10

11

12

13

14

15

16

17

18

19

A systematic data-driven Demand Side Management method for

smart natural gas supply systems
Huai Su 2, Enrico Zio ®¢, Jinjun Zhang **, Lixun Chi ¢, Xueyi Li ¢, Zongjie Zhang * ¢

 National Engineering Laboratory for Pipeline Safety/ MOE Key Laboratory of
Petroleum Engineering /Beijing Key Laboratory of Urban Oil and Gas Distribution
Technology, China University of Petroleum-Beijing, 102249, Beijing, China
® Dipartimento di Energia, Politecnico di Milano, Via La Masa 34, 20156, Milano,
Italy
¢ MINES ParisTech, PSL Research University, CRC, Sophia Antipolis, France
d Petrochina West East Gas Pipeline, Dongfushan Road 458, Pudong District 200122,
Shanghai, China
Abstract
Advanced sensor and communication technologies can make natural gas supply systems
smarter than ever before, in both system management and operation. This paper presents the
development of a novel data-driven Demand Side Management, whose framework includes demand
forecasting, customer response analysis, prediction of dynamic condition of the gas network, quick
supply reliability evaluation, multi-objective optimization and decision-making. The aims of this
DSM method are to smooth load profiles, improve company profit and enhance system reliability,

by means of a dynamic pricing strategy. To verify the effectiveness of the developed framework, a
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case study is considered, concerning the management of a relatively complex gas supply system,

wherein four different pricing periods are introduced for comprehensively testing. The results in the

case study show that the DSM framework is able to effectively achieve the targets of peak shaving

and valley filling. Besides, it can significantly and stably improve the system efficiency and

reliability, for different pricing periods. Finally, pricing period determination is discussed in relation

to the features of performance.

Keywords: Natural gas supply system; Demand Side Management; Data-driven; Deep learning;

Multi-objective optimization

Nomenclature
CPP Critical Peak Pricing
DR Demand Response
Demand Side
DSM
Management
LNG liquified natural gas
Long Short Term
LSTM
Memory
MAE Mean Absolute Error
MRE Mean Relative Error
RTP Real-Time Pricing
RNN recurrent neural network
RMSE Root Mean Squared Error
TOU Time Of Use
UGS underground gas storage
A cross-section area
CFR aggrega.te consu@ption
fluctuation reduction
a t t ’
4CS ggrega ’e customers
satisfaction
CcS cluster silhouette
E demand elasticity of price

RR
SR

Supply
CapaCilytotal,max
Uc

Us

Ui

CS

cost

Piprediction

Ic

risk reduction

risk of natural gas shortage
the maximal total supply
capacity

customer utility for
consequence quantification of
risk

profit of supplier

utility of the Customer i
speed of sound

silhouette width

total cost of gas production and
transportation

forecasted demand

customer consumption
natural gas price at time
delivery pressure at node i
predicted delivery pressure at
customer i

squash factor

cluster radius

customer satisfaction

time ¢
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representative solution in

S .
Foptimal family s Vigy ki positive constant factor
L. cumulative standard Gaussian
G objective value D .
distribution
the number of clustered . . .
K .. Waccept, Wreject accept ratio and reject ratio
families
. reliability coefficient of
L gas consumptiom Pdemand
customer
) mean value and variances of
LF load fluctuation U, o

relevant parameters

total natural gas

Liotal . ™
consumption
average duration of time that
PI profit improvement At the consumption of the line-
pack capacity
. length of the part of Pipeline j
PR peak reduction AXij . .
connection customer i
P(Guorm())  potential of Guorm(¥) Yol gas density
the customer contracted
Plim,i minimum delivery y vector of objective values
pressure

gas flow into delivery
Oij node i from the

connecting pipeline j

1. Introduction

Natural gas is an important energy resource because of its natural benefit including relatively

reduced capital cost, high energy containing value, low greenhouse gas emission and so on. Besides,

that, its stability of production and supply makes it more competitive than other clean energy

resources, like wind power and solar energy, in an integrated energy system [1]. According to the

estimation of the International Energy Agency, by 2030, 25% of the world energy consumption will

be covered by natural gas [2]. Hence, it is an essential issue to maintain a supply-demand balance

of natural gas.

Natural gas always needs to travel very long distances (hundreds, even thousands of kilometers)
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to different customers, e.g., large local distribution networks, gas-fired power plants, large industries,

etc. Such natural gas supply networks are now always closely integrated into the integrated energy

systems, as an important component for flexibility improvement, peak-shaving and coping with the

uncertainties of some renewable energy sources. Considering these issues, supply reliability and

operation efficiency of the natural gas transmission pipeline networks becomes even more

fundamental than before, for energy supply security and its efficiency.

The reliability of natural gas supply systems is threatened by a number of problems, such as

uncertain operation conditions, complex environments, rapidly increasing natural gas market

demands and significant demand fluctuations from the customers. In particular, short-term demand

fluctuation is a difficult problem, which decreases gas supply reliability, system efficiency and

production profit. The main reason for these short-term fluctuations is that the gas price is kept as

fixed on relatively long time horizons (several seasons or years) and the customers, unaffected by

the strains on the gas supply systems, use gas just as their habits, which can cause high peaks during

the day and low valleys in the night.

To deal with this problem, smart grids and smart energy systems are developing advanced

Demand Side Management (DSM) strategies to reduce the peaks and fill the valleys by influencing

customers’ consumption patterns, via economic methods [3]-[5]. These DSM strategies can be

classified into different groups according to different principles. In this paper, the DSMs are mainly

categorized as energy efficiency methods and Demand Response (DR) methods [6], according to

the timing and impact of the DSM methods on the customers. Energy efficiency methods include

all the permanent efficiency improvement methods [7], for example, equipment replacement and

system update. DR methods can control the patterns of the customers’ load [8]-[10]. Furtherly,
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according to the way to influence the customers, the DR methods can be classified as Incentive-

based DR and Time-based DR. The Incentive-based DR are triggered by specific situations [6], [11]:

for example, special contracts for some specific customers with limited sheds, voluntary behaviors

to emergency signals [12], customers bidding for curtailing at reasonable prices, etc. The Time-

based DR methods are mainly performed by changing the price of gas in time to desired demand.

