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ABSTRACT 
As an environmentally friendly and efϐicient public transport, the optimization of the operating 
frequency of electric buses is of great signiϐicance for improving passenger satisfaction and reducing 
operating costs. This paper proposes an optimal electric bus frequency setting method that combines 
LSTM prediction and two-layer planning. First, LSTM neural network is utilized to predict the 
passenger ϐlow of electric buses. Second, a two-layer planning model is constructed, with the upper 
model aiming at frequency optimization and the lower model aiming at electric bus frequency setting. 
Finally, this two-layer planning model is solved by genetic algorithm to obtain the optimal electric bus 
frequency setting. The inbound and outbound passenger ϐlow data of the 5th station of 363 electric 
bus in Q city are used for practical veriϐication. The prediction results of the LSTM model on inbound 
and outbound passenger ϐlow on weekdays and natural days are basically consistent with the actual 
values. The optimal frequency of 62 trips was solved using genetic algorithm. The maximum deviation 
of the actual capacity supply from the actual capacity demand curve is only 0.09% when the frequency 
setting is veriϐied under the scenario of thousands of passenger ϐlows. From the above analysis, it is 
shown that it is practical to design the optimal electric bus frequency using LSTM prediction and two-
layer planning model. 

Keywords: LSTM neural network, two-layer planning model, genetic algorithm, electric bus frequency 
 

1. Introduction 

LSTM is a variant of recurrent neural network (RNN) that can efϐiciently deal with long-term 
dependencies in time-series data. In LSTM, the states of neurons are designed to memorize 
information from previous time steps in order to correctly predict the output at future time steps [1-
4]. Bi-level programming is a system optimization problem with a two-level recursive structure, where 
the upper level problem and the lower level problem have their own decision variables, constraints 
and objective functions. Bi-level system optimization studies the planning and management problems 
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of systems with two levels [5-8]. The upper-level decision maker only guides the lower-level decision 
maker through his/her own decision, and does not directly interfere with the lower-level decision 
making. The lower level decision maker only needs to take the upper level decision as a parameter, 
and he is free to make decisions within his own possibilities [9]. The combination of LSTM and two-
layer planning is of great signiϐicance in the ϐield of electric buses. 

Traditional fuel vehicles cause serious pollution to the environment due to the consumption of large 
amounts of oil. In today's increasingly environmentally friendly world, electric buses have received 
extensive attention from all over the world due to their advantages in energy security, environmental 
protection and sustainable development [10-13]. With the growing global concern about air quality 
and carbon emissions, more cities are focusing on electric buses as a solution to replace traditional 
fuel buses. In the rapid development of electric buses, the design of electric motor, control technology 
and the comprehensive performance of the vehicle are important factors constraining the power, 
economy and range of electric buses [14-17]. Therefore, the optimal electric bus frequency setting is 
of great signiϐicance, and the combination of LSTM prediction and two-layer planning can play an 
important role in this process. 

The study designed the optimal electric bus frequency setting method by combining LSTM 
prediction and two-layer planning. The passenger ϐlow of electric buses is accurately predicted by 
LSTM neural network, which provides data support for the frequency setting of electric buses. Further, 
a two-layer planning model is constructed in this paper, with the upper model and lower model aiming 
at frequency optimization and electric bus frequency setting, respectively, and the model takes into 
account the passenger cost and enterprise operation cost. Finally, the genetic algorithm is used to solve 
the two-layer planning model, and the feasibility of the optimal electric bus frequency is analyzed 
through practical veriϐication. 

2. LSTM-based passenger flow prediction 

LSTM model is a time series model, electric bus passenger ϐlow itself has time series characteristics, 
the current passenger ϐlow is affected by the historical passenger ϐlow sequence, so LSTM can 
effectively use the historical passenger ϐlow sequence to predict the future passenger ϐlow. 

