING ENERGY SYSTEMS
IN 2015

Category 2015 ESTD A Arel units

NG 102.85 91.92 10.93 10.63% TWh

Coal 33.59 37.39 —3.80 11.31% TWh
Gasoline 55.43 5121 422 7.62% TWh

Diesel 21.45 15.01 6.44 30.02% TWh

Elec. Imp. 56.84 64.01 —7.17  12.61% TWh

GHG (Fuels) 51.76 48.08  3.69 7.12% MtCO2-eq




922

reproduction of the energy system of Beijing for a reference
year.

B. Energy Planning Based on the 12 TDs Selected

The energy planning of Beijing towards 2035 with a 10%
share of renewable energy and GHG emissions limitation
referring to 2015 are studied, including (1) energy system
structure optimization, and (2) operation strategy considering
the penetration of renewable energies.

The Sankey diagram (Fig. 12) illustrates the energy con-
version process from the energy resources to the end-use
energy consumption. The overall energy consumption reaches
384 TWh with 10% coming from local renewable energies
(imported electricity is not converted to fuels). The energy
planning achieves the renewable energy development target
in two steps without violating the GHG emission regulation.
Firstly, compared to the scenario without renewable energy
constraints, the energy resources consumption is decreased
by 14% via employing emerging high efficient technologies,
such as heat pumps (HPs), electrical vehicles (EVs), and
district heating networks (DHN). Secondly, the development
of renewable energy technologies, mainly solar energy and
geothermal energy due to the regional resources endowment,
is promoted.

Considering the relationship between energy supply and the
end energy consumption of Beijing, the imported energies
will continue to play a crucial role in the energy transition.
To be specific, the imported electricity (163 TWh) and NG
(163 TWh) contribute up to 86% of the energy resources. The
overall annual cost of the energy system is 251 billion CNY,
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with the annualized capital expenditure (CAPEX) and system
maintenance accounting for 28%. The remaining is contributed
by imported electricity and other resources, corresponding to
97% of the overall GWP.

The energy transition pathway presents partial electrification
of mobility and heat sectors, increased penetration of efficient
technologies and local renewable energy sources (Fig. 13).
Electricity demand accounts for 65% of the end energy de-
mand, while the electrification level of the mobility sector
reaches 44%. Particularly, the electrification of public transport
reaches as high as 67%. Considering advanced technologies,
(1) more than 80% NG is used by the CHP units to supply
electricity and heat; (2) HPs supply 26 TWh low-temperature
heat, only 6 TWh less than that supplied by the boilers; (3)
DHN dominates the low-temperature heat supply (80% and

80% 32 TWh
26 TWh
NG consumed by CHP
67%
470 65% ‘ 80%'
Heat LT supplied by DHN

B End electrification level M Heat LT supplied by HP
Bl Public transport electrification level Bl Heat LT supplied by Boiler
I Mobility electrification level

Fig. 13. The electrification level of end-use energy demand, mobility sector
and public transport, as well as advanced technologies application under the
scenario with a 10% renewable energy share in 2035.
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Fig. 12. Energy flows of a scenario representing a 10% renewable energy share of Beijing towards 2035, in which the energy resources is 10% renewable
energy (green on left). Highly-efficient and energy storage technologies are framed in red and black, respectively, while the dotted line means that part of the
technologies employed in this sector is efficient, for example, trolley (efficient) and diesel-fueled (not efficient) in the public mobility sector.
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95 TWh); (4) thermal storage is used as a buffer for the
electrical grid, as well as the supplement of electricity storage.
Moreover, the large imported electricity proportion reduces the
local energy storage need by rational electricity dispatching.

Figures 14 and 15 show the hourly energy flows of elec-
tricity and low-temperature heat for each day, respectively.
The electricity supply is dominated by imported electricity and
NG-based CHP technologies (92%), while electricity demand
is partially satisfied by local renewable energy resources. The
power generated from NG presents a remarkable seasonality
due to the thermoelectric coupling of NG-based CHP technolo-
gies. The power generated from NG increases in the winter
heating period and decreases in the summer. To satisfy the
end electricity demand, imported electricity presents a reverse
trend. Daily electricity supply is mainly from renewables,
thus varies significantly in a tempo manner, for example, the
PV peaks in midday and decreases at night. Considering the
electricity demand, the process of electrification contributes to
a remarkable increase to 248 TWh of Beijing in 2035. The
electricity demand varying in an hourly time scale for each
TD partially results from the electrification of the mobility
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sector (Fig. 14).