According to the rules to adjust the price, the Time-based DR methods can be grouped by Time-of-

Use (TOU) method [13], Critical Peak Pricing (CPP) method [14] and Real-Time Pricing (RTP)

method [15]. From the literature review, it emerges that the Time-based DR methods are the most

effective DSM strategies, because their inherent characteristics are more suitable to the real-world

unsteady and fluctuating energy consumptions. This paper focuses on developing a DSM strategy

from the Time-based perspective. Properties of the three types of Time-based methods and survey

results are presented in Table 1.

Table 1 Survey about the different kinds of Time-based DR methods

Main Applications
characteristics
Divide year, season or day into specific time blocks [7],
and specify tariffs according to different methods, such as
. Static price security-constrained unit commitment [16], Stochastic
Time-of-Use o . :
schedule Optimization Approach [17], [18], Monte Carlo simulation
[19], nonlinear economic modeling [20] and multi-
objective optimization [21].
Less Focus on end users and analyze responses of different
. predetermined kinds of customers during peak periods in order to make a
Critical Peak . . ..
Pricing variant, between | suitable schedule, by means of statistic methods [22], [23],
TOU and RTP agent-based modeling [24], regression modeling [25] and
mathematical optimization [26]
Market prices The most effective strategy, change customer’s profiles of
Real-Time timely act on consumption by real-time wholesale price. The methods
Pricing customers include reinforcement learning [3], agent-based modeling
[27], network analysis [28] and so on.
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Considering the similarity of the natural gas supply systems and the electric power grids, there

is a huge potential capacity to use these DSM methods to improve the reliability and efficiency of

natural gas supply systems subject to consumption fluctuation. And more so, the recent significant

progress on big data analytics and smart technology for application to natural gas supply systems

can provide support to develop effective DSM strategies in natural gas supply systems [29], [30].

Unfortunately, the DSM strategies of smart electric power grids cannot be directly transferred

to the natural gas supply systems, because [31], [32]: (1) natural gas is a compressible fluid,

presenting transient behaviors in the pipeline transportation process; (2) because of the

compressibility, natural gas can be stored in pipelines and create a “buffer area”, which is quite

different from power grids. Limited by these issues, the adjustments of system operation and

resources allocation are often carried out based on off-line simulations, even though the current

pipeline network systems already have good abilities to perform on-line monitoring and control [33].

Hence, besides the classical abilities of DSM, a feasible DSM strategy for natural gas supply

systems also requires (1) accurate on-line prediction module of dynamic conditions of the complex

gas pipeline networks; (2) evaluation of the short-term supply reliability with due consideration of

the compressibility of the natural gas.

Considering the specific issues of natural gas supply systems, in this paper we develop a novel

data-driven Real-Time Pricing method which can be used in the future smart gas supply systems to

smooth customers’ consumption fluctuation, improve supply reliability, increase the profits of the

supply side and the satisfaction of the customers side. The developed DSM method mainly includes

six parts: the hourly natural gas demand forecasting part, the system dynamic condition prediction

part for complex gas pipeline networks, the supply reliability evaluation part, the customer behavior
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analysis part, the multi-objective optimization part and a final decision-making part. The main
contributions of this work are summarized as follows:

(1) A novel systematic data-driven DSM method is developed for complex smart natural gas
supply systems. Besides the classical properties of the DSM methods for electric power smart grids,
the unique issues in natural gas supply systems, i.e., transient behaviors in the pipeline transportation
process and line-pack storage, are considered in the development of DSM framework. As the best
knowledge of the authors, this is the first time that the properties of natural gas pipeline network is
considered in the research on DSM, which can provide new theoretical support for DSM in
Integrated Energy Systems.

(2) A data-driven framework for natural gas supply system management is proposed.
Advancing the classical management methods based on off-line simulation, the proposed
framework overcomes the limitation of the strict requirements of accuracy of system description,
boundary condition and initial condition, which enable the real-time management in complex
natural gas pipeline networks, based on online data. This can provide interesting perspectives for
the introduction of smart technologies into natural gas supply systems.

2. Methodology
2.1 DSM framework for smart natural gas supply systems

The general framework of DSM method can be sketched as in Fig. 1. Firstly, a prediction model,
a recurrent neural network, RNN [34], in this paper, is used to forecast the demand of customers in
future hours, based on the real-time data collected via smart metering at the demand side. Then, the
forecast results are input to the customer response analysis model to predict the change of gas

consumption in a specific time horizon, under a given price of gas. The results of the customer
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response prediction are combined with the real-time data of the pipeline network running conditions

collected by the sensors, as input to the prediction model of the dynamic behavior of the complex

pipeline network system. These corresponding prediction results, including delivery pressure at the

demand sides and the outputs of the suppliers, are used to evaluate the supply reliability (based on

the developed assessment method) and the profits of suppliers. Finally, the objectives of gas

consumption fluctuation minimization, supplier profits maximization, supply reliability

maximization and customer satisfaction maximization are integrated as a multi-objective

optimization problem, here solved by the NSGA-II algorithm [35], [36]. Considering the complexity

of the solution structure, decision-making rules are finally developed to find an optimal dynamic

price.

—>Optimal dynamic price Power Industrial Commercial Residential
plant Customer Customer Customer -

=0 I T
Collecting real-time l l l.. ’
| 2
}

consumption data - " wj m
1
On-line hourly natural
gas demand forecasting Dynamic prices

(Section 2.1) i
Customer response
a a@“ 3 analysis (Section 2.2)

Real-time data flow

~* Analytic results flow

.| Customer satisfaction
evaluation

"

X J| Load fluctuation
Gas pipeline Collecting system ~ Real-time system evaluation T
network condition data ~ dynamic condition -
prediction (Section 2.3)

Supply reliability

evaluation (Section 2.4) Multi-objective

- — optimization &

Supplier profit decision making
calculation (Section 2.5)

Fig. 1 DSM framework for smart natural gas supply systems
2.2 The natural gas demand forecasting model
Accurate gas demand forecasting is essential to the effectiveness of the DSM strategy. The

researches of energy demand forecasting have explored different kinds of methods, including time
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series model [5], [37], regression model [38], [39] and artificial neural network [40]-[43]. Recently,

some hybrid forecasting methods, integrating different models to overcome the relevant problems

of the different, individual perspectives, have been proposed, giving better performance in terms of

flexibility, computing efficiency, robustness, than the individual forecasting methods [30], [44], [45].

