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Abstract: Considering the engineering problem of electric energy meter automatic verification and
scheduling, this paper proposes a novel scheduling scheme based on an improved Q-learning
algorithm. First, by introducing the state variables and behavior variables, the ranking problem of
combinatorial optimization is transformed into a sequential decision problem. Then, a novel reward
function is proposed to evaluate the pros and cons of the different strategies. In particular, this paper
considers adopting the reinforcement learning algorithm to efficiently solve the problem. In addition,
this paper also considers the ratio of exploration and utilization in the reinforcement learning process,
and then provides reasonable exploration and utilization through an iterative updating scheme.
Meanwhile, a decoupling strategy is introduced to address the restriction of over estimation. Finally,
real time data from a provincial electric energy meter automatic verification center are used to verify
the effectiveness of the proposed algorithm.

Keywords: reinforcement learning; Q-learning; flow shop scheduling; electric energy meters auto-
matic verification

1. Introduction

A problem of scheduling is to assign scarce resources to different tasks for a certain
period of time. It is a decision process and plays an important role in most manufacturing
systems, as well as in the field of information processing [1]. An effective dispatching
scheme can improve the production level of a company, making resource utilization more
reasonable and improving the company’s competitiveness in the market. There are two
major aspects of the scheduling problem, namely problem modeling and solution algo-
rithm design, where the former focuses on the system model, scheduling rules, and target
functions, while the latter mainly considers algorithm complexity, algorithm convergence,
and algorithm properties.

Generally speaking, a production scheduling problem can be described as follows.
Considering a task that can be decomposed into several processes under some constraints,
how to arrange the processing time, processing sequence, and the resources occupied by
each process to achieve the best performance, are vital problems [2–5]. According to the
external environment, processing characteristics, processing constraints, and minimization
objectives, scheduling problems can be classified as a flow shop scheduling problem
(FSP) [6] or a job shop scheduling problem (JSP). FSP is a commonly used model in the field
of industry, which is also a hot issue in current academic literature [2]. The hybrid flow
shop scheduling problem (HFSP) [7,8] and the permutation flow shop scheduling problem
(PFSP) are two classic FSPs.

Automatic verification scheduling of the electric energy meters investigated in this pa-
per is formulated as a flow shop scheduling problem. With the promotion of the ‘centralized
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inspection and unified distribution’ management mode of electric energy meters, several
provincial electric power companies have established their own metrological verification
centers in recent years. In a metrological verification center, electric energy meter automatic
verification flow shop scheduling is a common way for meter verification. Therefore, it has
been a major concern to study the technology of metering automatic verification flow shop
scheduling.

As the scheduling problem is an extremely difficult combinatorial optimization prob-
lem, it has been theoretically proved that a permutation flow shop scheduling problem
with more than three machines is an NP-hard problem [8], and no optimization algo-
rithm with polynomial time has been found so far. At present, the solving methods of
scheduling problems have transitioned from mathematical methods to artificial intelligence
methods, which can be divided into three categories: mathematical programming [9],
the heuristic method [4], and intelligent optimization [10]. Mathematical programming
simplifies the scheduling problem as the optimization of one or more objective functions
under equality constraints or inequality constraints, which can be solved using traditional
optimization algorithms, such as the branch and bound method and the pull relaxation
method. Mathematical programming can theoretically provide the optimal solution to
the problem; however, the searching efficiency lies at a low level so it is difficult to solve
large-scale scheduling problems in a reasonable amount of time [9]. Different from the
optimization algorithm, the heuristic scheduling method is based on intuitive or empirical
solutions to specific problems. The NEH algorithm [11] gives higher priority to jobs with
longer total processing times. From this priority, we can determine an initial arrangement,
and then constructs a scheduling scheme using the insertion method. This is one of the
most effective heuristic methods. Apart from NEH, there are also many other heuristic
scheduling methods, such as the Palmer heuristic algorithm, Gupta algorithm, Raj algo-
rithm, and so on. However, the heuristic algorithm is less efficient in large-scale scheduling
problems. Intelligent optimization schemes adopt the genetic algorithm [12], tabu search
algorithm [13], particle swarm optimization algorithm [14], and other optimization algo-
rithms to solve the scheduling problem, which can quickly converge on the local optimal
solution.

