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ARTICLE INFO ABSTRACT
Keywords: Efficient operational scheduling and control are vital for the operation process of the Integrated Energy System
Integrated energy system (IES), especially under varying operational conditions. An optimal load distribution and real-time control

Model predictive control
Optimal load distribution
Real-time control

System identification

Varying operational conditions

strategy for IES based on Nonlinear Model Predictive Control has been developed to synergistically improve
equipment output performance and reduce operating costs. In the proposed strategy, the IES model that in-
tegrates linear parameter-varying models for devices and dynamic models for pipe networks, has been con-
structed via system identification methodology under varying operational conditions. Thus, a hierarchical
operation and control framework is established using the model predictive control strategy, including real-time
prediction objective, optimal load distribution objective, and optimization algorithms. Consequently, a case
study is performed to investigate the supply-demand balance and economic benefit of the proposed strategy.
From the aspect of supply-demand balance, the average energy supply-demand discrepancy by using the pro-
posed strategy (for cooling and heating) is approximately 25 %~33 % that under the steady-state strategy. By
means of the proposed strategy, an outstanding equipment output performance will be achieved and supply-
demand discrepancy can be dramatically reduced. From the perspective of economic performance, the pro-
posed strategy, which fully considers the nonlinearity of devices, exhibits a 16 % decrease in the operational cost
compared to that under the linear dynamic strategy. Through the proposed strategy, efficiency losses are ex-
pected to degrade with an excellent economic benefit. Therefore, the suggested strategy is promising and suitable
for varying operational condition scenarios.
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(continued)
SQP Sequential quadratic LPV Linear parameter-varying
programming
NMPC Nonlinear model predictive GBN Gaussian binary noise
control
O&M Operation and maintenance

1. Introduction

The issues of fossil energy resource depletion and environmental
pollution have become increasingly critical, promoting a trend toward a
clean, low-carbon energy structure. Consequently, the Integrated Energy
System (IES), in which multiple heterogenous energy sources are inter-
connected, converted, and complemented, has become a focal point of
interest in the energy field [1]. Notably, IES exhibits a closer proximity to
end-users, resulting in a higher load response level than conventional
energy systems [2]. Additionally, under varying operational conditions,
the operation of IES is characterized by complex dynamic nonlinearity
attributable to the large inertia and long-term delays associated with the
equipment and heat and mass transfer processes [3]. These present
challenges for real-time multi-energy flow balance and dynamic trajectory
tracking control for multiple equipment within the IES. Hence, imple-
menting efficient operational scheduling and control is critical for
meeting the real-time demands in multiple energy carriers, mitigating the
deviation between actual energy distribution and the planned schedule
and facilitating the complementarity of diverse energy sources.

A large and growing body of literature has investigated the optimal
scheduling of IES, which is a complex decision problem considering
factors such as equipment operation, multiple heterogeneous energy
coupling constraints, and various demands. To improve the flexibility of
interactions between IES and the energy supply network, a number of
studies have been conducted to involve a wide range of stakeholders and
energy carriers into the IES systems. For example, Yu et al. [4] proposed
a bi-level scheduling strategy for IES to optimize the integrated demand
response mechanism and the reasonable energy storage capacity. Basu
et al. [5] investigated a dynamic dispatch model considering clean
water, methane, electricity, and heat demands and discussed the influ-
ence of optimum dispatch results on the total cost. Bu et al. [6] estab-
lished a low-carbon economic dispatch model considering integrated
demand response in an energy park where the electricity-hydrogen-gas
energy systems are integrated with carbon capture equipment. Com-
bined with electricity, heat, gas, and carbon coupling characteristics,
Wang et al. [7] built a low-carbon economic dispatch modal to reduce
the carbon emission of IES. Currently, most relevant research [8-10]
primarily focuses on achieving scheduling objectives, followed by con-
trolling IES using optimized results. This approach mainly addresses
open-loop optimization problems and lacks the control or adjustment of
scheduling objectives based on feedback.

Model Predictive Control (MPC), as an efficient operational optimiza-
tion and control approach based on rolling optimization and feedback
correction, is capable of addressing the operation complexity and unpre-
dictability arising from the dynamic nonlinearity of IES. Yao et al. [11]
developed a multi-level MPC-based optimization model for IES, which is
composed of an intra-day optimization and real-time optimization, using
predicted data of renewable energy and load as inputs based on machine
learning. Zhao et al. [12] designed a two-stage stochastic-MPC dispatch
strategy for integrated power and natural gas systems, wherein data-driven
chance constraints for the dispatch plan were proposed to prevent the
adverse effects of stochastic prediction errors. Similarly, several references
[13-17] effectually applied one-stage or two-stage MPC to improve the
operation of IES with consideration of the stochasticity of renewable power
and load. Wei et al. [18] devised an improved stochastic-MPC strategy of
IES based on a single-layer multi-timescale framework and assessed the
economic, robustness, and computational efficiency performance of the
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proposed strategy by comparing to those under a traditional single-layer
strategy and those under a hierarchical strategy. Besides, the application
of muti-timescale frameworks has also been explored in IES [19-21]. Zhu
etal. [22] put forward a unified MPC-based control strategy for a coal-fired
plant integrated with battery energy storage systems, wherein the fuzzy
logic-based MPC was employed to cope with the large nonlinearity of the
boiler and the turbine units. Previous studies[23,24] also proposed
MPC-based approaches of IES for enhanced synergy and demand response.
Lv et al. [25] built MPC-based robust scheduling for communal IES, con-
sisting of rolling optimization and robust constraint generation, and they
conducted a case study by linearizing nonlinear terms in the model.
Currently, much research on the MPC-based operational optimization and
control method of IES is primarily centered on enhancing system opera-
tional flexibility, mainly including addressing scheduling issues consid-
ering uncertainties from forecasting data (renewable power and load),
utilizing muti-timescale framework, and improving management of energy
supply process and so on. However, the research mainly pertains to linear
system models and models with nonlinear terms, with limited attention
given to the exploration of Nonlinear Model Predictive Control (NMPC) for
nonlinear IES system models.