In this paper, we can firstly decompose the problem of natural gas demand forecasting into several

sub-problems and, then, select proper methods to overcome them, respectively. Usually, natural gas

demand data is complicated time series data, which significantly increase the difficulty of

forecasting. Besides that, the complex relationships inside the demand data also add difficulty. Here,

we develop a RNN-based hybrid forecasting method, as shown in Fig. 2:
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Fig. 2 Natural gas forecasting hybrid method
The Long Short Term Memory, Bi-LSTM and LSTM [46], models need to be pre-trained based
on historical consumption data and should, then, be updated periodically. Real-time natural gas
consumption data, selected by the autocorrelation method [47], is used as the input of the model.
The wavelet transform [48], [49] used here can decompose the complicated original real-time gas

demand data into relatively simpler sub-series, which can effectively reduce the difficulty for the

deep RNN (deep Bi-LSTM) model to learn the features of data. The RNN model is used to capture




150  the patterns in the data because of the proved good performance of prediction on sequential-

151  structured data [50]. However, the traditional RNN models with shallow structure have presented

152 limited capacity on large-scale, complicated data [51]. Hence, in this work, we use a deep Bi-LSTM

153  model (shown in Fig. 3) to comprehensively learn the relationships among the gas consumption data

154  from bi-directions, i.e., considering that the gas consumptions are influenced by both customers’

155  habits and the regulation of the government. Then, a LSTM layer is put on the top of the deep Bi-

156  LSTM model as a regression layer, to predict the future sub-series values based on the learned data

157  features. Finally, the forecasted sub-series are integrated together by the method of reverse Wavelet

158  Transform [30], to give the forecasting results of the natural gas consumption.

Ve Y, Y

LSTM forward
— —
E 0, ; 041
IR Y i PE—

Itaq

159
160 Fig. 3 Unfolded structure of a Bi-LSTM model
161 The developed forecasting model can capture and learn the complex relationships among the

162  natural gas demand data, but the learned relationship sometimes are just noises. This problem of
163  overfitting would be a serious problem, which can significant degenerate the forecasting accuracy.
164  For this, we adopt the dropout technique to address the potential overfitting problem. The dropout
165  technique is able to effectively prevent overfitting via randomly dropping units [52].

166 2.3 The customer response model for consumption analysis

167 One of the critical points in DSM is that the customers will act differently to different prices,
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which can be described by the price elasticity of demand in Microeconomics [53]. Based on that,
the regulation center can use dynamic natural gas prices to stimulate the customers to change their
patterns of consumption, to realize the target of gas load smoothing.

According to this concept, the basis of the dynamic price incentive on the customers is not only
“consume more gas” or “save more money”, but “get more feeling of happiness” by using natural
gas. In economic theory, this kind of feeling is usually quantified by the value of Utility [54], [55].
In this work, we simplify the problem by assuming that happiness is generated by both using gas
and saving money. Hence, the Utility function can be derived in the form of Equation 1, adopted

from the reference [56].

UCt+l ==S,1— Phyy- It+l (47)

in which Ucs+1 denotes the Utility of the customer at time #+1, which needs to be maximized; s+
denotes the satisfaction of the customer by using natural gas; pr.1 denotes the price of natural gas
at time #+1; /;+1 represents the customer’s consumption of natural gas at time #+1. The satisfaction

si+1 can be calculated by Equation 2:

It+1 j -1 (47)

Sin = dt+1,Bt+1 [d
t+1

in which d;+1 denotes the forecasted gas demand (Section 2.2) of the customer in the specific future

hours; « and S are calculated by Equations 3-4:

factor, ., = Ei +1(E,, <0) 47)

(24
t+1

[ —_ @7)

t+1
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where n represents the fixed price of natural gas, which can also be understood as the price without
dynamic pricing strategy. £+ is the demand elasticity of price at time #+1, which distinguishes
between different types of customers and changes along with time. According to the Equations, the
customer has a worse feeling of happiness when s>0 (/<d) than the normal condition of s=0. Hence,
in Eq. 1, the satisfaction is given a negative sign.

To find out the response of the customers under a given real-time price pr and a potential

demand of d (forecasted value), we consider the first order derivative of Uc at time ¢+1:

ouc,,

=0 (47)

t+1

which can be transformed as:

a-1
|
_aHlﬂtJrl{ = j - prt+l = 0 (47)

Then,

1
N pr,, -l
It+1 :( = j dt+l (47)

at +lﬁt +1

According to the second order derivative of Equation 7 and the ranges of ¢ and f, the diagonal
elements of the Hessian Matrix are all negative, and the values of the off-diagonal elements are all
equal to zero. This means that |: .1 1s the optimal response of the customer with the given real-time
price pri+1 and the forecasted demand di+1. According to the rationality hypothesis in
Microeconomics [57], the |: .1 1s assumed to be the customer’s consumption of natural gas, in the
time horizon set.

2.4 Prediction model for dynamic conditions in complex natural gas networks
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207 The responses of the customers will cause dynamic changes in natural gas pipeline networks,
208  because of the transient behaviors. The unsteady changes in the pipeline network increase the
209  difficulty of system control and dynamic pricing. The traditional way to overcome this problem is
210  to simulate the system behavior by some off-line software, with the given initial and boundary
211  conditions and very detailed system descriptions [58]-[60]. It is very difficult, even impossible, to
212 use the off-line simulations to realize the real-time dynamic pricing, because of their strict
213  requirements of boundary conditions and system description, and the noises in the data collected by
214  sensors. Considering that, in this work, we use a hybrid real-time prediction model, which is

215  developed based on Deep Learning [61]. The structure of the prediction model is sketched as Fig.