In the field of flow shop scheduling, accurate time consumption of workpieces on
different machines is needed when using conventional approaches like mathematical
programming. In fact, these data are usually absent in practice, and the performance
of heuristic algorithms is limited due to their fixed structure, although for some specific
applications there are usually some specific methods that perform well. In this case, the
powerful ability of reinforcement learning to learn and explore the environment can be
utilized to handle this problem well. It is more robust and there is no need for a fixed
model.

At present, reinforcement learning has not been widely used in production flow shop
scheduling [15–24]. Q-learning algorithm is a model-free reinforcement learning algorithm
that solves large-scale optimization problems [16]. Lu et al. [17] used the Q-learning al-
gorithm to solve this decision-making problem of energy management in a hierarchical
electricity market to adjust flexible loads on the demand side. A reliable adaptive routing
algorithm based on heuristic Q-learning algorithm is proposed to effectively predict the
reliability of links between vehicles by dynamically adjusting routing paths through interac-
tion with the surrounding environment [18]. In the single machine job scheduling problem,
He and other scholars [20] found that agents can select better rules based on the Q-learning
algorithm, which proves the effectiveness of reinforcement learning in the field of produc-
tion flow shop scheduling. Some researchers also applied it to the non-permutation flow
shop scheduling problem [25]. Previous studies were mainly based on the combination of
reinforcement learning with other algorithms, and did not define the reward function in
line with the flow shop scheduling problem. This paper focuses on solving the automatic
verification flow shop scheduling problem of electric energy meters using single agent
reinforcement learning, and puts forward a reward function suitable for the scheduling
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problem considering some reality-based constraints. The contributions of this paper are as
follows:

• This paper focuses on solving the automatic verification flow shop scheduling problem
of electric energy meters using a single agent reinforcement learning algorithm.

• This paper puts forward a reward function suitable for the scheduling problem con-
sidering some reality-based constraints.

• This paper proposes a policy that decouples the selection and evaluation process in
standard Q-learning, thus prevents the overoptimistic value estimates.

The following contents are arranged as follows. Section 2 provides the mathematical
model of the automatic verification flow shop scheduling problem of electric energy meters,
and presents the final scheduling goal, which denotes the maximum processing time.
Section 3 provides the automatic verification flow shop scheduling algorithm of electric
energy meters based on Q-learning, and puts forward a suitable reward function. In
Section 4, a group of examples of a provincial automatic verification center of electric
energy meters are simulated and analyzed to verify the effectiveness of the algorithm.

2. Problem Formulation

In order to improve the efficiency of the automatic flow verification for smart meters, a
dispatch center will put different batches of the same type of measuring instruments (single-
phase meters) or different types of instruments with the same voltage level (single-phase
meters and terminals) on one line for verification, according to various factors, including
user demand, smart inventory reserves, and verification cycle. Specifically, the scheduling
problem can be described as the following optimization problem: assuming that there are
n electric energy meters, which need to go through a total of m verification procedures.
The verification sequence for different electrical energy meters is identical. Given the
verification time of each batch of electric energy meters in different verification procedures,
finding an optimal verification sequence so that the scheduling target is completed with
high efficiency is required. Generally, several assumptions are needed for this kind of
optimization problem:

(1) One electric energy meter can only participate in one verification procedure at a
specific time;

(2) There is only one machine in each verification procedure, and only one equipment
can be verified at a time;

(3) Once a certain verification procedure for an electric energy meter starts, it cannot be
stopped;

(4) The verification sequence of electric energy meters in different verification procedures
is identical;

(5) It is assumed that the buffer zone between different procedures is infinite.

Under the above assumptions, the mathematical description of the scheduling prob-
lem for electric energy meters automatic flow verification can be summarized as follows:
assuming that there are n electric energy meters and m verification procedures. All equip-
ment should be verified in the order of procedure 1 to m. All electric energy meters should
be ranked as π= [π1, π2, · · · , πn]. The processing time of electric energy meters i on
verification procedure j is denoted as pij, and C(πi, j) is the verification completion time of
the workpiece πi on verification procedure j, that is:

C(π1, 1) = pπ1,1
C(πi, 1) = C(πi−1, 1) + pπi ,1

C(πi, j) = max(C(πi−1, j), C(πi, j− 1)) + pπi ,j

(1)

Under the above constraints, the scheduling objective of this paper is to minimize the
maximum processing time, Cmax:

minCmax = max(C(πi, m)) (2)
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where the maximum processing time, Cmax, refers to the completion time of the last verifi-
cation procedure of the last meters. The minimization of Cmax means that the production
cycle of the verification unit is minimized, that is, the utilization rate of the unit reaches its
maximum.