2.1. Data set construction 

For the time series can be mined from three time dimensions (hourly, daily, weekly) of historical 
passenger ϐlow information, the speciϐic sequence composition is as follows: 
1) Preceding time ϐlow sequence. Preceding time series can better reϐlect the changes of passenger 
ϐlow in a short period of time, but it is most likely to be affected by the error data, and at the same time, 
it will ignore the time distribution characteristics of passenger ϐlow data itself, such as the difference 
between morning peak, evening peak and ϐlat peak, as well as the difference between weekday and 
non-weekday passenger ϐlow. From the historical passenger ϐlow correlation analysis of the ϐirst [1, 3, 
4, 12, 13, 15] hours of historical passenger ϐlow and the current passenger ϐlow correlation is strong, 
so the use of the above historical moments of the passenger ϐlow data composed of the sequence as an 
input, then the data of a sample input vector ( , )HX d h  is: 

 ( , ) [ ( , 15), ( , 12), , ( , 1)]HX d h S d h S d h S d h     (1) 

Sample Label ( , )hy d h  is: 

 ( , ) ( , )hy d h S d h  (2) 

2) Preceding day passenger ϐlow sequence. Considering that it is easy to be interfered by errors and 
there is obvious regularity in the distribution of passenger ϐlow over time in a day, the sequence of 
passenger ϐlow on the preceding days extracts the passenger ϐlow data at the same moment of the 
neighboring days, which can better reϐlect the distribution of passenger ϐlow in time, but ignores the 
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differences between the passenger ϐlow on weekdays and holidays. From the historical passenger ϐlow 
correlation analysis of the preceeding days of passenger ϐlow sequence and the current moment of 
passenger ϐlow are strongly correlated, easy to deal with the use of the ϐirst four days of the same 
moment of passenger ϐlow data composed of the sequence as an input, then the data of a sample of the 
input vector h

dDX  is: 

 ( , ) [ ( 4, ), , ( 1, )]DX d h S d h S d h    (3) 

Sample Label ( , )dy d h  is: 

 ( , ) ( , )dy d h S d h  (4) 

3) Preceding Weekly Passenger Flow Sequence. Considering the difference of passenger ϐlow between 
week and weekend, the preorder weekly passenger ϐlow sequence extracts the data of the same 
moment of the same week in the neighboring weeks, which can better reϐlect the difference of 
passenger ϐlow between week and weekend, but the statistical time span is large, and there is no way 
to reϐlect the change of passenger ϐlow in a short period of time. By the historical passenger ϐlow 
correlation analysis of the previous day passenger ϐlow sequence and the current moment of 
passenger ϐlow are very strong correlation, easy to deal with the use of the previous 4 weeks of the 
same week the same moment of passenger ϐlow data composed of the sequence as input, then the data 
in a sample input vector h

dWX  is: 

 ( , ) [ ( 28, ), , ( 7, )]WX d h S d h S d h    (5) 

Sample Label ( , )wy d h  is: 

 ( , ) ( , )wy d h S d h  (6) 

Combining the preordered hourly ϐlow series, preordered day ϐlow series and preordered weekly 
ϐlow series to simultaneously satisfy the temporal distribution characteristics of passenger ϐlow and 
the change of passenger ϐlow within a short period of time can effectively make up for the 
shortcomings of a single passenger ϐlow series. Therefore, the input vector ( , )UX d h  of a sample in 
the data set is: 

 ( , ) [ ( , ), ( , ), ( , )]UX d h HX d h DX d h WX d h  (7) 

Sample Label ( , )uy d h  is: 

 ( , ) ( , )uy d h S d h  (8) 

For the construction of the LSTM dataset, not only the inϐluence of the historical passenger ϐlow 
sequence is taken into account, but also the extrinsic inϐluences (weather data and holiday data). At 
this time, the constructed dataset adds more dimensions than the above dataset, and each passenger 
ϐlow data in the 14×1 dimensional input vector composed of passenger ϐlow sequences is added to the 
56 dimensional extrinsic factors of the decision tree input vector X   to compose a 14×57 
dimensional input vector, and the input vector ( , )X d h  of a sample in the dataset is: 