216 4:
Future delivery pressure values at the
customers
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forecasted demand values of the
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218  Fig. 4 Structure of the deep learning model for on-line condition prediction for natural gas pipeline

219 networks [62]
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Firstly, the collected data, including the current pressure at the nodes and the forecasted

demands at the customers, are preprocessed by data washing and normalization, as the input data of

prediction. Then, these input data are fed into the deep neural network, which is constructed by

stacking several auto-encoder models. According to the recent researches, the stacked auto-encoder

model has a significant ability to capture dynamic properties in complex systems, such as power

grids [63] and traffic systems [64]. Hence, here, we use the stacked auto-encoder model to learn the

complicated patterns of the collected real-time data in the natural gas pipeline network, to improve

the performance of the system condition prediction. The so-called auto-encoder model is a neural

network that attempts to reconstruct the input signal at its output layer, after passing through hidden

layers [65]. A sample auto-encoder model, with one input layer, one hidden layer and one output

layer, is shown in Fig. 5. In the stacked auto-encoder model, the outputs from the lower hidden layer

are taken as the inputs into the upper layer.

Input layer (x) Output layer (z)
|m———— , Hidden layer () |jm———— ,

W, W,
Encoding - Decoding

b

Fig. 5 A sample auto-encoder

To use the stacked auto-encoder model to perform the supervised prediction, a standard

predictor is put on the top of the stacked auto-encoder model. In this work, a logic regression layer

[66] is used as the predictor. In the supervised prediction, the delivery pressure in the next time step

at the customers is taken as the outputs, because the concern is on the supply reliability at the



238

239

240

241

242

243

244

245

246

247

248

249

250

251

252

253

254

255

256

257

258

demand side which is closely related to the delivery pressure. In the next section, the predicted
delivery pressure values are used as the critical parameters for the short-term supply reliability
analysis.

2.5 Supply reliability analysis method for natural gas pipeline systems

The researches of DSM in electric power grids focus on the balance between supply and
demand for analyzing the security of energy supply. However, the supply reliability in natural gas
pipeline networks involves more than the balance: the compressibility of natural gas and the
transient behaviors during transportation make the problem far more complex than balance.
Therefore, in the DSM of natural gas supply systems, we need to consider such property of the gas
pipeline systems in the compromise between reliability and efficiency for the DSM strategy.

In the short-term perspective, the supply reliability can be converted to a problem about
maintaining a delivery pressure higher than the minimum contracted pressure of the customers.
Hence, when determining dynamic prices, we need to consider to retain a reasonable pressure buffer
under the influences of customers’ responses, the dynamic properties of natural gas pipeline
networks and their uncertainties.

In this section, a limit state function [67] is developed to evaluate the supply reliability of
natural gas. The basic of this limit state function is the Mass Conservation Equation (Equation 8
below), because the hydraulic characteristic of natural gas pipeline systems is essential for this

problem.

%JrM:O (47)
ot OX

The Mass Conservation Equation is, here, used to describe the relationship between the
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demands and the connected delivery pressure. Considering this, Equation 8 is transformed into

Equation 9 at the node of Demand i, connecting Pipeline j:

B2 (30,1 @)
dt ZA A%

j=

in Equation 9, L; represents the gas downloaded from (Z; >0) or uploaded to (L; <0) the pipeline
network. Q;; represents the gas flow into delivery node i from the connecting pipeline j. When gas
flows from the pipeline j to the delivery node i, Q;; is negative; otherwise Q;; is positive.

To clearly present the relationship between the delivery pressure and the demand, Equation 9

is transformed into Equation 10:

0, C2At K
pi,potential == [Z QI j J+pi,prediction (47)
Z A A%

=

in which p; predgicrion represents the predicted delivery pressure in Section 2.4 and p; porentia represents

the delivery pressure after the time interval At , with the line-pack consumption rate of

Fort)

Generally, the variables in the pipelines should be calculated by the combination of the Mass
Conservation Equation and the Momentum Conservation Equation, and the iteration process is very
time-consuming. But according to the traditional concept of reliability [68], the supply reliability is
closely related to uncertainties and it is unnecessary to solve the exact value of these variables in
the analysis of reliability. For this reason, we hypothesize that the customer consumption L and the
flow rate Q are stochastic variables and, then, develop a limit state function (Equation 10) to predict

the potential risk of supply shortages. Here the uncertainties of the flow rates in the pipelines
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represent the uncertainties of the system supply capacity, due to the uncertain events in the pipeline

systems, e.g., pipeline failures, maintenance behaviors or third-party damages.

gi (Qij’ Li’ Pi,ta I:)|im,i ) = Km (Z a'ijQij - I-i )At + pi,prediction - I:)Iim,i (47)

where B .

is the customer contracted minimum delivery pressure; g;<0 represents the supply
shortage at Customer 7; the factor K is calculated by Equation 12:

2

Km PnC

A, !
A A%

where  AX; j 1s the length of the part of Pipeline j influenced by the gap between the delivered
amount of gas and the demand of Customer i; At is the average duration of time that the
consumption of the line-pack capacity may continue.

In many works, the limit state functions are solved by large repearted Monte-Carlo simulations,
which is, to some extent, impossible for real-time DSM. Considering that, in this work, the limit
state function is conveniently developed as a linear function of the stochastic variables, by which

the probability of gas shortage can be directly calculated by Equations (13)-(14):
Prlg, <0]=®(-4) 47)

K (Z & to, — M, )At ~ Hp,

lim,i

\/K 2 (Z aijZO'é“ B O-'i )At B O-FZ)"m‘i

+ pi, prediction

ﬂdemand i (47)

where 1 and o denote the mean values and the variances of the stochastic variables.
In some conditions, probabilities of shortage are not sufficient to represent the target of

reliability. Referring to the concept of risk, the consequences of shortages are also a critical element
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[69]. Generally, such consequences are quantified based on economic loss, which may be not
suitable for the risk assessment of supply in large natural gas transmission networks. For example,
we cannot compare the severity of natural gas shortages between an industrial province and a
country’s capital, only according to the amount of GDP. Considering that, we use the Utility concept
[70] to quantify the loss of natural gas shortages for different customers, by introducing the quadratic

utility function [71]:
k.
Ui(Li):V-’ [—_— 47)

where v;; and k;; are positive parameters which can be set, for example, by experts’ opinion. U; (L;)
represents the utility of the Customer i for the demand of L;. The quadratic function is always used
as utility function considering its non-decreasing property and the non-decreasing corresponding
marginal benefits [70].