3. Scheduling Algorithm Based on Q-Learning

Reinforcement learning is a key technology in artificial intelligence, which has a strong
real-time learning performance. The main feature of reinforcement learning is its interaction
with the environment. Q-learning represents a classic reinforcement learning algorithm.
Reinforcement learning is based on the mathematical model of Markov decision processes
(MDPs). An MDP usually consists of an agent, a state space, an action space, a state
transition matrix, a reward function, and a discount factor [17].

The agent is denoted as the main body that makes decisions. In the automatic verifica-
tion and scheduling process of electric energy meters, the machine corresponding to the
first verification process is usually regarded as the agent.

State represents the current environment. In the automatic verification and scheduling
process of electric energy meters, the state refers to the energy meters that has not been
verified, where 0 and 1 are used to indicate whether to start verification. For example,
suppose there are nine electric energy meters that need to undergo three verification
procedures, the number of the energy metering devices that have been verified at a certain
time is 1, 2, 4. And then the current status is marked as 001011111. There are 2n states in total
for n electric energy metering devices. The state space is denoted as S = {s1, s2, · · · , s2n}.

Action refers to the decision made by the agent. In this problem, the action of the
agent is to select a device from the energy metering devices that has never been verified to
start the verification. Therefore, in this problem, A = {a1, a2, · · · , an} denotes the selectable
action set.

Reward refers to the reward value returned by the environment to the agent after the
agent performs an action. In previous works, the reciprocal of the maximum completion
time, Cmax, and the reciprocal of the maximum idle time were often selected as the reward
function. This paper proposes a new reward function based on the scheduling problem,
called an sigmoid− Cmax index, as follows:

r(π) =
e−λ(Cmax−C0

max)

1 + e−λ(Cmax−C0
max)

(3)

where Cmax is the maximum completion time of a certain scheduling sequence, C0
max is

the lower limit of an estimated maximum completion time, and λ is the normalization
factor. Compared with the pure reciprocal of the maximum completion time, Cmax, the new
reward function proposed in this paper is more suitable for actual scheduling problems. For
example, for a certain scheduling problem, the maximum completion time, Cmax, obtained
by multiple scheduling processes is between 200 and 250. If the reward function is based
on the reciprocal of Cmax, the pros and cons of different scheduling strategies cannot be
properly distinguished. On the contrary, based on the sigmoid− Cmax index proposed in
this paper, the pros and cons of different scheduling strategies can be clearly distinguished,
which is conducive to the training process of the agent.

The reward is the sum of all rewards from the current moment to the end of a round.
In reinforcement learning, a discounted return is often used as the assessment of the current
state. The discounted return is defined as:

ut = rt + γrt+1 + γ2rt+2 + · · · γNrt+N , (4)

where γ ∈ [0, 1] is called the discount factor, and at time t + N, the round ends.
In reinforcement learning, the state of the agent at time t is denoted as st(st ∈ S).

According to the state and the agent’s internal strategy function, the agent selects an
action at(at ∈ A) to get the state at the next moment, st+1, and the instantaneous reward,
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rt. According to this cycle, the agent continuously interacts with the environment, and
constantly adjusts its behavior according to the rewards obtained by learning, so as to
obtain the largest long-term reward. The specific process is shown in Figure 1.
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In the Q-learning algorithm, the key part is the iteration of the Q-value. Finding the
mathematical expectation of ut, one can obtain the Q-value as:

Qπ(st, at) = ESt+1,St+2··· ,St+N [ut], (5)

where St+N is the state at the end of the round at time t + N, which is 00000000 in the case
of nine electric energy meters undergoing three verification procedures.

