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With the depletion of fossil energy, it becomes more and more urgent to find alternative energy sources.
Renewable energy plays an important role in energy structure transition. The change of energy structure has
challenged the operation of traditional power systems to a great extent. Emission load dispatch problem is one
of fundamental issues of power system operation. It is a complex issue to reduce the time for power dispatch
as short as possible in different time intervals and conditions. According to the characteristics of supply-side
operation and dispatch in paper mill as well as the historical and simulation data, a dispatch model was
developed based on the Generative Adversarial Nets (GAN) algorithm to solve the energy storage scheduling
issue for solar photovoltaic microgrid. Industrial data was used to verify the proposed model. Compared with
GA method and DQN method, the GAN method was able to reduce the operating costs by 3.639 % and 2.734
%. The results show that the model can effectively decrease the operation cost.

1. Introduction
Solar and wind are two types of promising renewable energy and important sources of microgrid (Khalid et al.,
2018). However, they are characterized by intermittence and instability, so they cannot provide stable and
reliable energy source for users continuously. Battery energy storage system (BESS) has a promising
application prospect in the flexible peak load regulation of microgrid. There will be a huge demand for energy
storage in the future. According to the report of EIA (Tvaronavičienė et al., 2020), renewable energy sources
such as wind and solar will overtake nuclear power, coal and natural gas by 2045.
Researchers have made much progress in environmental- economic optimal dispatch of microgrid. Differential
evolution algorithm (Qiao et al., 2020), particle swarm optimization and artificial fish swarm algorithm (Yuan et
al., 2019), chaotic annealing algorithms (Wang, 2018) have been proposed in succession. These methods can
solve the environmental-economic optimal dispatch problem, however, they also have obvious shortcomings,
such as the insufficient ability in local optimization, the low precision of prediction, and the empirical choice of
parameters (Yang et al., 2019).
With the improvement of computing ability and the development of data science, machine learning methods
have been gradually applied to industry scenarios to solve the conventional intractable issues. For example, an
improved non-dominated sorting genetic Algorithm II (NSGA-II) was proposed (Teodoro et al., 2019) for multiobjective optimization of environmental-economic dispatch (EED) problem. In order to evaluate the performance
of the system, NSGA-RL method was proposed on ten multi-objective benchmark functions. It has been
indicated that the Q-LEARNING Algorithm based on time difference could be used to solve the energy
management problem of Microgrid (Kuznetsova et al., 2013). A stochastic process as a Markov process using
a multivariate Gaussian Mixture Model was used to perform reliable security analyses, namely, the lookahead
security estimation of the operational state of a grid (Germine et al., 2016). An improved policy gradient method
of Deep Reinforcement Learning (DRL) for Combined Heat and Power (CHP) dispatch problem was proposed
to handle with a variety of operating situations and get better performance (Zhou et al., 2020).
BESS can smooth the ﬂuctuation of output power for microgrid by eliminating negative characteristics of
uncertainty and intermittence of renewable energy for power generation, especially for photovoltaic power. In
recent years, BESS plays an important role in storing superfluous solar energy to save operating costs. Scholars
from different areas have conducted a variety of studies applying BESS to electric system. At present, there are
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several types of batteries available for the power sector, including lithium-ion battery, lead-acid batteries, and
sodium sulphur batteries. These batteries are widely used for pumping energy storage, which accounts for
94.3 %, followed by electrochemical energy storage of 3.7 %. On top of that, they are also used for
supercapacitor, superconducting magnetic energy storage, flywheel, air compression, hydrogen storage, and
methane storage (Esparcia et al., 2019).
The model cannot be formulated explicitly, for the "black box" characteristic of machine learning methods. The
biggest weakness of data-driven model is the constraint by parameters, and training model needs a lot of time
(Hatamlou, 2012). GAN method has three advantages, the first one is no need for strong assumptions about
human behavior, the second one is the machine learning models based on simulation and historical data, the
third one is the inherent randomness reflected in behaviour (Liu et al., 2020).
To fill the research gap of scheduling problem of power supply in paper mill, in this paper, GAN method was put
forward to simulate power dispatch of a paper mill. An example of computation was cited to reveal that the
proposed algorithm has been proven to be reasonable and superior. As a mature and commercial energy
storage method, lithium battery was used in the BESS.