  ( , ) [ ( , 15), ], ,[ ( 4, ), ], ,[ ( 28, ), ]X d h S d h X S d h X S d h X      (9) 

Sample Label ( , )y d h  is: 

 ( , ) ( , )y d h S d h  (10) 

2.2. LSTM model construction 

The LSTM model is constructed based on the TensorFlow framework, and the network structure of the 
LSTM model is shown in Fig. 1. The basic structure of the LSTM model contains three layers of LSTM, 
three layers of Dropout and one layer of Dense [18]. The ϐirst LSTM layer also serves as the input layer, 
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and the input layer is a three-dimensional variable: the ϐirst dimension is the sample size taking the 
value of None, the second dimension is the dimension of each sample taking the value of 14, and the 
third dimension is the dimension of each variable taking the value of 1. A sample in the input layer is 
a vector of 14 numbers, and the dimension of the input sequences is 14×1. The return sequences of 
the ϐirst two LSTM layers are set to True, and the Dense attribute is set to True, Dropout layer is set to 
0.2, the number of discarded connections is 20% of the full connections, the activation function is set 
to ReLU, the optimizer is set to Adam, and the passenger ϐlow prediction results are output through 
the Dense layer. 

Lstm1(LSTM)
Input

Output

(None,14,1)

(None,14,128)

Dropout1(Dropout)
Input

Output

(None,14,128)

(None,14,128)

Lstm2(LSTM)
Input

Output

(None,14,128)

(None,14,128)

Dropout2(Dropout)
Input

Output
(None,14,128)
(None,14,128)

Lstm3(LSTM)
Input

Output

(None,14,128)

(None,128)

Dropout3(Dropout)
Input

Output

(None,128)

(None,128)

Dense(Dense)
Input

Output
(None,128)

(None,1)  

Fig. 1. Basic structure of LSTM model 

3. Optimal electric bus frequency setting based on two-layer planning 

Bi-level programming is a system optimization problem with a two-level recursive order structure, 
where the upper and lower models have their own objective functions and constraints [19]. The 
decisions of the upper model inϐluence the decisions of the lower model, and the optimal solutions of 
the lower model are fed back to the upper model. 

3.1. Lower level model 

The electric bus frequency setting is performed on the given electric bus passenger ϐlow data, and the 
electric bus passenger ϐlow data predicted by the LSTM neural network above is applied to the lower 
model. The classical electric bus frequency setting model is shown below: 
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Where: , A  is the arc segment and the set of arc segments, respectively. ,i I  are the nodes and 
the set of nodes, respectively. ,a ac v   are the travel time and passenger ϐlow on arc segment   , 
respectively. af   is the joint departure frequency on arc segment   . ig   is the passenger ϐlow 
generated by node  i . iV  is the passenger ϐlow at node  i . ,i iA A   are the set of routes leaving node 
 i  (attraction route set) and the set of routes entering node  i , respectively. 

3.2. Upper layer model 

Before modeling, the following assumptions are ϐirst made: 
1) Electric bus vehicles travel along a speciϐied route during a speciϐic time period. 
2) Crossing stops and overtaking are not allowed on all electric bus routes. 
3) Passengers queue up consciously and get on the buses ϐirst, without queue jumping. 
4) There is only one way for passengers to travel, and passengers do not leave the electric bus routes 
due to long waiting times. 

3.2.1. Parameter deϐinitions. Departure frequency optimization is a complex process, where the 
supplier (electric bus company) wants to use the largest possible departure interval to reduce the 
variable cost, while the passengers require a higher departure frequency to reduce the waiting cost. 
Based on this idea, this paper establishes an electric bus departure frequency optimization model with 
the objective of minimizing the total cost of passengers and electric bus companies. 