During NMPC algorithms, integrating nonlinear model predictions
and nonlinear constraints into the optimization problem is essential, but
it can greatly increase computation complexity. The LPV model is
recognized as a promising alternative to model processes with complex
dynamics, which are linear in the state space while nonlinear in the
parameter space [26]. Therefore, the available LPV-MPC model can be
solved by a sequential QP-based solution, which is roughly equivalent to
modern NMPC solvers in terms of computational performance [27]. LPV
model structure can be broadly classified into two categories: parametric
structure and multiple model structure. Considering model stability, the
LPV models with multiple model structures are more suitable for
describing energy systems, which involve a wide range of energy car-
riers. The recent literature concerning the LPV-MPC model focuses on
the application of the LPV-based state observer, the operational opti-
mization of a specific device within the energy system, and the opera-
tional optimization of the energy systems. Both [28,29] effectually
applied the LPV-based state observer to estimate faults that occur in the
energy system, which can effectively enhance the control performance
of MPC. Besides, as detailed in Refs. [30-32], the LPV-based model with
the parametric structure was utilized to address the complex mecha-
nistic modeling of specific devices in the MPC framework. In previous
work, the LPV-MPC models related to the operational optimization of
the energy system have been explored. Ji et al. [33] developed a
data-driven quasi-LPV model with the parametric structure of an organic
Rankine cycle system. The corresponding MPC algorithm via quasi-LPV
representation was established to realize prediction accuracy improve-
ment. Shi et al. [34] applied the LPV-based model with the multiple
model structure to build the multiple-input single-output model of the
circulation fluidized bed boiler, and its effectiveness was validated.
However, far too little attention has been paid to efficiently building the
multiple-input multiple-output (MIMO) model of IES via the LPV models
with the multiple model structure in the MPC framework.

This prospective study presents an NMPC-based optimal load dis-
tribution and real-time control strategy for IES, considering dynamic
nonlinearity under varying operational condition. The specific contri-
butions of this research are as follows.

(1) By means of integrating the LPV model with the multiple model
structure into the MPC framework, the proposed NMPC strategy
takes into account the nonlinear dynamic characteristics of the
IES while ensuring model stability and alleviating the computa-
tional burden. This work would make a rather practical engi-
neering contribution to the field of IES modeling.

(2) The introduced approach accounts for the dynamic characteris-
tics of the cooling process, heating process, and equipment under
varying operational condition, which in turn leads to a reduction
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in the supply-demand deviation derived from model-schedules
mismatch, ultimately resulting in an enhanced level of equip-
ment output performance.

(3) This approach fully considers the nonlinearity of IES operation
under varying operational conditions, which can enable accurate
modeling of input-output relationships of devices and success-
fully preventing untimely equipment output, aiming at reducing
efficiency losses and improving the economic performance.

2. System description
2.1. Reference load data

To introduce the proposed NMPC-based optimal load distribution
and real-time control strategy and assess its performance, the reference
hourly cooling, heating, and electric load data for one year within a
specific building area at the Tempo campus of Arizona State University
in the United States has been selected for the case study [35], as visually
depicted in Fig. 1. Furthermore, the cooling consumption is calculated
based on the temperature difference and flow rate of air and chilled
water. Similarly, the load data of heating is determined by the temper-
ature difference and flow rate of air and hot water. And electric con-
sumption is measured through the electrical meters of the building.

2.2. Integrated energy system

The schematic diagram of IES and energy flows is illustrated in Fig. 2,
which intuitively provides multi-energy conversion among devices.
Besides, the IES is comprised of the gas turbine, waste heat boiler, ab-
sorption chiller, gas boiler, electric chiller, heating network, cooling
network, and power grid.

The natural gas can be combusted to form hot flue gas in the gas
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turbine that drives the rotor of the electric generator for power gener-
ation. In situations where the power supplied by the gas turbine is
insufficient, power supplementation to end users is carried out by the
power grid. Afterward, exhaust gas yielded from the gas turbine is
delivered to the absorption chiller and waste heat boiler, respectively, to
recover thermal energy. These cooling and thermal energy are then
distributed to end users through cooling and heating networks. In in-
stances where insufficient cooling energy is provided by the absorption
chiller, additional cooling energy can be supplied by the electric chiller
powered by the power grid, satisfying users’ cooling demands. When
thermal energy derived from the waste heat boiler is insufficient, natural
gas is burned to supplement the thermal energy via the gas turbine,
meeting end users’ demands for heating and hot water.

3. Modeling of integrated energy system operation

3.1. System identification methodology under varying operational
conditions

The methodology of system identification under varying operational
conditions is displayed in Fig. 3. In general, a complete system identi-
fication process should include four steps: identification experiment
design, model structure selection, parameter estimation, and model
validation [36]. The proposed IES can be mathematically established as
the MIMO dynamic nonlinear model in accordance with system identi-
fication methodology. Prior to system identification, the dynamic
modules were constructed for each operational device and the cooling
and heating networks within the APROS software platform. By utilizing
system identification methodology, step response tests were first con-
ducted on device models and network models to collect relevant data
(for example, step response time and nonlinear characteristics). Subse-
quently, based on the actual operational conditions of each device, the
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Fig. 1. (a) Hourly cooling load profile for one year. (b) Hourly heating load profile for one year. (c) Hourly electric load profile for one year.
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variable weighting coefficients, which were determined by scheduling
parameter (for instance, power output) via the linear interpolation
method, were applied to combine the system-identification device
models under different operational conditions, resulting in the formu-
lation of Linear Parameter-varying (LPV) model for each device under
all operational conditions. According to the compositional structure of
the IES, an overarching MIMO model (dynamic nonlinear model) for the
IES was implemented by considering the interrelationships among the
various operational devices and networks.