2. Methodology
2.1 Dispatch in supply side of paper mill
In order to minimize the operating cost of paper mills, the cost of buying power from grid or solar power plant
should be optimized to meet the need of supply side. The model supposed the BESS was already in place,
assuming that the size and cost of BESS was fixed. The optimization objective was to make the most of solar
power and minimize the total cost, the model is defined as follows:
t

F = ∑ z1 (t)+z2 (t)-z3 (t)

(1)

t=1

Where, z1 is the total cost including the cost of power from grid, z 2 is the cost of power from solar power plant,
z3 is the power from battery storage system, and t is running time of BESS.
When compared with the cost without BESS, the operating cost and the origin investment of BESS should be
added to the total cost. This part was constant, since this paper assumed that BESS was already established.
The BESS system was composed of: LiFePO4 battery, photovoltaic system, converter, inverter and controller.
The BESS and the power supply side could obtain electricity from the grid and the solar power plant. The work
mode of the system is as shown in Figure 1.

Figure 1: Working Mode of the Solar Power System
There were two factors affecting the charge and discharge rates of the battery. One was the properties of the
battery itself. The battery should work in proper temperature with stable charge rate of 1 time its capacity (1 C
charge rate) and discharge rate of 0.5 times its capacity (0.5 C discharge rate). The other one was the power
and voltage of supply side. Actual charge and discharge rates might be lower than the rated ones. To keep the
battery running smoothly (Yang et al., 2020), SOC was set to between 10 %-90 %.
The load of supply side is related to the type of paper produced and the production plan of paper products, but
fluctuates in a small range over a short period (Hu et al., 2018). For the convenience of calculation, the charge
and discharge rates of the battery were set to fixed values according to the prior constraints, and the battery
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could be charged or discharged either only or simultaneously. Considering that the price of electricity varies by
the hour, the BESS made a decision on whether to charge (discharge) or not every hour, that is, the scheduling
scheme is shown as a 2*24 zero-one matrix. The Matrix was then optimized using a variety of methods. Figure
2 shows the flow chart of the technical route for this work.

Figure 2: Flow Chart of the Technical Route
2.2 Basic principle of GAN
GAN was composed of two networks, the generator and the discriminator, inspired by a two-person zero-sum
game in which two networks competed against each other to get the best results. GAN could capture the
statistical characteristics of data effectively in super-high dimensional feature space with the powerful learning
ability of deep neural network. GAN could avoid the difficulties of traditional probability density estimation
methods (such as kernel density estimation) when dealing with ultra-high dimensional data. The flowchart is as
shown in Figure 3.

Figure 3: Flowchart of Adversarial Nets Framework
As the name implies, respective functions of generator and the discriminator are as follows:
G is a generating network that receives a random noise z and uses the noise to generate a supply side
scheduling scheme matrix, known as G(z).
D is a network that judges whether the scheduling scheme is "real". Its input parameter is x, which is a scheduling
scheme from database, the output D (x) is the probability that x is a real scheduling scheme, if it is 1, x is 100 %
real scheduling scheme, and if the output is 0, x cannot be a real scheduling scheme.
It is supposed that the utility function of the competition between D and G is V (G, D), then the mathematical
form of GAN's training is:
min max V(D,G) =Ex~Pdata (x) [ln(D(x))]+Ex~pz(z) [ ln (1-D(G(z))) ]
G

D

(2)

Where D(x) is the probability of D that judges whether a real scheduling scheme is real (x is real, for D, the
closer it is to 1, the better). And the D(G(z)) is the probability that the D network will judge whether the scheduling
scheme generated by G is true or not.
The target of generator (G) was to act the same as real data, when D(G(z)) was bigger, G was closer to real
data. The target of discrimination (D) was to improve judgement, when D(x) was bigger and D(G(x)) was smaller,
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the better the judgement was. When D(x) was 1 and D(G(x)) was 0, Eq(2) got its minimum value. And the
purpose of Eq(2) was to get the optimal G and D, so that the difference between the distribution of real data and
generator was the smallest.

3. Results and discussions
3.1 Parameters of BESS
The simulated plant used the supply-side data of a paper-making enterprise and local electricity price. The plant
was located in an industrial park with a large area to support the placement of BESS.
The capacity of the BESS was set to 3,413.76 kWh, and the charge and discharge rates were set to 568.82
kWh/h. The efficiency of the converter was set to 95 %, and the efficiency of the inverter was set to 99 %.
Considering the influence of the depth of charge and discharge on battery life, the battery operating range was
set to 10 %-90 % SOC, and the initial stage was set to 10 %.
Further, the grid price was divided into spiking, peak, flat section and low price. From 19:00 to 21:00, the price
was 1.0824 RMB/kWh for spiking time; from 8:00-10:00 and 15:00-18:00, it was 0.9004 RMB/kWh for peak time;
from 23:00 to 6:00 the next day, it was 0.4164 RMB/kWh for low price time; at the other time of the day, it was
0.6644 RMB/kWh for flat section time. The solar power price is 0.9 times grid price.
3.2 Simulation setup of GAN
The generation network (G) and discriminant network (D) used a framework including two hidden layers, a flatten
layer and a fully connected layer with 100 nodes, and the activation function is sigmoid:
S(t) =