Hence, the risk of natural gas shortage (SR) of Customer 7, under the pressure p; predicrion, can be

calculated by Equation 16 below:
SR =U;® (_ﬂdemand,i ) (47)

The risk of natural gas shortage of the overall system, under the given dynamic price and the

forecasted demands, is the summation of all customer risks:

SRsystem = Zulq) (_ﬂdemand,i ) (47)

2.6 Multi-objective dynamic pricing strategy
In the dynamic pricing process, it is important to simultaneously deliberate multiple factors

related to the interests of the different stockholders, including improving the profits of the suppliers,
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enhancing the supply reliability of the natural gas pipeline network, smoothing the fluctuation of
gas consumption and increasing the happiness of the customers. Hence, the dynamic pricing
problem is naturally converted to a multi-objective optimization problem, whose targets include:

(1) Maximization of the suppliers’ profits:

max {Ustotal t+l( pr; t+1 )} maX { L[otal 1 - pr; t+1 L[otal,t+1 ’ COStHl} (47)

P+

(2) Minimization of the risks of natural gas shortages:

min {SR(pr,,, )} = min

Pri+y I’ICBH1

{2V [~ Brenanas (Pr) ]} (47)

(3) Minimization of the total fluctuation of natural gas consumption:

Pris1

Tflrl]{ le( Pl } min {Z[II t+1 P t+1 |average ]2} (47)

(3) Minimization of the total satisfaction of the customers:

max {SHI( p t+1 } mln ZdHlﬂHl (WJ _1 (47)
1

Presy Presy i+

Besides those target functions, there is a latent optimization target of maximization the
happiness of the customers, which has already be considered in the model of customer response
analysis in Section 2.3.

The multi-objective pricing strategy complies with the following constraints:
p min — p t+1 — p (47)

cost < pr,,, (47)

Ii,min < Ii,t+1( prt+1) < Ii,max (47)
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Ii,t+l( prt+l) < Supply CapaCitytotal,max (47)

i=1

where pricemin and pricemax define the acceptable range of the natural gas price; cost represents the
cost generated during the processes of gas production, transportation and management; /; mi» and
li max give the range of natural gas consumption of Customer i; Supply Capacityiouimax represents the
maximal supply capacity of the overall system.

Many efforts have been devoted to finding the solutions of multi-objective optimization
problems. In this paper, a Genetic Algorithm, i.e., the Non-dominated Sorting Genetic Algorithm-II
(NSGA-II) [72], is chosen to solve the specific optimization problem. This algorithm has shown
good performance on complex multi-objective optimization problems and has been applied in many
areas [35], [73].

The multi-objective optimization method provides a set of Pareto solutions. Among these,
ideally, the preferred solution can be determined. For this, a decision-making method, based on
Level Diagram method and subtractive clustering method [74], [75], is used to effectively find out
the optimal price under different conditions. The flowchart of the process to solve the dynamic

pricing problem can be described as in Fig. 6.
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Fig. 6 The flowchart of the NSGA-II and the Level Diagram method to determine the optimal
real-time price of natural gas
2.7 Decision-making method for the optimal price
Theoretically, all the solutions in the Pareto set can be used as a final decision for price making,
and the decision makers can select a preferred solution Here, we use a decision-making method
combining the clustering method and the level diagram method to help selecting the optimal price
from the Pareto set [74], [75].

In this decision-making process, the first step is to reduce the number of solutions by grouping
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them into a number of “families” (the number is K), according to their characteristics. In this work,
the clustering method of subtractive clustering is applied to identify this kind of families [75],
because of its advantages of independence on the choices of the initial cluster centers and the ability
to directly represent the solutions on the Pareto set. Generally, clustering works is performed based
on the distance between the elements which, in this work, is represented by the objective function
values.
2.7.1 Solutions reduction based on the subtractive clustering algorithm

Assume a Pareto set /" including n solutions, in which the ith solution ¥ represents a vector of

objective values as follows:

G(r')=1G(+).G.(7') G (7') ] (@7)

in which NUMob denotes the number of objectives of the optimization problem. In this work,
NUMob is 4. Considering that the four objectives are given in different scales and units, we need to

firstly normalize them, e.g., to values between [0, 1].

A Gj (7i)_Gj,min
Gi,norm (7 ) B m' “7)
Hence,
Gnorm (7/i ) = |:Gl,norm (7i ) J G2,norm (7i ) ) 'GNUMob,norm (}/i )j| (47)

Based on Gyorm, we can calculate the potential P(Gyorm(7)) for all the solutions in the set by:

n

P (G (7)) =26

1=1

‘2

Gnorm(}/i )_Gnorm(}/l )‘

(47)

in which « is a parameter selected to the cluster radius [75]:
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where the cluster radius 7. ranges from 0 to 1 and represents the range of influence of a cluster center
in every dimension. Hence, solutions outside 7. should have negligible influences on the potential.
The value of the cluster radius will directly determine the number of clusters: a smaller value gives
more but small clusters. According to the experience, the value of 7. should be smaller than 0.5, to
maintain good clustering performances [75].

Then, we choose the first cluster center G, with the highest potential value P(G’,m). Based

on this all the potential values of the other solutions are corrected as follows:

2

Gnorm (7i )_G%orm

P (Gnorm (J/i )) =P (Gnorm (;/i )) -P (Giorm )e_ﬂ (47)
in which,
§=ri2, e =0-1; 47)

cq

and the parameter g, named as squash factor, is used to represent the reduction of potential of the
“neighborhood” solutions.

This process of reducing the potential values and finding the cluster centers is repeated on the
remaining solutions many times following the criteria:

if
P (anorm ) 2 l//accept P (G;orm ) (47)

the cluster center is accepted and the other remaining solutions is repeat the process of reducing

their potential values:
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if
P (Grjorm ) < l//reject P (Grllorm ) (47)

the cluster center is rejected and the process is over. Waccepr is the accept ratio and Weecr is the reject
ratio.
If Eq. 33 and Eq. 34 fail to find the cluster centers, one must introduce another acceptance

criterion as follows:

min

d i P(anorm)
‘ + P(Gﬁorm) >1 47)

in which

, m=12.-j-1 (47)

norm norm

dis,;, = min|GL,, G

After all the cluster centers are found, the matrix 7 of the membership function is generated via

the standard Gaussian distribution:

Grorm (7i )_anorm i

¢
Tii =€

(47)

Then all the solutions in the Pareto set can be assigned to the families, corresponding to the
cluster centers, according to the membership function. The process of this subtractive algorithm
shows no random initialization and the results are independent of the choices of the membership
function and the initial cluster center. Besides, the obtained cluster centers are all corresponding to
the Pareto solutions and can be directly picked as representative solutions of the reduced Pareto set
[75].