The variables used in the model are as follows: T   is the time interval during the optimization 
period. f  is the departure interval.   is the arrival frequency of passengers at station k , where 
passengers are considered to arrive uniformly during the optimization period. And let the arrival 
frequency be equal to the ratio of the number of boardings at each station during the optimization 
period (obtained from the lower model) to the optimization period (T). kq  is the passenger alighting 
ratio at station k , which is a percentage based on the number of passengers alighting at that station 
during the optimization period (obtained from the lower model) as a proportion of the number of 
passengers alighting at all stations between that station and the end point, k kD t  is the distance from 
station k   to station 1k    and the average running time, respectively. ,u d   is the average 
passenger boarding and alighting time, respectively. mV  is the capacity of the mth vehicle. , ,k k k

m m mI U R  
are the number of occupants, boarding and remaining passengers of the  m  th vehicle at the  k  th 
station, respectively, where: 

 
-1 1

1 1

 ( ) ( ) (1 )

  (1 )  

n k n k k
k k k m k k k m m kk

n nm
k

m m k
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V I q other
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
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 (12) 
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the stopping time of a vehicle at stop k  , minmax( , , )k k k
m m m kS uU dI q S  ,    is the passenger comfort 

coefϐicient, 1.5 1   and here the indicator is expressed in terms of crowding:   is the penalty 
coefϐicient, which increases with the number of vehicles missed, reϐlecting the additional cost to 
passengers who are unable to board the bus due to insufϐicient vehicle capacity, and can be expressed 
either as an integer greater than 1 or by multiplying the frequency of departures by the number of 
vehicles waiting. , ,w t r

p p pC C C  are the passenger's wait time cost factor, ride time cost factor, and ride 
cost factor (fare), respectively. ,v o

c cC C   are the electric bus vehicle cost factor and the electric bus 
company operating cost factor, respectively. 

3.2.2. Total Passenger Costs. In addition to fares, the cost to passengers is primarily the cost of time 
spent waiting for and traveling on the bus; the cost of time spent transferring or walking is not 
considered here because these are not related to the frequency of departures. 
1) Passenger's cost of waiting time (off-board costs): 

 o wM        (14) 

In the formula: 

 1

1

( , ) ( / )
k
m

k w k
w m p m k

m k

U

n

f U C f t S n r


     (15) 
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 -1

1

(  ) ( ( - ( -1) / ) )
k k
m m

k
m

U R
k w k k
m p m k m

m k n U

f R C f S n r R f 


 

     (17) 

oM  is divided into three parts: 
(1) Waiting for Vehicle Costs w  is the cost of time spent by passengers (excluding passengers left 

over from the previous trip) waiting on the platform before the vehicle arrives at the station. 
(2) Waiting for Boarding Cost   is the cost of time spent by passengers waiting outside the vehicle 

to board the vehicle during the time the vehicle is stopped on the platform after the vehicle arrives. 
(3) Extra cost   is the cost of time spent by left-behind passengers (passengers who are left on 

the platform due to maximum capacity constraints) waiting for the current vehicle and the previous 
vehicle and for the current vehicle to stop at that station. Here, a penalty factor   is used to indicate 
the weight of adding the extra cost to the total cost. 
2) Passenger's time cost of traveling (in-vehicle cost): 

 i i sM     (18) 

In the formula: 

 ( (1 ))t k k k
i p m m m k

m k

C I t S I q     (19) 

 
1 1

( ( ( 1) ) )
k k
m m kU I q

k
s p m

m k n n

C S n u dn




 

       (20) 

iM  includes two components: 
(1) Ride time cost i , which includes the cost of the time that passengers in the car spend running 
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from the previous stop to that stop and the cost of the time spent stopping at that stop. 
(2) Boarding and alighting time cost s  is the cost of the time passengers boarding (or alighting) 

at that station spend waiting on the bus. 
3) Total Passenger Time Cost. The total time cost of a passenger is the sum of his off-vehicle time cost 
and on-vehicle time cost, viz: 

 p o iZ M M   (21) 