The Q value iteration formula of Q-learning is:

Q(st, at) = (1− α)Q(st, at) + α(rt + γmax(Qat+1(st+1, at+1))), (6)

where α represents the learning rate and γ is the discount factor. The greater the learning
rate is, the greater impacts the return has on the current Q(st, at). The greater the dis-
count factor, γ, is, the greater the agent’s emphasis on future rewards will be. Although
max(Qat+1(st+1, at+1)) can make the Q value quickly converge on the possible optimal
value, it will also lead to over estimation, which makes the estimation value deviate sig-
nificantly from the true value. To solve this problem, a decoupling strategy is adopted to
decouple the selection of target Q-value action and the calculation of target Q-value. In
other words, the largest Q-value of each action is not found directly in the target Q network,
but the action corresponding to the largest Q-value is found in the current Q network. This
decoupling strategy can be described by:

amax(St, rt)= argmax
at

Qc(φ(St), at, rt) (7)

Then, chosen action amax(St, rt) can be used to calculate the target Q value in the target
network, which yields:

Q(st, at) = (1− α)Qt(st, amax(St, rt)) + α(rt + γmax(Qt
at+1(st+1, amax(St+1, rt+1)))) (8)

In Equations (7) and (8), Qc and Qt are the selection and evaluation, respectively, which
are decoupled to prevent overoptimistic value estimates. As for the action selection strategy,
the agent has two different modes: exploration and utilization. The ε greedy strategy is
one of the common strategies for the agent to select its action. The agent calculates the
account immediately with probability ε, and selects the action with the greatest value with
the probability 1− ε. The smaller the ε is, the more this strategy emphasizes utilization,
which means using existing successes to select actions, and the larger the ε is, the more
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this strategy emphasizes exploration. In the proposed strategy, the ratio of exploration and
utilization is gradually updated by gradually decreasing ε.

Based on the above analysis, this paper proposes an automatic verification scheduling
algorithm of electric energy meters based on an improved Q-learning (IQL) method. The
specific flow of the Algorithm 1 is shown below.

Algorithm 1 Automatic verification scheduling algorithm of electric energy meters based on
improved Q-learning

Input: Processing time matrix
{

pij

}
Output: Q(s, a)
Initialization: ε = 1, α, γ, ep, Q(s, a)

For each episode:
Initialize state s0 = 111 · · · 1, π = [], rt = 0

ε = (1− ep)ε
While st 6= 000...0:

Current state is st
If rand <ε:

Randomly choose an optional act at;
else:
Choose the act at with the maximum value

Act at, and obtain the next state st+1, π = [π, at]
If st+1 = 000...0, rt = r(π):

Calculate amaxQ(St, rt)= argmax
at

(φ(St), at, rt)

Update Q(s, a) as follow:
Q(st, at) = (1− α)Q(st, amax(St, rt)

+α(rt + γmax(Qat+1 (st+1, amax(St+1, rt+1))))

Update st = st+1
Else:

Stop criterion and output the result

The time complexity of the proposed algorithm depends on the number of iterations
(N) and the state space and action space dimensions. In the flow shop scheduling problem,
the state space and action space are fixed, which are the number of workpieces (n) and the
number of machines (m), respectively. Therefore, the algorithm complexity is O(Nnm).

4. Experimental Results

In order to verify the effectiveness of the proposed algorithm, this paper uses a case
provided by a provincial electric energy meter automatic verification center to carry out
the test. Specifically, the case requires the verification of nine different batches of electric
energy meters. Each batch has to go through the verification of the five major processes,
the appearance, pressure test, multi-function test, sorting test, sealing test, and automatic
labeling test. The time consumed in the different verification processes is different for
different batches. The corresponding time consumption of the specific verification process
is shown in Table 1.

Based on the improved Q-learning algorithm proposed in Section 3, this paper formu-
lates an electric energy meter automatic verification flow shop scheduling strategy, and
analyzes the effects of different parameters in the algorithm on the scheduling results. This
algorithm is implemented using python 3.8 on an Intel (R) Core (TM) i5-8400 CPU @2.80
Ghz 2.81 GHz (RAM 8.00 GB), and the program run time is 442 milliseconds. Generally
speaking, since the completion time in the reinforcement learning process decreases until it
converges on the optimal solution as the number of iterations increases, the average maxi-
mum completion time in the learning process is usually used as an evaluation index, which
can reflect the influence of parameters on the final result well. A small average maximum
completion time means a fast convergence speed and good algorithm performance, which
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also corresponds to better algorithm parameters. Therefore, this paper adopts the average
maximum completion time, Cmax, as the evaluation index of the algorithm performance.

Table 1. Job verification time of each step.