For low-temperature heat supply, fossil fuel plays a major
role (67%) by employing three types of technologies: CHP,
Boilers, and novel NG-based HP. The promising HP has great
potential both for DHN and decentralized low-temperature
heat supply. Renewable-driven heat supply is mainly based
on geothermal and solar energy. The overall capacity of
geothermal can reach 11 TWh in 2035 and remains constant
during various TDs. Solar energy is used directly for heating
during the daytime, e.g., during TD-6, hours 7 to 19. Seasonal
heat demand is high in the winter heating period but keeps
at a lower level in summer, accordingly, electricity generated
from NG-based CHP units in winter is significantly larger
than that in summer on account of the thermoelectric coupling
effect. Daily heat demand presents a tendency contrary to the
electricity demand: the demand peaks at midnight and down to
the bottom at noon due to the change of ambient temperature.
Moreover, considering thermal storage, the system stores ther-
mal energy during the daytime and releases the stored energy
at night (such as TD-4).

To further illustrate the effectiveness of the proposed plan-
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Fig. 14. Electricity balance of the 12 TDs. The electricity supply (positive) has to compensate for the power demand.
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ning method, the results are compared with the study in
Ref. [14]. In Ref. [14], the energy consumption in 2035
will reach 107.62, 92.13, 86.11, and 80.88 million tons of
coal equivalent in business-as-usual, low-carbon, enhanced
low-carbon, and peak-reaching scenarios, respectively. The
energy consumption in this study is 73.7 million tons of coal
equivalent with a conversion efficiency of 43% for imported
electricity production. The results close to the scenario of
peak-reaching and the difference may be resulted by three
factors: (1) different energy efficiencies in the model; (2)
advanced technologies employed in our model; (3) ignoring
some small contributions.

C. Sensitivity Analysis

For real-world energy system planning, there are many
uncertainties [39], e.g., resource availability and price. The
impact of imported hydrogen price, imported electricity price,
NG price, and the CAPEX of the electrolyzer and steam
methane reforming (SMR) for the hydrogen application are
studied via sensitivity analysis.

The overall cost of the energy system and yearly balance
of energy resources with different NG prices is presented in
Fig. 16. The overall system cost increases linearly with the
NG price. With the reference price of 0.23 MCNY/GWh, the
total system costs reach 232 billion CNY when the NG price
falls by half, and increases to 269 billion CNY if the NG price
rose by half. To study the effects of NG price change on the
energy system planning, the yearly balance of energy resources
is analyzed. The imported electricity presents a significant
influence caused by the NG price change apart from the NG
consumption change. There is a substantial decline of annual
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NG consumption from 163 TWh to 149 TWh after the NG
price rises to more than 130% of the reference, which attributes
mainly to the NG price being higher than the imported
electricity. Thus, part of the NG is replaced by electricity,
thus the annual imported electricity increases from 163 to
169 TWh. For other energy resources, the NG price change has
a slight influence on the energy consumption structure. When
varying within 50% and 150% of the reference NG price, the
increase in the NG price may promote the consumption of
other fossil fuels. Without the imported electricity and NG, the
proportion of fossil fuels increased from 30.6% to 31.6%, in
which the proportions of gasoline and diesel decrease slightly
but that of the LFO increases from 3.5% to 4.9%. This change
attributes to the fuel replacement of NG by LFO within the
distributed integrated energy system for the sake of operating
cost reduction.

Electricity price changes present a similarly linear impact on
the overall cost of the energy system with NG price, increasing
from 176 billion with 50% of reference electricity price
(0.81 MCNY/GWh) to 317 billion CNY with 150% of the
reference electricity price (Fig. 17). Moreover, the electricity
price decrease will induce significantly the increment of the
imported electricity but the increase in the electricity price
has nuances on the energy system structure in the change
range. When the electricity price drops by half, the amount
of imported electricity reaches 241 TWh, accounting for 74%
of the total energy resources consumption. Meanwhile, NG
consumption decreases to 36 TWh with a share of 11%. It
should be noted that the total energy resources consumption
drops with the electricity price change. There is a 56 TWh
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reference price.