3.2.3. Costs of electric bus companies. When setting the frequency of departure on a route, an 
electric bus enterprise must reduce its own costs in addition to reducing the travel costs of passengers. 
This paper proposes a model of minimum enterprise cost, which mainly considers the revenue 
(passenger fare income) and operating costs (including the enterprise's resource allocation, personnel 
wages and fuel consumption and other comprehensive factors) of the electric bus enterprise, and this 
objective function is closer to the actual operating conditions. 
1) Revenue of the enterprise pM . Depends on the passenger ϐlow it carries, which is equal to the total 
passenger ϐlow multiplied by the fare: 

 
r k

p p m
m k

M C U   (22) 

2) Business Operating Costs cM . Includes costs related to depreciation and maintenance of vehicles, 
salaries of drivers and conductors, and fuel consumption: 

 / /v o
c c c k

k

M C T f C D T f    (23) 

3) The goal of a business cZ . Is to minimize the difference between expenses and revenues: 

 e e pZ M M   (24) 

3.3. Integration model 

Minimizing the total time cost of passengers and minimizing the cost of electric bus companies are 
somehow contradictory to each other, to minimize the cost of the whole system, it is necessary to ϐind 
out the equilibrium of the two optimization problems, and here a kind of linear weighting method is 
used to consider the costs of these two aspects together: 

 
1 1

1

min :  ( (1 ) )p eZ Z Z     (25) 

Where: 1 is the number of the electric bus line.   is the weighting factor used to control the two 
objectives, 0 1  . 

3.4. Model solving 

The ϐlow of solving a two-layer planning model using a genetic algorithm is shown in Fig. 2, where the 
number of genetic generations is used as an algorithmic stopping criterion, and the other key modules 
are described as follows. 
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Fig. 2. Genetic algorithm solution process 

Selection of coding method. Due to the large number of lines in the actual electric buses, the decision 
variable of the model, i.e., the frequency of electric bus line departure, is huge, so the real number 
coding is used to improve the search efϐiciency of the genetic algorithm, and the initial population is 
generated by using the  1 2, , , nf f f -individual form, where n  is the total number of lines. In order 
to make the randomly generated initial population are satisϐied with the constraints, the ϐirst randomly 
generated line operating vehicles and then converted into the line frequency of the idea. The number 
of vehicles operating on the ( )i i l rd line is iT . The speciϐic operation is as follows: ϐirstly, 1 integer 
is randomly selected from [1, 1]T n  , which is labeled as 1T , and is used as the number of vehicles 
on the 1st line. Then in 1[1, 2]T T n    randomly selected 1 integer, recorded as 2T , as the number 
of vehicles in the second line. In the same way, 1 integer is randomly selected from 

1 2 2[1, ] ](2 )iT T T T T n i i n         , which is recorded as iT , as the number of vehicles of the i
th line, until the number of vehicles of the last line is generated. After generating the number of 
vehicles for a line, the number of vehicles for each line is then converted into the frequency of 
departure. The initial value obtained from the above process is one individual, and the above steps are 
repeated to produce an initial feasible population that meets the required number of individuals. 

Calculate the ϐitness value. The genetic algorithm in this paper uses the smallest ϐitness value as the 
search objective, so the layer objective value is used instead. It can be seen that before determining the 
ϐitness value it is necessary to match the ϐlow of electric buses for each individual of departure 
frequency. If the generated individual does not satisfy the constraints then a penalty value needs to be 
added to the ϐitness value with a view to its elimination in the genetic operation. 