To obtain an accurate and reliable IES dynamic nonlinear model under
varying operational conditions, an adaptive Gaussian Binary Noise (GBN)
signal is employed as the identification excitation signal in the identifi-
cation experiment, and Fig. 4 (a) illustrates a GBN signal. The GBN signal
switches between values within the range of -a and a (as shown in Fig. 4
(a), with a set to 1), and at each switching instant t, the transformation
follows the rules defined in Equation (1). In this equation, P represents the
probability of a certain event, and ps,, is the switching probability.

Plu(t) = —u(t — 1)] = pow

Plu(t) = u(t —1)] =1~ pay ey

Further, in order to avoid the effects of unmeasurable disturbances
and ensure the acquisition of adequate input-output data, it is essential
to design appropriate signal excitation time and average switching time.
The minimum dwell time, denoted as Ty, is defined as the duration for
which the GBN signal remains at a constant level. The switching time,
denoted as Ts,, refers to the time interval between two consecutive
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transitions. The average switching time ET, can be computed using
Equation (2). The average switching time is determined to be 10 s, as
introduced in Fig. 4 (a).
T
ETy, = —— (2)
Dsw
Typically, the excitation time can be selected as 6-18 times the open-
loop step response time of the process. Furthermore, the average
switching time of the excitation signal can be designed following the
principle described in Equation (3) [36].

ET,, — 98% x step gesponse time

3

3.2. System-identification-based equipment model

Based on the APROS simulation software, a dynamic nonlinear
model of the proposed IES structure was established, as shown in Ap-
pendix A. System identification methods are employed to construct
dynamic transfer models for each equipment under different operational
conditions. Then, the time-varying operation condition parameter, in
particular the operation condition intensity, is specified as the sched-
uling variable that is used to parameterize the LPV model. More illus-
tration about the verifications between actual values and simulation
results has been provided in supplementary material.

Taking the modeling of the gas turbine equipment as an example, a
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gas turbine model is developed using the APROS dynamic simulation
software, as shown in Figure Al. The input and output variables for the
gas turbine model are the extent of the valve opening and the gas tur-
bine’s power output. At the low-load, medium-load, and high-load
operational conditions, step response tests were conducted on the gas
turbine model by setting input signals of the extent of valve opening to
0.2. The results of step response tests are shown in Fig. 4 (b), with the
corresponding gas turbine power outputs for low, medium, and high
loads being 5200 kW, 5600 kW, and 5900 kW, respectively. The step
response results reveal a certain level of nonlinearity in the operational
characteristics of the gas turbine under varying operational conditions.
Based on the principle defined by Equation (3), the identification ex-
periments at low, medium, and high load operational conditions are
initially designed with selecting the power output of the gas turbine as a
scheduling parameter. The corresponding excitation input (deemed as a
GBN signal) and the output signals obtained from the APROS simulation
system are shown from Fig. 4 (c) to Fig. 4 (h). Atlow, medium and high load
operational conditions, the identified transfer function models are denoted
as Gy 1, Ggt_m and G 1, respectively, as shown in Equation (4). The results
of model accuracy verification are presented from Fig. 5 (a) to Fig. 5 (c).

G. 4754541437
&1~ $21°0.6868 s + 0.2807
84.55+542.4
Gyt = 4
8-m T 21 0.7218 s + 0.3462 )
35.36 s + 20.45
th_h =

s240.3025 s + 0.04511

By utilizing the model structure depicted in Equation (5), a global-
interpolation-based LPV model was constructed to obtain the gas tur-
bine model under varying operational conditions:

ELEgt =Qgt_1 (wgt) th,lVgt + Qgt_m (wgt) th,ngt + QAgt_h (wgt) th,h Vgt (5)

Where Vg represents the input variable, corresponding to the Laplace
transform of the extent of the valve opening; ELE represents the output
variable, corresponding to the Laplace transform of the gas turbine
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power output; ag i(wgt), dg.m(wg) and ag n(wg) are the variable
weight coefficients for the models at different operational conditions;
g represents the scheduling parameter (the power output of gas
turbine).

The global-interpolation-based LPV model of the gas turbine is
established by using piecewise linear functions to describe its weight
coefficients, which are given in Equation (6). The accuracy of the LPV
model of the gas turbine is evaluated by comparing the input-output
data (at a specific operational condition) of the gas turbine model con-
structed in APROS with the LPV model of the gas turbine. The results of
this comparison are presented in Fig. 5 (d). The remaining equipment is
modeled using the same approach to construct LPV models (details can
be found in supplementary material).
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3.3. System-identification-based pipe network model

In this study, the pipe networks (heating network and cooling
network) are divided into primary and secondary networks. The drain
water out of the primary network is preheated through the heat ex-
change at the heat source and then it (as feedwater at the primary
network) is distributed into various heat exchange stations, where
thermal energy existing in feedwater is supplied for drain water (at the
secondary network). As a result, the feedwater at the secondary network
can play a critical role in satisfying the heating and cooling demand. The
basic structure of the pipeline network is depicted in Fig. 6 (a).