1
1+e-t

(3)

Where, t is the output of the upper neural network layer.
Binary cross entropy (BCE) is used to measure the difference between the generated model and the real data,
which is the network training error. The cross entropy is defined as:
H(p, q) = ∑ p(x) ln
x

1
q(x)

(4)

Where, p is the probability distribution of real scheduling scheme and q is the false one. When H(p,q) was bigger,
the difference between p and q was bigger.
3.3 Training results of GAN
Eq(4) measured the information loss in the process of fitting the probability distribution of real data with the
probability distribution of data generated by random noise. The less the loss was, the better the fit was, and the
truer the data were.
a)
b)

Figure 4: Error of a) Discriminator; and b) Generator of the Convergence of GAN
Since the convergence of GAN is usually a mixed strategy Nash Equilibrium, the criterion of convergence is that
the difference between the upper and lower bounds of the error is a fixed constant (or fluctuates near the
constant). The convergence of training is shown in Figure 4.
Figure 4a and Figure 4b show the errors of discriminator and generator, and the formula is Eq(4). As the number
of iterations increased, the error of discriminator fluctuated between 0 and 2, and the error of generator fluctuates
near 16, which showed that the model had good convergence.
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3.4 Comparison of economic results
At present, there is no mature scheduling scheme for reference, so in the simulation, a low-cost scheduling
scheme was selected as the real scheduling scheme. Data set included scheduling scheme of 2018, and the
cost of the GAN method was set lower than other two methods. The partial data of noise matrix was acquisited
from paper mill.
Table 1: Cost of Different Methods
Parameter
Daily cost in Day 1(RMB)
Daily cost in Day 2(RMB)

Real
80,211.88
65,973.62

GA
82,813.90
68,426.84

DQN
82,285.00
67,817.06

No BESS
81,808.17
67,421.11

GAN method was used to give a dispatch solution, as shown in Table 1. It can be observed that GAN method
could give a solution to lower the current cost less than the cost of other methods. But the cost was still very
high, since the price of power energy was too high. Due to the limitation of the GAN method, it is difﬁcult to
obtain the global optimal solution. However, the GAN method was still better than the traditional heuristic method
to some extent.

Figure 5: Cost Based on Different Methods
From table 1, it can be observed that cost calculating by GAN had the same trend to real scheduling scheme
selected to feed GAN model until then. Compared with GA method and DQN method, the GAN method was
able to reduce the operating costs by 3.639 % and 2.734 %. More specifically, Figure 5 shows the optimal cost
based on different methods.
Figure 5 is operating costs in Day 2 calculating by different methods. Operating costs were similar in the first 12
hours, with the next 12 hours GAN method having lower operating cost and so the lowest daily operating cost.
The operating costs calculated by DQN and GA were higher than that calculated by GAN. The operating cost
without BESS was the highest.

4. Conclusions
In this paper, a component sizing method for supply side in paper mill based on dynamic programming was
proposed. By calculating the operating costs under different algorithms, an optimal scheduling scheme was
obtained for supply side of the paper mill. The simulation results showed the following key results.
(1) The load of supplied side was related to the type of paper produced and the production plan of paper products,
but it fluctuated in a small range over a short period. A zero-one matrix could be used to represent a scheduling
scheme.
(2) The convergence of the model was proved, for D lost and G lost between the upper and lower bounds of the
error were fixed constants or fluctuated near the constant.
(3) By comparing daily cost under different algorithms, GAN algorithm was very good at mimicking the behavior
of other models, but in “black box” mode.
Overall, a simulation case of power dispatch on the supply side was designed based on the power dispatch of
paper mill. A reasonable scheduling scheme for supply side could be achieved by our proposed method. The
factors affecting the charge and discharge rates of the battery included the properties of the battery itself and
current of the supply side. The simulation results showed that the GAN algorithm could reduce the daily cost. D
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lost and G lost between the upper and lower bounds of the error were fixed constants or fluctuated near the
constant, which showed the convergence of the model. The real data used in the GAN algorithm might not be
optimal due to the limitations of the model generating real data, but GAN algorithm could get the same trend if
a better real data was available.
In future work, to obtain a lower daily cost for supply side, different battery materials and installed methods
should be taken into consideration.
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