Genetic manipulation. Based on the ϐitness value, genetic operation is performed to generate a 
population of good offspring. In this paper, the following operations are adopted sequentially: 
selection, replication, crossover, and mutation. Speciϐically, the individuals with the best ϐitness values 
in the current generation are replicated as superior offspring based on the elite principle. The 
individuals with better ϐitness values in the current generation are selected as the parents by roulette 
method, and then two-point crossover and Gaussian mutation operations are performed on the 
parents to generate crossover and mutation offspring. The above three sub-generations together form 
the next generation population. 
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4. Case studies 

4.1. Experimental data 

Passenger ϐlow data are collected for inbound and outbound passengers at station 5 of electric bus 
route 363 in city Q. The daily inbound and outbound passenger ϐlow data from 07:00 to 22:30 from 
August 5, 2023 to September 29, 2023 are shown in Fig. 3. The trend of inbound and outbound 
passenger ϐlow at station 5 of electric bus route 363 is basically the same, with obvious volatility. 
Affected by the opening of the new subway line nearby, the inbound passenger ϐlow is smaller than the 
outbound passenger ϐlow. The minimum passenger ϐlow occurs in early September and the maximum 
passenger ϐlow occurs in early August. The passenger ϐlow is divided into several intervals, and the 
LSTM model is used to predict the passenger ϐlow in an interval with strong regularity. 

 

Fig. 3. Passenger ϐlow data in and out 

4.2. Analysis of forecast effects 

4.2.1. Feasibility veriϐication. In order to verify the feasibility of the prediction models, the 
autoregressive moving average (ARIMA) model, the decision tree (DT) model and the LSTM passenger 
ϐlow prediction model were used to predict the passenger ϐlow of the metro stations on weekdays and 
natural days, respectively. The inbound passenger ϐlow of 2023-08-12-2023-08-13 is the training set 
for weekdays, the inbound passenger ϐlow of 2023-08-27 is the test set for natural days, and the 
inbound passenger ϐlow of 2023-08-27 is the test set for natural days.The prediction results of the 
inbound passenger ϐlow of the ARIMA model, the DT model and the LSTM model are shown in Fig. 4. 
(a) and (b) represent the prediction results of inbound passenger ϐlow on weekdays and natural days, 
respectively.The average errors of the LSTM model in the prediction of inbound passenger ϐlow on 
weekdays and natural days are 0.8092 and 1.108, respectively.The deviation of the prediction results 
of the LSTM model from the actual inbound passenger ϐlow is smaller compared with those of the 
ARIMA model and the DT model. 
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(a) Working day 

 
(b) Natural day 

Fig. 4. Inbound passenger traffic forecast results 

4.2.2. Validation of applicability. Validate the applicability of LSTM passenger ϐlow prediction model. 
The outbound passenger ϐlows from 2023-08-07-2023-08-11 were used as the training set for 
weekdays, and the outbound passenger ϐlows from 2023-08-14, 2023-08-21, 2023-08-28, 2023-09-
04, 2023-09-11, 2023-09-18, 2023-09-25, 2023-09-28 outbound passenger volumes for the weekday 
test set. The outbound passenger ϐlows of 2023-08-12 and 2023-08-13 are used as the training set for 
natural days, and the outbound passenger ϐlows of 2023-08-19, 2023-08-26, 2023-09-02, 2023-09-09, 
2023-09-16, 2023-09-23, and 2023-09-30 are used as the test set for natural days. The outbound 
passenger ϐlow prediction results of the LSTM model are shown in Fig. 5. (a) and (b) represent the 
prediction results of inbound passenger ϐlow on weekdays and natural days, respectively.The 
prediction results of the LSTM model basically match with the actual outbound passenger ϐlow, the 
predicted passenger ϐlow data are well ϐitted, the cycle pattern is obvious, both have 7 wave peaks, and 
the maximum daily passenger ϐlow all appear at 08:30-09:00. 
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(b) Natural day 

Fig. 5. Departure rate forecast results 

4.3. Analysis of the effect of frequency setting of optimal electric buses 

4.3.1. Departure Timetable Solution Analysis. The predicted passenger ϐlow of electric buses, 
passengers and the minimum total cost of electric bus companies based on LSTM neural network were 
substituted into a two-layer planning model, and the model was solved using genetic algorithm. The 
operating period of the 5th station of the electric bus of the 363rd road in Q city is divided into 930 
time slots (1 time slot per minute), and the optimal frequency of 62 departures is solved accurately. 