Based on the fundamental structure of the pipeline network, a
pipeline network simulation system is constructed in APROS. Figure A6
(a) illustrates the simulation system for the primary side of the cooling
and heating networks (both adopting the same structural format), while
Figure A6 (b) represents the simulation system for the secondary
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the individual cooling or heating equipment. The inertia of the energy
supply process (within IES) is primarily determined by the dynamic
response time of the pipeline networks. Hence, considering the dynamic
characteristics of the pipeline network is essential.

During the identification experiments of the pipe network model, the
input variables of the pipe networks are adjusted by varying the cooling
and heating outputs at different cooling and heating sources. Further-
more, the corresponding output variables are collected, and the input-
output signals are shown from Fig. 6 (d) to Fig. 6 (g). The identified
transfer functions (for the heating network and cooling network) are
formulated as Gpeqr_grid and Geola_griq via the method mentioned in Section
3.1, as shown in Equation (7). Fig. 6 (h) and 6 (i) illustrate the outputs of
network models (for the cooling network and heating network) are quite
similar to the reference data (introduced in Section 2.1), thereby the
network models are accurate and credible.

0.001399 s + 2.83e — 06

network connected to a specific heat exchange station. Gheat_grid =
s 1. . . . . 52 +0.007885 s + 2.895e — 06
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4. Optimal load distribution and real-time control strategy
based on NMPC

To enhance the load response process of IES, a conceptual NMPC-
based strategy incorporating optimal load distribution and real-time
control has been put forward, as sketched in Fig. 7. Compared with
conventional economic MPC, the prediction model of MPC in this study
was constructed by integrating with the IES model under varying
operational conditions through LPV embedding. Thus, the "device
nonlinear dynamic information" of the IES is included in the MPC pre-
diction results. The proposed strategy aims to facilitate the best energy
supply-demand matching and timely adjusting the electric, heating, and
cooling output (for the IES dynamic nonlinear model), which includes
real-time prediction objective (for the prediction domain), optimal load
distribution objective (for the control domain), and optimization algo-
rithm. Given that short-term load fluctuations are not considered, the
strategy presented in this paper does not incorporate a disturbance
model. Subsequently, the essential components of the designed strategy
are further elaborated in-depth.

4.1. Real-time prediction objective

Fig. 8 illustrates the optimization principle of the MPC optimization
principle. At a certain time instant k, based on the measured current
output y(k) of the system and the reference output r, a rational scheme is
devised for the inputs z over the future p time instants (p is also referred
to as the prediction horizon). Therefore, the deviation between the
predicted output y, and the reference output r is minimized as much as
possible in the forthcoming p time instants. Due to the inherent dynamic
discrepancies between the IES model and the actual system, the optimal
inputs, as determined by the planning, are usually executed only up to
the time instant k+1. According to the latest output of the IES model (at
k+1 time), an updated input planning is performed. This iterative pro-
cess ensures continuous forward-rolling optimization within the time
horizon. In this study, the reference output r corresponds to the refer-
ence cooling, heating, and electric loads (as provided in Fig. 1), which
are known along the future system trajectories. The output y represents
the output of the IES in terms of cooling, heating, and electric supply.
The input z corresponds to the input variables of various cooling,
heating, and electric supply equipment, which is instantaneously

Cooling, heating,
electric demand
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determined by the MPC at each sample.

The real-time predictive objective is commonly described using
state-space representation in accordance with the MPC optimization
principle, as shown in Equation (8), where x(k) denotes the state vari-
ables of the system at time instant k.

x(k +1) = f(x(k), 2(k))
y(k) = h(x(k),z(k))

At time instant k, the current initial state of the system x(k) and the
output y(k) value can be measured. Using the input variable sequence Zy
obtained from planning, the output sequence Yj within the prediction
horizon can be computed using the IES model. Z; and Yy can be
expressed as follows:

Z ={z(k|k),z(k+1|k), ---,2(k+p—1]k)}

€))

©)

Y = {y(k+1lk),y(k+2|k), ---, y(k+plk)} 10)
Where k + i|k represents the predicted value at time instant k + i, based
on the information available at time instant k.

Furthermore, to make the predicted output closely track the refer-
ence output r, Equation (11) is employed to describe the degree of
tracking. The real-time prediction objective J) indicates that the opti-
mized predicted system outputs are closer to the reference data,
implying better real-time control performance of the system.

y P 2
K@) =33 {wh[ntk+il) -y e+ i) } an
j= i=1

j=1

Where k represents the current scheduling time instant; p denotes the
prediction horizon; n, represents the number of output variables;
rj(k +ilk) denotes the predicted values of the jth reference outputs at
time instant k + i, based on the information available at time instant k;
yj(k +ilk) denotes the predicted values of the jth system outputs at time
instant k + i, based on the information available at time instant k; and
w, ; represents the weight coefficient of the jth output at time instant k +
i

4.2. Optimal load distribution objective

Due to the multi-energy coupling characteristics inherent in IES, it

Real-time prediction
objective
1@ =E3 o0l (ki -y, G iR

Optimal load
distribution objective

J.(Z)=COST,,, +COST,, +COST,,

Optimal control
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Fig. 7. Diagram of NMPC-based optimal load distribution and real-time control strategy.
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exhibits multiple load distribution schemes, which generally result in
comparable operational benefits. To identify the optimal load distribu-
tion strategy, an optimal load distribution objective function involving
natural gas cost, grid electricity cost, and operation and maintenance
(O&M) cost has been formulated, as described as Equation (12). In the
future, a carbon emission penalty factor could be added to the optimal
load distribution objective function to improve the sustainability of the
plant (i.e., minimizing the use of natural gas for electrical demand).