2.7.2 The decision-making method based on the Level Diagram

After grouping the Pareto solutions into K families, we still need to select the final optimal
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solution for the decision. Level Diagram is an effective method to visualize the cluster representative

solutions. It is based on the distance of the Pareto solutions to the ideal solution, considering the

requirement of all the objectives of the problem. In a multi-objective optimization problem, with m

minimization objectives and #» maximization objectives, all the values of the objective functions can

be normalized by:

= i G, ! _G'min .

)il e e
or

= i G'mix_G' i .

ez e @

in which, GJ- (}/i), from 0 to 1, can indicate the performance of decision ¥ for the objective j.
G i ( 7 )=O means the decision ¥ is the ideal solution for the objective j; otherwise, it is the worst
solution for the objective ;.

To evaluate the deviation from the ideal solution, we need to choose a suitable norm, because
different norms can give far different results from the same Pareto Front. In this paper, 1-norm (Eq.
40) is used considering its ability to simultaneously take into account every objective. Because in

the DSM problem, the overall performance of a solution is critical for decision-making:

NUMob

=576, o<l ()

< (47)

1-norm

HGJ‘ (Vi )‘

1-norm

Then, the Level Diagram is drawn as follows: for each objective, the X axis represents its

physical value, while the Y axis corresponds to the value of ”G i (}/i) . The objectives are

1-norm

plotted separately. Hence, in the Level Diagram, the Y axis is synchronized, and the X axis presents
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the detailed information of the performances of the solutions on each objective.

In this work, we assume that the four objectives share the same importance of consideration of
the decision makers. Solutions with lower norm values, which means they are closer to the ideal
points of all the objectives, are preferred. Hence, the representative solutions in each clustered

family are selected by:

, s=1---K; f=1--,n 47)

1-norm

G, (7/i)f

[Fosptimm] = min‘
where K is the number of clustered families; n; denotes the number of solutions in the family s.
3. Case study
This section presents an application of the developed DSM framework to on a natural gas
supply system. The system includes 36 pipelines (diameters ranging from 950 mm to 1014 mm,
total length of approx. 1100 km), 23 customers, two compressor stations, five regulation stations,
two pipeline importers, one LNG terminal and one underground gas storage (UGS). The UGS and
the LNG terminal are set at flow rate-controlled modes, whereas the control modes of the two
pipeline importers are pressure-controlled. The regulation stations are set as inactive modes. The
pressures provided by the two compressor stations are maintained at the set points of 6.5 MPa
(Importer 2) and 7 MPa (Importer 1), respectively. The gas pipeline network system is presented in

Fig. 7, where the customers are represented by the polygons.
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Fig. 7 Layout of the complex natural gas pipeline network system

The basic parameters for DSM are the demand elasticity of price. In this application, we assume
that all the consumers have the same demand elasticity of price in the same period of time, e.g., -
0.8 during the peak time, -0.5 during the normal time and -0.3 during the valley time. The fixed
price of natural gas is set to 2.00 yuan/Nm?, and the average cost of production and transportation
is assumed to 1.60 yuan/Nm?3. But, we should notice that these parameters should be strictly
determined by the collected data in the engineering applications, to obtain credible results.

Because of the lack of real-world natural gas consumption data, the Mackey-Glass model is
used to generate the natural gas consumption data. The Mackey-Glass model (Equation 26) is a
periodic and chaotic time-series model, which is often used to verify the performance of predictive
models [48]. Its chaotic behaviors are similar to the properties of fluctuations of natural gas

consumptions, because the current data values are dependent on those of the past:

dx(t)  ax(t-rz)
dt  1+x°(t-z,)

—bx(t) (42)

in which, the parameters a, ¢ and b are constants: a=0.2, b=0.1, c=10. 7 1is the time delay parameter

B customer 9 gs(omex' 16
Customer “3\ <
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(>16.8), which determines the chaotic property of the generated time series. In this case, the value
of 7y has been set to be 20. The 4™ Runge-Kutta method is used to generate the time series data and,
then, the data is sampled at a given interval in our case equal to I hour. Besides, to make the
application more realistic, a random term (of 1% of the nominal value of the generated gas demands)
is introduced to the generated series data.

Then, we need a “real” environment to generate operational data to test the performance of the
DSM method and generate the data to train the deep learning model in Section 2.4. Considering that,
a commercial software TGNET, which is professional in steady state and transient thermal-hydraulic
simulation of gas pipeline networks, is used here to simulate the system working conditions
according to the following assumptions and principles:

(1) The active components are set at specific control modes, with desired set values;

(2) The system condition changes along with the fluctuations in demands. There are two types
of boundary conditions, i.e., consumptions with DSM and consumptions without DSM. Therefore,
system conditions based on the former are used as the verification and those based on the latter are
the benchmark.

3.2 Results and analysis

Accurate demand forecasting is the fundamental part of this DSM framework, which can
directly impact the effectiveness and the usability. Hence, firstly, the accuracy of the proposed
forecasting model (in Section 2.2) is tested, based on the series data generated by the Mackey-Glass
model. The number of layers of the Bi-LSTM model is set to 2, by trial and error considering both
the forecasting accuracy and the time consumption of training. Besides the number of layers, the

learning rate during the training process can also affect efficiency and performance. In this work,
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the adaptive moment estimation (Adam) optimizer is adopted to train the deep-RNN forecasting

mode. The initial learning rate is set to 0.005 and a maximum number of epochs for training is 300.