Job/Step Step1/min Step 2/min Step 3/min Step 4/min Step 5/min

Job 1 12 13 20 11 10
Job 2 12 14 16 23 18
Job 3 14 16 22 17 17
Job 4 17 12 16 20 16
Job 5 21 20 15 24 24
Job 6 14 12 23 22 21
Job 7 14 14 20 20 26
Job 8 20 22 18 20 18
Job 9 10 24 19 13 18

Since the number of iterations of the flow shop optimization scheduling algorithm
for different parameters to converge on the corresponding optimal solution is different,
Cmax, here, is the average time of the algorithm converging on the global solution under
corresponding parameters within 5000 iterations. In order to show the convergence speed
of the algorithm under different parameters, this paper also records the number of iterations
for the improved algorithm to reach the optimal solution under the same parameters, as
shown in Figure 2.
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Figure 2. Influence of different parameters on the convergence iteration times of the IQL algorithm.

The least number (1089) of iterations among all parameters was used as the correspond-
ing percentage of zero over iteration value (ZOIV), and 5000 was used as the corresponding
percentage of full over iteration value (FOIV). The number of over iterations, N, is defined
as the times the algorithm continued to iterate until 5000 when the algorithm reached the
optimal solution under the corresponding algorithm parameters. Over iteration proportion
(OIP) is defined as:

OIP = 1− N
FOIV− ZOIV

(9)

It can be seen that the smaller the OIP is, the faster convergence speed will be under the
corresponding algorithm parameters. Figure 3 shows the average maximum completion
time, Cmax, before and after the algorithm is improved when one parameter takes the
optimal value and another parameter changes. It can be seen from Figure 3 that the
average maximum completion time of the improved algorithm is relatively smaller than
the original algorithm, which means that the convergence speed of IQL is faster than that
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of QL. Figure 3 also shows that algorithm parameter α has a greater impact than γ on the
results. In addition, the improved algorithm is more robust to the parameters.
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Figure 3. Comparison of impacts on average finishing time of different parameters, before and after
the improvement.

According to Figures 2 and 3, the paper finally determined the optimal parameters
and selected a learning rate of α = 0.1, discount factor of γ = 0.7, and greedy rate iteration
parameter of ep = 10−4, which can determine the iterative process of the optimal solution of
the calculation example. Figure 4 shows the iterative process of the optimal solution under
different algorithm parameters, before and after the algorithm is improved. The orange
line is the iterative process of the original QL algorithm under the optimal parameters. The
blue line is the iterative process of the IQL algorithm under the optimal parameters. The
red line is the iterative process of the IQL algorithm under another set of parameters, from
which it can be seen that the algorithm shows a slower convergence speed. The algorithms
all converge on the global optimal solution, before and after the improvement, but the
improved algorithm shows a faster convergence speed.
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improvement.

For the above example, IQL and QL are compared using the same number of iterations.
The results of 10 independent runs are shown in Table 2.

Table 2. Comparison of IQL and QL.

Time 1 2 3 4 5 6 7 8 9 10

IQL 232 233 232 232 233 232 232 232 232 232
QL 234 233 232 234 234 234 234 234 233 234
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It can be seen from Table 2 that the IQL algorithm finds an optimal solution 8 times
out of 10 independent runs. On the other hand, it can be seen from Figure 4 that, even if
the optimal solution is found at the same time, the speed of the IQL algorithm is faster than
that of the QL algorithm. Therefore, the average performance of the IQL algorithm is better
than that of the QL algorithm.

The Gantt chart of the optimal solution obtained by the improved algorithm under
suitable solution parameters is shown in Figure 5. The optimal solution of this example is
(2,7,4,9,5,6,8,3,1), the maximum completion time Cmax is 232.
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5. Conclusions

In this paper, an improved reinforcement learning strategy based on the Q-learning
algorithm is proposed to solve the flow shop the scheduling problem of electric energy
meters automatic verification. Based on the traditional Q-learning algorithm, this paper
analyzes the state, action, and reward function of the flow shop scheduling problem for elec-
tric energy meter automatic verification. A new reward function named the sigmoid−Cmax
index is proposed, and the combination of exploration and utilization by the iterative up-
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dating of ε has improved the effectiveness of the strategy. In addition, a decoupling strategy
is introduced to solve the problem of overestimation. Finally, the proposed algorithm is
verified using the case of automatic flow verification provided by a provincial verification
center. Through parameter analyses and reasonable selection, the optimal solution of the
verification strategy is obtained, which further demonstrates the convergence, effectiveness,
and robustness of the proposed algorithm.
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