O&M costs for the gas turbine, gas boiler, electric chiller, absorption
chiller, and waste heat boiler, respectively, RMB/kWh.

4.3. Optimization algorithms
In this study, the load distribution rationality and real-time control

effectiveness in the operation process of the IES are comprehensively
considered. To achieve this, a multi-objective optimization function J is

Je(Zi) = COS Tyss +COS Tete +COS Tomm

Il
M=

Il
-

where COS Tgus5, COS Tele, COS Ty are total natural gas cost, grid elec-
tricity cost, equipment O&M cost, respectively, $; Ts is the sampling
time, s; pg,; is the density of natural gas, taken as 0.7174 kg/m?® in this
study; and Cg,; is the unit price of natural gas, $/m3. At the ith time step
within the prediction domain, gasg_; and gasg_; represent the natural
gas flow rates of the gas turbine and the gas boiler, respectively, kg/s;
eleec_i, elegia_;, eleg:_;, are the power of the electric chiller, the power grid,
the gas turbine, respectively, kW; heat;_; and heaty,_; are thermal energy
of the waste heat boiler and the gas boiler, kW; cold,._; and cold,_;
denote cooling energy from the absorption chiller and electric chiller,
kW; R_; is grid electricity tariff, yuan/kWh. Rgt, Rgp, Rec, Rac, Ry are the

(8Sgr.;+8aSgh.;) * TS / o * Cgas + (€lecc.i +€legria ;) * Ts* Rete i/ 3600+ (eleg ; * Ry +heaty, , * Ryy +Coldc i # Rec + C0ldac i * Rac + heaty ; Ry ) * Ts/ 3600]
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constructed by taking a weighted sum of objectives J. and J):

J(Zi) = wyJy (Zi) +wede(Zk) 13)

Where wy, and w, denote real-time control target weights and operating
cost target weights, respectively.

The core objective of the optimization problem is to determine, at a
specific time instance, the optimal sequence of control input commands
Zj based on the forecasted heating, cooling, and electric load. Accord-
ingly, this goal is achieved by minimizing the objective function J, which
is directly related to Z, leading to a tradeoff between real-time control
performance and the load optimization distribution.
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To achieve operational optimization and efficient control of the IES,
a set of constraints is formulated for the input-output data, input in-
crements, and waste heat distribution (between the absorption chiller
and the waste heat boiler). The constraints of the input and output of
each device are as follows:

Zjmin (1) <2j(k+i—1lk) <Zjmax(i) i=1,2,...,p,j=1,2,...,n;

yjmin(i)*gkvj?fmin S_)’](k+l|k) S-}/j~max(i)+8k‘/}:max i:1727“‘7p7j:1727"'7n}’

Where n, represents the number of input variables; n, denotes the
number of output variables. At the ith time instant, 2j min (i) and 2j max (i)
are the lower and upper bounds of the jth input variables; y;nin(i) and
¥jmax (i) represent the lower and upper bounds of the jth output variable.
€k is the slack variable. V}' denotes the optimization weighting coeffi-
cient utilized to weaken the output constraints; typically, ij takes non-
negative values, and a larger value of VJ?' indicates a more lenient
constraint. When the coefficient is zero, the constraint is considered a
hard constraint, and any violation is not permitted.

Additionally, to mitigate the impact of significant changes in input
data on the system operation, input increment constraints are intro-
duced to impose limitations. The input increment constraints can be
expressed as follows:

AZj_mjn(i) < AZJ(k+l—1|k) < AZj,max(l.) i= 1, 27 ...7p,j = 1, 27 ey Ny

(15)

Where Azjnin(i) and Azjmax(i) represent the minimum and maximum
increment of the jth input variable at the ith time instant. Az;j(k +i—1lk)
denotes the increment of the jth input variable at the ith time instant
(predicted at time k).

Furthermore, considering the utilization of waste energy from the
gas turbine exhaust by the absorption chiller and waste heat boiler, the
waste heat allocation constraint is represented as follows:

(ex_ac + Qex_b < (ex (16)
Where gex_ac and gex_p denote the waste heat utilized by the absorption
chiller and the waste heat boiler, kW; and g is the total waste heat out
of the gas turbine, kW.

Due to the nonlinear characteristics of the LPV model, changes in the
operational conditions of the equipment lead to variations in the model
parameters. As a result, both the objective function and the constraint
conditions involve nonlinear expressions of the decision variables Zj.
Consequently, the operational optimization and control process is
equivalent to a nonlinear optimization problem, which can be formu-
lated in the unified form as shown in Equation (17).

minf(Zy)

k

st. G(Z)=0 i=1,2,...m, a7
Gi(Zy) <0 i=m,+1,...,m

Where G; represents a set of m equality and inequality constraints, and
among all the constraint conditions, at least one non-linear constraint
relationship exists. The function f(Zx) denotes the objective function,
which is a non-linear expression of the decision variables Zj.

Due to the simultaneous consideration of real-time control and
optimal load distribution of the IES within the optimization objective
function, the optimization process in this study may become more
complex. To address this challenge, the Lagrange method is applied to
transform such optimization problems into conventional quadratic
programming problems, as reported in the literature [37]. The
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Fig. 9. Flowchart of SQP algorithm.

Sequential Quadratic Programming (SQP) algorithm is employed to
solve this transformed problem. The flowchart of the SQP algorithm can
be represented as shown in Fig. 9.