In real-world application, a pre-processing step, e.g., data washing, should be performed prior to

entering the data into the forecasting model. The whole data set is divided into 70% and 30%, used

to train and test the forecasting model, respectively. After the natural gas demand data is

decomposed by the wavelet transformation, the values of the autocorrelation functions of every

wavelet component, which are used to identify the series data periodicity, are calculated. Based on

these values, the input sizes of the components are determined, as the lengths of their first periods

which are the most relevant data for the forecasting. By this method, the training set is accordingly

grouped into a number of sub-sets for the training process.

The forecasting time interval of the presented applications is chosen as 10 hours, and the

forecasting results are presented in Fig. 8 for both the original data and the components:
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Fig. 8 Forecasting results on the Mackey Glass generated data

The forecasting performance is also quantified in terms of Mean Absolute Error (MAE), Mean

Relative Error (MRE) and Root Mean Squared Error (RMSE):

N
MAE:iZ|Fi—Ti| (43)
N =
18 F-T
=—) |41 44
MRE NZ; T ‘ (44)

RMSE =ﬁ,/i(ﬁ T (45)

where F; denotes the forecasting result and 7; denotes the target value.

Table 2 Prediction performances on the Mackey Glass series for different forecasting horizons

Data basis Task MAE MRE RMSE

The Mackey | 1 hour forecasting 0.0596 0.0017 0.1182
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Glass series | 5 hours forecasting 0.1960 0.0054 0.5537

10 hours forecasting 0.5724 0.0157 1.0719

Fig. 8 and Table 2 indicate a good performance of the developed model for forecasting natural
gas demand. The performances in Table 2 show that the MRE, which can be used to represent the
errors of the forecasting, remains around 0.0157 even though the prediction horizon is set to 10
hours ahead. Time complexity and space complexity are also important indices to evaluate the model.
The time complexity of the proposed forecasting model is determined by the time complexity of
each layer. The deep-RNN model is constructed by stacking two Bi-LSTM layers and one LSTM

layer, with the time complexity of o(2/) and o(W), which can be calculated follows:

w =4|numHnum+4H§um+3Hnum+HnumKnurn (46)
in which 7., denotes the number of inputs, H,..» denotes the number of hidden cells, K., denotes
the number of outputs.

The space complexity (SC) determines the memory storage needed by the algorithm, which, in
LSTM and Bi-LSTM layers, can be represented by the number of their parameters:

SC =4(1yyHo + Hi + Ho ) (47)

num num

Comparing with the previous forecasting models based on the shallow neural networks, their
time complexities are close. The space complexity of the proposed algorithm is, however, higher
than the previous ones, which means more memory storage is needed. From another perspective,
the larger number of parameters is, of course, also the reason of enabling the developed model to
better fit the high nonlinearity of natural gas demand data.

In the DSM method, the responses of the natural gas pipeline network to the customers’

behaviors, because of its dynamic property, can significantly influence the supply reliability and the
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system efficiency. Considering this, the accuracy of the prediction of the dynamic behavior of the

gas pipeline network is also very important for making successful DSM strategies. The ability of

the developed deep learning model has been verified in our previous work [61], for the prediction

of dynamic changes in the gas pipeline network.

To illustrate the decision-making process, the Pareto set of one time interval (4 hours) is

presented here. Besides the utility of the customers, the objectives of shortage risk minimization,

supplier revenue maximization and consumption fluctuation minimization are chosen to illustrate

the Pareto Front, which is made of 188 solutions.
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Fig. 9 Pareto Front of the multi-objective DSM problem

The Pareto solutions are obtained through the NSGA-II algorithm and all the solutions
represent the compromises between different, sometimes, conflicting objectives. To analyze the
relationships between the four objectives and illustrate the power of the decision-making method,

the Level Diagram presentation is plotted in Fig. 10 before performing the subtractive clustering.
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Fig. 10 Level Diagram representation of the original Pareto Front of the multi-objective DSM

problem

However, it is difficult to take a final decision and choose one preferred solution from the dense
Pareto Front and corresponding Level Diagram of Figs. 9-10. To this aim, the decision-making
method introduced in Section 2.7 is used to reduce the Pareto solutions and select the optimal price
of gas.

The value of the cluster radius can significantly influence the performance of the clustering. In
this paper, the radius is determined by trial and error with referred to the global silhouette criterion

[75], which is computed as follows:
GS=—>'CS, (48)

where CS; represents the cluster silhouette of the cluster family i, which can be calculated by the

average value of the silhouette width cs(n) in the ith cluster. The cs(n) can be obtained by:

b(n)—a(n)
max {a(n),b(n)} )

where a(n) represents the average distance from the solution 7 to the other solutions in the cluster;

cs(n)=

b(n) is the average distance from the solution # to the solutions in the nearest cluster. The trial and

error attempts are performed in the range of [0.1, 0.4], by steps of 0.01. The cluster radius is finally
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determined to be 0.19.

Fig. 11 presents the Pareto Front after clustering and Fig. 12 gives the Level Diagram

representation of the reduced Pareto set. From the Figures, we can observe that the Pareto Front

maintains the original shape but with significant reduction of the solutions, which are more

intelligible and easier to handle for selecting the optimal prices in the DSM.
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Fig. 11 Pareto Front of the reduced set of solutions of the multi-objective DSM problem
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Fig. 12 Level Diagram representation of the family representative solutions, for the multi-

objective DSM problem

Based on the simplified Level Diagram, the optimal solution can be easily found, which is

corresponding to the final decision of the natural gas price. To verify the effectiveness of the multi-

objective dynamic pricing strategy, this is performed based on different time horizons of pricing,
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i.e., 1 hour, 2 hours, 4

hours and 6 hours. During a time period of pricing, the price of natural gas is

kept fixed at the value determined at the beginning and changed only at the end, according to the

optimal solution of the multi-objective optimization problem. The performances of the developed

dynamic pricing strategy for different pricing periods are presented in Figs. 13-16.
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Fig. 14 Comparison of the aggregate natural gas consumptions, before and after performing the

DSM strategy (for 2 hours pricing period)
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Fig. 15 Comparison of the aggregate natural gas consumptions, before and after performing the
DSM strategy (for 4 hours pricing period)
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Fig. 16 Comparison of the aggregate natural gas consumptions, before and after performing the
DSM strategy (for 6 hours pricing period)

Figs. 13-16 show that the developed DSM strategy has a relatively good performance of peak
shaving and valley filling, for all four selected time periods of pricing. The results also indicate
different performances on different pricing periods: the performances of the pricing periods of 1
hour and 2 hours are slightly better than those of the pricing periods of 4 hours and 6 hours. This is
because of the higher flexibilities of the strategies with shorter pricing periods. From the overall
perspective, the DSM shows a good stability on different pricing periods.