The overall cost of the energy system and yearly balance of energy resources considering various NG prices in the range of 50%-150% of the
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decrease of the total energy resources consumption with a 50%
referencing electricity price, which is caused by a larger scale
imported electricity utilization and the imported electricity
corresponds to another upstream energy conversion process.
Considering the electricity demand, the effects on the overall
energy system with 50-150% of the reference electricity price
have been discussed in detail in the supplementary material.
Hydrogen plays an important role in the transport sector,
reaching the upper bounds (20%) of private mobility demands,
and is mainly derived from SMR technology. With the de-
crease in the imported hydrogen price, hydrogen application
presents a promising potential in terms of public mobility and
decentralized combined heat and power generation (Fig. 18).
When the imported hydrogen price is below 40 CNY/kg, end-
use hydrogen is still mainly consumed by the private mobility
sector and part of the hydrogen is supplied by the imported
hydrogen. The imported hydrogen dominates the hydrogen
supply when its price decreased to 18 CNY/kg. If the imported
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Fig. 18. Hydrogen supply and consumption considering various imported
hydrogen prices in the range of 0-60 CNY/kg.
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The overall cost of the energy system and yearly balance of energy resources considering various imported electricity prices in the range of

hydrogen price is further reduced to 14 CNY/kg, hydrogen
might present considerable penetration in the public transport
sector and the hydrogen-based technologies will undertake
20% of the total public transport task. Moreover, when the
imported hydrogen price further reduces to 4 CNY/kg, the
hydrogen starts to participate in decentralized CHP with a
contribution of 1% to the decentralized low-temperature heat
demand.

The influences of CAPEX of the electrolyzers and SMR
technology on the hydrogen supply and consumption are also
investigated. The variation of SMR CAPEX within 30-100%
of the reference value (5299 MCNY/GW) does not affect the
hydrogen supply and consumption (see supplementary infor-
mation). For the CAPEX of the electrolyzer (Fig. 19), when it
decreases to 65% of the reference value (2392 MCNY/GW),
there will be 8 GWh hydrogen generated locally from the elec-
trolyzer technologies and the value remains unchanged as the
electrolyzer CAPEX further decreases, because the hydrogen
cost is dominated by the OPEX, mainly the electricity cost.
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V. CONCLUSIONS AND POLICY IMPLICATIONS

Beijing will build a clean, efficient, low-carbon energy
system under the guideline of the “Beijing Urban Mater Plan
(2016-2035)”. A potential pathway for deeply energy transi-
tion of Beijing is studied with an extended energyscope model
by integrating entropy-based weighted hybrid energy demands
forecasting method. Moreover, the uncertainties of the energy
transition and the penetration of hydrogen technologies are
investigated by sensitivity analysis. The results show that
imported energy and NG will dominate the energy supply
in 2035 with a share of 86%. The optimized energy system
presents higher electrification of mobility and heat sectors,
as well as high penetration of efficient technologies such as
CHP and HP. There is a coherent relationship between various
energy resources and end-use sectors. The case study provides
the following messages to support policy-making and energy
planning:

1) Strengthen the electrification level of the end-use sec-
tors. Making electricity accounts for 65% of the end energy
consumption. Improving the electrification of the mobility
sector will contribute to the mitigation of GHG emissions
from fossil fuels. Facilitating electrification in heating sectors
can enrich the heating supply means and increase renewable
energy consumption.

2) Promote the application of high-efficient technologies.
The application of promising technologies is an effective way
for the gross control of energy consumption. In the context of
the energy development target year of 2035, energy supplied
by some innovative means can increase up to 119 TWh (CHP),
26 TWh (HP), and 95 TWh (DHN).

3) Prioritize the development of local superior renewable
energy resources. Solar energy can be used in the form of
both electricity through the PV (13 TWh) and low-temperature
heat (2 TWh). Geothermal can be developed as an important
part of DHN and the utilization scope will reach 11 TWh in
the framework of the renewable share constraint and GHG
limitation.

4) Guarantee the capacity of imported electricity and NG
supply. The imported electricity and NG are inevitable for
Beijing and affect each other largely. The NG price fluctuates
within 50-150% accompanied by the same trend change of
imported electricity quantity from 161.7 TWh to 169 TWh. In
turn, the increase in the proportion of electricity will decrease
NG consumption under the same energy demand.

5) Accelerate hydrogen-related technology development and
application. Hydrogen plays a significant role in the transport
sector, reaching the upper bounds (20%) of private mobility
demands. With cost reduction, hydrogen will be promising
for distributed CHP. Moreover, the decrease of electrolysis
CAPEX will promote that part of hydrogen generated from
SMR is replaced by electrolysis technology.
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