5. Case study

The proposed strategy is simulated in MATLAB by utilizing the
NMPC toolbox based on the identified LPV models (provided in Section
3.2). The implementation of the strategy for IES based on NMPC is
realized within the Simulink simulation platform, as depicted in
Figure B1. Furthermore, Figure B2 illustrates the LPV models for various
devices (within IES). Table 1 provides a comprehensive overview of the
pertinent parameter information for the case studies, encompassing
operational cost-related factors such as grid electricity tariff, natural gas
price, O&M costs, equipment capacity, and those in the literature [38].
Figure C1 demonstrates the time-of-use grid electricity tariff, comprising
peak, flat, and valley electricity charge rates.

5.1. Case description

To simultaneously examine the feasibility and effectiveness of the
proposed strategy (also called nonlinear dynamic strategy), two cases
are investigated for comparison purposes, including steady-state opti-
mization strategy and linear dynamic optimization strategy. Table 2
presents the description of the three cases in detail. For the following
comparison, a historical 24-h demand data for electricity, cooling, and
heating was selected for the case study, which is presented in Fig. 10.

In the steady-state strategy, the objective function (determined as
Equation (12) in Section 4.2) is formulated as the operational cost Jc of
the system over the forecasting horizon, which is subject to several
constraints (defined as Equation (18)), including device steady-state
model constraints, bounds on various input-output variables, waste
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Table 1

The pertinent parameter information for the case study [38].
Item Value Unit
Peak tariff Pgriq p 1.1636 RMB/kWh
Flat tariff Pgriq 0.8656 RMB/kWh
Valley tariff Pgriq,y 0.3536 RMB/kWh
Natural gas price Cgas 2.8 RMB/m°>
Gas turbine O&M cost Ry 0.03 RMB/kWh
Waste heat boiler O&M cost Ry, 0.012 RMB/kWh
Gas boiler O&M cost Rgp, 0.015 RMB/kWh
Absorption chiller O&M cost R,c 0.025 RMB/kWh
Electric chiller O&M cost Re. 0.01 RMB/kWh
Rated capacity of gas turbine eleg max 6000 kW
Rated capacity of absorption chiller coldac,max 9200 kw
Rated heat supply of waste heat boiler heaty, max 3500 kw
Rated refrigeration capacity of electric chiller coldec,max 14000 kW
Rated heating capacity of gas boiler heatgp, max 2500 kw

Table 2
Description of three cases.

Case Description

Proposed strategy (NL-dynamic
strategy)

Based on the LPV model (considering the
nonlinear dynamic model), the proposed
strategy by utilizing NMPC is formulated for
IES.

Based on the steady-state model, the steady-
state optimization strategy is established for IES
by using the dispatching optimization method.
Based on the linear dynamic system model, the
linear dynamic optimization strategy by using
linear MPC is conducted for IES.

Steady-state optimization strategy
(Steady-state strategy)

Linear dynamic optimization
strategy (L-dynamic strategy)

- - - -
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Fig. 10. (a) Selected 24-h cooling demand profile. (b) Selected 24-h heating
demand profile. (c) Selected 24-h electric demand profile.
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heat distribution constraints, and supply-demand balance constraints.
eleg = —1137v, "% +7307
Gex = —698.2v %% 49835
heat, = —0.3a,” +99.6a, — 2902.9
heaty, = —2417.3vg% + 4842.2vy, +120.0

cold,e = —2.5a,.> +467.8a,. —13243.8 i=1,2,..p

coldu. — —6.1ele,, — Odele? +8 8ele, — 84331 J1— 12T
jZ = 1727"'1n_)’

2Zj, min (i) < 25, (k+i—1]k) < 2j, max (1)
Yj»,min (l) < Yia (k + llk) < Yj»,max (l)
Qs ac (K + 1K) + Gex b (k +ilk) < Gex(k +ilk)

D y(k+ilk) = Quoua(k +ilk), Y _y(k+ilk) = Queae (k +ilk)

cold heat

(18)

Where eleg; and gex are power supply and waste heat of gas turbine,
respectively; v is the extent of the valve opening of gas turbine; heat, is
heat supply of waste heat boiler; a, is the damper angle of the induced
draft fan of waste heat boiler; heatyy, is heat supply of gas boiler; vy, is the
extent of the valve opening of gas boiler; cold,. is cooling output of
absorption chiller; a,. is damper angle of the induced draft fan of ab-
sorption chiller; cold.. is cooling output of electric chiller; ele,. is input
power of electric chiller; Y y(k+ilk) and ) y(k+ilk) represent the
cold

heat
summation of cooling and heating outputs from all cooling and heating
devices at time k for the predicted time step k + i, respectively;
Qeoia(k +ilk) and Qpeq (k +ilk) represent the cooling and heating demand
at time k for the predicted time step k + i, respectively. The meanings of
the remaining variables are reported in Section 4.

In the L-dynamic strategy, the operational optimization employs the
MPC-based rolling optimization mode, where the objective function is
defined by the function J as formulated in Equation (13). The constraint
conditions align with those defined in Section 4.3. Besides, the linear
dynamic models of various devices, which are employed in L-dynamic
strategy, are delineated as follows:

84.55 + 542.4
$210.7218s + 0.3462 &
1.486s + 0.01217
HEAT, = A,
>~ $210.04169s + 0.0002137 °

302.55 +14.26

ELEy, =

HEAT,, = 19
® = 2021215 + 0005829 ¢ (19)
0.437
LDac = T A Ane~oltac
¢o 5+ 0.003718
6161
coLp,, — 2616 pp

s+0.0102°

Where ELEy, Vg, HEATy, Ay, HEATg, Vg, COLDye, Aqc, COLD,, and
ELE,. are the Laplace transform of eleg, vy, heaty, ap, heatgy, Vgp, cold,c,
Qqc, COldec, and ele,, respectively.