In order to show the optimal electric bus frequency method designed in this paper and the 
accelerated column generation algorithm [20] (IPC) of integer planning class respectively with the 
adaptive status of the capacity demand, the whole day operation period is divided into 34 segments 
according to every 30 min, calculate the capacity supply of station 5 from the beginning to the end of 
the period of operation, and count the passenger ϐlow (i.e., the demand for capacity) of the ϐifth station 
every 30 min, the more the number of segments of the time period, the more balanced the demand 
and supply of capacity is. The higher the number of time segments, the more balanced the capacity 
supply and demand. The capacity supply and demand of station 5 is shown in Figure 6. The Pearson's 
correlation coefϐicient is used to measure the demand and supply of capacity, and when the correlation 
coefϐicient is in the range of 0.80~1.00, the result of the demand and supply ϐitness is a strong 
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correlation. The correlation coefϐicient is 0.9635, which reϐlects the solution accuracy of the departure 
schedule, indicating that the capacity supply of electric buses ϐluctuates around the capacity demand, 
with small ϐluctuation amplitude and timely response of scheduling interval, which veriϐies the 
feasibility of the frequency setting method of electric buses. 

 

Fig. 6. Balance of transportation capacity supply and demand 

4.3.2. Algorithm Stability Analysis. By using the program to calculate the numerical changes of four 
quantities such as the actual demand ϐleet size, the theoretical number of electric buses purchased 
under the uniform departure interval, the capacity supply, and the capacity demand in the process of 
changing the daily passenger ϐlow from 300 to 3,000, the stability veriϐication of the algorithm is 
shown in Fig. 7. With the increase of daily passenger ϐlow, the actual capacity supply and actual 
capacity demand curves always maintain a basic coincidence, and the maximum deviation rate of the 
two is only 0.09%. The electric bus frequency setting model is adapted to the scenario of thousands of 
passenger ϐlows, and the larger the single-day passenger ϐlow, the higher the model accuracy. The 
actual number of electric buses purchased did not deviate from the trend of the theoretical minimum 
number of vehicles purchased, indicating that the genetic algorithm has good solution stability. The 
spacing between the actual number of vehicles purchased and the capacity demand is gradually 
shortened in Figure 7, which also proves that the larger the single-day passenger ϐlow is, the higher 
the model accuracy is. This shows that the optimal setting method of electric bus frequency based on 
LSTM prediction and two-layer planning is suitable for the situation of large passenger ϐlow and 
complex laws. 
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Fig. 7. Algorithm stability veriϐication chart 

5. Conclusion 

In order to optimize the departure frequency of electric buses, this paper proposes a method 
combining LSTM prediction and two-layer planning. The experiment is based on the passenger ϐlow 
data of electric bus No. 363 entering and leaving the station at the 5th station in Q city. The feasibility 
and applicability of the LSTM model are veriϐied. On both weekdays and natural days, the model's 
prediction results of inbound and outbound passenger ϐlow are not much different from the actual 
values. Use genetic algorithm to solve the optimal frequency of 62 departures at the 5th station of 363 
electric buses. The Pearson correlation coefϐicient is used to measure the capacity supply and demand, 
and the correlation coefϐicient is obtained as 0.9635, which indicates the feasibility of the method in 
this paper. The maximum deviation of the actual capacity supply from the actual capacity demand 
curve is only 0.09% for the scenario of thousands of passengers. This shows that the method of 
designing optimal electric bus frequency in this paper has practical application value. 
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