The following indices are calculated based on the results of the application of DSM, with

respect to the other aspects of suppliers’ profit, supply reliability and customers’ satisfaction. The
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profit improvement (P[) is calculated by Eq. 48, which represents the change in suppliers’ profits
after DSM with respect to a strategy of fixed price of the natural gas. The aggregate consumption
fluctuation reduction (4CFR) is introduced to quantify the effect of the dynamic pricing strategy on
reducing the load fluctuation (LF) of natural gas, which is calculated based on Egs. 51-52. The peak
reduction (PR) represents the ability of the DSM method to shave the peak of load, which is
calculated by Eq. 53. The performance of improving the supply reliability is quantified by Eq. 54,
which represents the risk reduction (RR) after DSM. Satisfaction is measured by aggregating all

customers’ satisfactions calculated in Eq. 2, which is named aggregate customers’ satisfaction (4 CS):

_ prOfitDsM _ prOﬁtfixed_price (50)
profit

fixed _ price

in which profitpsyr and profitivea price denote the total profits of the suppliers with and without DSM,

respectively;

AC I:DSM - ACI:fixed_ price (5 1)
ACF

fixed _ price

ACFR =

(52)

average

ACF = ii‘loadi —load
N t=1

in which ACFpsy and ACFjixed price T€present the aggregate consumption fluctuations with and
without DSM, respectively. load; is the natural gas consumption at time step i and /oadayerage 1S the

average natural gas consumption;

peakDSM i peakfixed_ price,i (53)
peak

fixed _ price,i

5
NP =
in which peakpsyi and peakfred pricei denote the ith peak of loads with and without DSM,

respectively. NP is the number of peaks;

SR, . —SR
RR — flx;dF\_) price DSM (54)

fixed _ price



624  in which SRpsui and SRjived price,i are estimated by the method proposed in Section 2.5, and are the

625  risk of shortage with and without the DSM, respectively.

626 The values are presented in the following Table 3.

627  Table 3 Performances of the developed DSM method

Pricing
period PI (%) PR (%) AFCR (%) RR (%) ACS (x10)
Chour)
1 0.67 6.38 21.43 40.10 -1.05
2 1.58 7.06 20.16 26.22 -0.28
4 6.81 6.72 15.13 28.15 1.77
6 10.56 7.61 12.10 32.34 433
628
629 The results in Table 3 show the good performances of the developed DSM framework for the

630  different pricing periods considered. The DSM method is able to effectively reduce the peaks of

631  load, around 6%-7% in all pricing periods, and significantly improve the short-term supply

632  reliability of pipelines. According to the values of the index of AFCR, we can conclude that the

633  approach is capable of smoothing the fluctuation of natural gas consumption, which can improve

634  the efficiency of resources usage and system operation. In the case study, the horizons of 1 hour and

635 2 hours can be identified as the best choices of the pricing period for the dynamic pricing DSM. As

636  to the pricing period of 4 hours and 6 hours, although they show satisfactory results for most

637  objectives, however, the results of ACS indicate that the customers may suffer (a positive ACS value

638  means a loss of satisfaction). This is because as the pricing period becomes longer, the flexibility of

639 the DSM decreases.

640
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4. Conclusions and future works

In this paper, a systematic data-driven Demand Side Management framework is developed for

future smart natural gas supply systems, with the targets of load profile smoothing, supply reliability

enhancement, company profit improvement and customers’ satisfaction. The framework can help

the natural gas supply system improving the efficiency, reliability and flexibility. The DSM

framework integrates five main parts, including demand forecasting, customer response analysis,

real-time system dynamic conditions prediction, supply reliability evaluation, multi-objective

optimization and decision-making.

The gas demand forecasting model is built up by combining wavelet transform and Deep-RNN

model, for learning the complex patterns of gas consumption data and make accurate hourly

forecasting of natural gas demand. The customer response analysis is performed based on

Microeconomics theory, to analyze the behaviors of the customers according to their demand

elasticity of price and the forecasted demand. Then, a deep-learning-based prediction model is used

for the dynamic condition of natural gas pipeline networks, considering the changes of the system

due to the customers’ demand changes and the complex physical process of gas transportation in

pipelines. Based on the predictions, this framework allows to fast evaluate the risk of natural gas

shortages, considering the hydraulic properties of pipelines and the uncertainties in both the

transportation system and the demands. Finally, a multi-objective optimization problem is

developed to find the optimal price based on all the analysis results. The optimization problem is,

here, solved by a genetic algorithm, named as NASG-II. To select the optimal solution from the

resulting Pareto Front, a decision-making method is used, which amounts to first reducing the Pareto

set by the subtractive clustering method and, then, making the final selection based on the Level
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Diagram method.

In the case study, the DSM framework is applied to a natural gas supply system, which has a

complex topology structure and multiple demands, to verify its effectiveness. Considering the

critical role of demand forecasting in the DSM framework, the ability of the demand forecasting

model is analyzed in detail. The decision-making process is also clearly illustrated. Finally, the

performance of DSM is presented from two perspectives, i.e., graphical analysis and quantification

analysis, for four different pricing periods. By comparing the load profiles with and without the

DSM framework, we can highlight its good performance on peak shaving and valley filling, for

each pricing period. Furthermore, the quantification results show the ability of load profile

smoothing, company profit improvement, peak reduction, supply reliability enhancement and

customers’ satisfaction. The results also indicate the pricing period should be set within 2 hours, to

maintain a good flexibility.

In the future research, we intend to explore the DSM when the gas supply system is integrated

with other energy systems, such as power grids, wind farms, heating systems and so on. Also, the

cost of natural gas pipelines operation will be considered as an important factor for optimal price

determination. Besides, this method will be applied to a real natural gas pipeline network system to

further verify its effectiveness.
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