5.2. Supply-demand balance performance

In order to investigate the dynamic performance and load distribu-
tion effect of NL-dynamic strategy, a typical hierarchical strategy
(steady-state strategy) utilizing steady-state models is developed for
comparison. In the steady-state strategy, the obtained scheduling in-
structions, which are derived from the optimization results in the
scheduling layer, is sent to the control layer for tracking the scheduling
plan. However, since the lack of dynamic characteristics for the devices
and pipeline networks during optimization, the scheduling instructions
obtained from steady-state optimization results may fail to ensure real-
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time supply-demand balance, leading to an uneven load distribution
over cooling, heating, and electric demand.

Fig. 11 (a) describes that the electricity output (in both NL-dynamic
strategy and steady-state strategy) is temporally matched to the electric
demand, which is because the equipment (within IES) can respond
quickly to electric demand. In the NL-dynamic strategy, the heating and
cooling output is balanced with the heating and cooling demand (i.e.,
the blue histogram is not matched to the dotted line). However, owing to
the heating and cooling supply delay, there are noticeable deviations
between the actual cooling and heating supply in the steady-state
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strategy and the 24-h cooling and heating demand (i.e., the blue histo-
gram is not matched to the dotted line), as indicated in Fig. 11(b) and
().

To quantify the quantitative effectiveness of load distribution, the
average deviation of supply and demand balance (namely the average
supply-demand deviation index) is defined as Equation (20). The
simulation scenarios have 24-h spans with a sampling time of 15 min,
resulting in a total of 97 sampling instances. For the NL-dynamic strat-
egy, the average supply-demand deviation index for cooling is calcu-
lated to be 1.64 %, and for heating, it is 0.94 %. In contrast, for the
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Fig. 11. (a) Comparison between simulation results and electricity demand. (b) Comparison between simulation results and cooling demand. (¢) Comparison be-
tween simulation results and heating demand. (d) Comparison of cooling power of absorption chiller between the steady-state strategy and the NL-dynamic strategy.
(e) Comparison of cooling power of electric chiller between the steady-state strategy and the NL-dynamic strategy. (f) Comparison of heating power of waste heat
boiler between the NL-dynamic strategy and the steady-state strategy. (g) Comparison of heating power of gas boiler between the NL-dynamic strategy and the
steady-state strategy.
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steady-state strategy, the average supply-demand deviation index for
cooling is calculated to be 6.75 %, and for heating, it is 2.71 %.
Comparatively, the average supply-demand deviation for cooling and
heating in the steady-state strategy is approximately 3-4 times larger
than that in the NL-dynamic strategy. The observed phenomenon can be
attributed to the significant thermal inertia in the cooling and heating
supply processes compared to the electricity supply process, especially
evident in the cooling and heating networks. Due to pipe network length
and system thermal capacity, the cooling and heating supply processes
require a certain amount of time. In the steady-state strategy, the opti-
mization calculation is based on the steady-state model of the system,
neglecting the time required for energy transmission in the cooling and
heating supply processes. As a result, the cooling and heating supply
may not be delivered promptly to meet the end-user demand. It is caused
by the simplified approach in the steady-state strategy, where dynamic
characteristics related to energy transmission are not considered in the
optimization process.

& leoldys (D) ~ Qena (O]

i= otd (1
KPIgoq = = Q9C7ld( )
(20)
KPL i QHeat(i)
Heat — 97

To further verify the impact of thermal inertia in heating and cooling
supply processes, comparative analyses of heating and cooling supply of
devices (over 24 h) are conducted, the details of which are introduced
from Fig. 11 (d) to Fig. 11 (g). During periods of pronounced fluctuations
in demand, proper adjustments in the energy supply (for various de-
vices) are crucial to obtain an optimal load distribution scheme, leading
to an excellent dispatch. Based on the 24-h demand profile referenced in
Fig. 10, noticeable local peaks in cooling demand are observed around
the 45th and 67th time steps, while local peaks in heating demand occur
around the 28th, 38th, 50th, 60th, and 70th time steps. In both strate-
gies, the primary schemes of adjusting the cooling and heating supply
are through the electric chiller and gas boiler. By employing a steady-
state model, the energy supply of main devices in the steady-state
strategy precisely aligns with the corresponding demand peaks.
Considering the dynamic characteristics of IES, the energy supply of
main devices in the NL-dynamic strategy precedes the demand peaks by
2~3 time steps, approximately 30 min—45 min in advance. Additionally,
the energy supply of the devices in the NL-dynamic strategy demon-
strates higher local peaks compared to the steady-state strategy. By ac-
counting for the dynamic characteristics of the IES, the NL-dynamic
strategy exhibits a more accurate and efficient load distribution, leading
to improved supply-demand balance during periods of substantial de-
mand fluctuations. Thus, compared with energy management, which
only considers steady-state characteristics, the deviations between
actual equipment output and optimal energy management tasks can be
mitigated by using the LPV model.

Comparing the results of the heating supply of the waste heat boiler
in Fig. 11 (f), it is evident that the NL-dynamic strategy shows a
significantly higher heating capacity than the steady-state strategy
around the 25th, 32nd, 36th, and 67th time steps. It reveals that during
rapid demand growth periods, the increment in the heating supply of the
gas boiler would result in the actual heating capacity of IES being unable
to keep up with heating demand. As demonstrated in the NL-dynamic
strategy, this approach illustrates the importance of considering the
dynamic characteristics of the IES, which ultimately achieves a superior
load distribution.

5.3. Economic performance

When addressing the limitations of steady-state strategy, a linear
dynamic strategy (L-dynamic strategy) by incorporating an
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approximate-linear or piecewise-linear dynamic model is utilized to
enhance optimization effects considering system dynamics (see Equa-
tion (20)). Although the L-dynamic strategy exhibits a pretty good
computational efficiency, the pronounced deviation between the simu-
lation result (obtained from linear dynamic strategy) and the charac-
teristics of the actual operation is found. To explore the operational
economic performance of IES with consideration of nonlinearities, the L-
dynamic strategy is propounded in comparison to the NL-dynamic
strategy.

Fig. 12 illustrates the comparison between simulation results (of L-
dynamic strategy) and selected 24-h demands (reported in Fig. 10).
Overall, the simulation results suggest that despite neglecting the sys-
tem’s nonlinearity, the energy supply in the L-dynamic strategy
(including cooling, heating, and electricity) can maintain a basic bal-
ance with demands (displaying reasonable load distribution). It is
caused by accurate tracking derived from the control layer and assuming
a centralized mass regulation mode for the pipe networks, where the
flow rate and heat loss remain relatively constant, leading to the pipe
networks having a pretty well-linear characteristic [39].

The load distribution scheme of various devices in the IES is diverse
and complex. In the power supply stage, there exist various approaches
for distributing power between the gas turbine and the external power
grid. In the heating and cooling supply section, the allocation of waste
heat from the gas turbine exhibits variability. Due to the non-linear
characteristics of the devices, the economic performance of the energy
supply of devices may change under different operational conditions. As
a result, real-time adjustments are necessitated by the load distribution
scheme to ensure optimal economic revenue. From Fig. 13 (a)-13 (f)
compare the load distribution scheme of each operating device in the
NL-dynamic strategy and the L-dynamic strategy.

The results of the comparative analysis of the cumulative operational
costs for the 24-h operation (of the IES) in the NL-dynamic strategy and
the L-dynamic strategy are presented in Fig. 13 (g) and Table 3. Fig. 13
(g) depicts a comparative analysis of the cumulative operating costs
between the NL-dynamic strategy and the L-dynamic strategy. While
both cases achieve optimal load distribution in the IES, the NL-dynamic
strategy consistently maintains lower cumulative operational costs
throughout the operational optimization process. As the operating time
increases, the difference in cumulative operational costs between the
two strategies becomes more significant, indicating that the NL-dynamic
strategy can achieve a more economically reasonable operational
scheme in each optimization and control cycle. The 24-h total cost for
the NL-dynamic strategy is 163,899 RMB, while for the L-dynamic
strategy, it is 195,063 RMB. Compared to the L-dynamic strategy, which
neglects the overall nonlinear characteristics of the IES, the NL-dynamic
strategy, considering nonlinear dynamic characteristics, manages to
reduce operational costs by 16 %, with a slightly increased optimization
solving time. However, this minor computational burden is deemed
acceptable in light of the economic benefits obtained.

6. Conclusions

To enhance equipment output performance and operational eco-
nomic benefit, we proposed an NMPC-based optimal load distribution
and real-time control strategy for IES, including the LPV model under
varying operational conditions, the real-time prediction objective, and
the optimal load distribution objective. Then, the steady-state strategy
and the L-dynamic strategy are designed for the case study to investigate
the supply-demand balance and economic performance of the proposed
strategy. Several meaningful conclusions can be drawn.

(1) The developed LPV models for various devices consistently
maintain high accuracy even under varying operational condi-
tions, effectively capturing the dynamic behaviors and nonlinear
behaviors inherent to device operation. Moreover, the formulated
network models for the cooling and heating supply process are
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Fig. 12. (a) Comparison between simulation result of L-dynamic strategy and 24-h cooling demand. (b) Comparison between simulation result of L-dynamic strategy
and 24-h heating demand. (c) Comparison between simulation result of L-dynamic strategy and 24-h electricity demand.

applied to characterize the intricate energy transportation dy-
namics intrinsic to the simulation system.
(2) Compared with the steady-state strategy, the proposed strategy is

(3) In contrast to the L-dynamic strategy, the proposed strategy,
which fully considers the nonlinear characteristics of devices, can
accurately model the input-output relationships of devices and

used to avoid energy supply delays. As a consequence, the effectively avoid untimely equipment output. Consequently, the
average energy supply-demand deviation of the proposed strat- cost-efficient scheduling scheme is formulated, effectively
egy (for cooling and heating) is about 1/4~1/3 times that of the reducing the operational costs of the IES. Through the case study,
steady-state strategy. By employing the proposed strategy, an the proposed strategy demonstrates a 16 % reduction in operation

optimal load distribution of cooling, heating, and electricity can
be achieved, leading to an improvement in equipment output
performance.

cost compared with the L-dynamic optimization strategy.

In the future, it is expected to further investigate how to tune
different prediction horizons for different variables, to maximize control
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Fig. 13. (a) Comparison of load distribution scheme of electric chiller. (b) Comparison of load distribution scheme of absorption chiller. (¢) Comparison of load
distribution scheme of gas boiler. (d) Comparison of load distribution scheme of waste heat boiler. (¢) Comparison of load distribution scheme of gas turbine. (f)
Comparison of load distribution scheme of external power grid. (g) Comparison of cumulative operational costs.

Table 3

Comparison of simulation results between the NL-dynamic strategy and the L-
dynamic strategy.

Item 24-h actual total operational cost Simulation solving time
(RMB) (sec)
NL-dynamic 163899 58
strategy
L-dynamic 195063 42
strategy

performance of the MIMO MPC.
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Appendix A. APROS-based Model
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Appendix B. Simulation model
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Appendix C. The time-of-use grid electricity tariff of case studies
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Fig. C1. Time-of-use grid electricity tariff of case studies.
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