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Abstract. In view of the current lack of real-time and accurate passenger flow data in
the public transportation network, it is difficult for residents to obtain information on
the congestion degree in the bus before traveling. A Method for predicting the congestion
degree in the electric bus based on the RBF (Radical Basis Function) neural network
algorithm is proposed. This method uses the RBF neural network algorithm to build a
congestion prediction model, and relies on the vehicle running data obtained by the vehi-
cle terminal (Telematics BOX,T-Box) equipped with electric bus. After segmenting the
running data according to the GPS location coordinates of each bus station, it is matched
with the data of the number of people in the vehicle collected on the spot, and the data
obtained after the matching is used as the training sample and the test sample of the
prediction model. The experimental results show that this method can accurately predict
the congestion degree. Compared with the traditional method of estimating the congestion
degree in the bus, it is more economical and efficient.
Keywords: Running Data, RBF neural network, Electric bus, Congestion degree pre-
diction

1. Introduction. Bus travel has become one of the main ways of travel for urban resi-
dents. The phenomenon of overcrowding in the bus when passengers take the bus can be
seen everywhere due to the absence of real-time and accurate passenger flow information,
leading to the experience of passengers taking the bus has been decreased [1]. The key
to solving these problems is to accurately and reliably estimate the information on the
degree of congestion in the bus, as well as to enhance the passenger experience based on
the above problems.

At present, numerous domestic researchers have a lot of research results on the predic-
tion of the congestion degree in the bus [2]. Chen et al. [3] carried out a photosensitive
sensor network which is installed on both sides of the front and back doors of the bus
to conduct passenger flow statistics. When passengers get on and off the bus, pulses
are generated through the sensor network of the door. In the meanwhile, the number of
passengers in the car is counted by counting the number of optical pulses. Haq et al. [4]
proposed a counting system based on stereo vision. Through the shooting of the camera
in the car, a reliable way to extract the three-dimensional information of the passengers in
the car is constructed. Then, the number of passengers is statistically calculated. Zheng
and Chen [5] proposed a new vision-based pedestrian detection method, including pedes-
trian detection method and sitting posture detection according to the different human
motion information of passengers standing or sitting on seats in the car. The pedestrian
detection algorithm is divided into static pedestrian detection and dynamic pedestrian
detection, improving the accuracy of the number of people in the car.

The above studies are all completed by installing equipment in the bus in order to
complete the counting of passengers and predict the degree of congestion. When pas-
sengers get on and off the bus, there are large errors in the counting with expensive
equipment. With the development of the Internet of Things and application of communi-
cation technologies, and with the popularization of electric bus in major cities, the level of
intelligence of electric bus is constantly improving [6]. Additionally, the vehicle terminal
has also become the standard configuration of electric bus [7]. During the operation of
the vehicle, the vehicle terminal uploads vehicle running data in real time, generating
massive amounts of running data [8]. At present, there are few applications of employing
electric bus running data to predict the degree of congestion in the vehicle.

In the present study, the RBF neural network is used to match the running data of
electric buses with the data on the number of people in the car collected on site, and use
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them as sample data for the prediction model to predict the degree of congestion in the
electric bus. It is an innovative method for predicting the degree of congestion in the bus.

2. Related work.

2.1. RBF neural network. The RBF neural network was first proposed based on the
corresponding characteristics of the human brain neuron cells. It can simulate the neural
structure of the human brain that adjusts to each other and covers the receptive domain
[9]. RBF neural network belongs to feedforward network in artificial neural network with
its structure including three layers: input layer, hidden layer, and output layer. The
structure is shown in the Figure 1.

Figure 1. RBF neural network structure diagram

The input layer is composed of original input variables (signal source nodes). The
number of neurons in the input layer is X= [x1, x2, ..., xM ], Each row in the X is used
as the input to the input layer of the RBF neural network.

The radial basis function of the hidden layer in the RBF neural network has a lot of
forms, generally we generally use Gaussian function as the radial basis function, as shown
in Eq.(1).

φ(x, ci) = exp(−‖x− ci‖
2

δ2
) (1)

Where ci denotes the center of the basis function, δ is the width of the basis function
and the center and width of the Gaussian function represent important parameters of the
radial basis function. The output of the hidden layer of the radial basis function neural
network is as follows Eq.(2).

ui(x) = R(‖x− ci‖) = exp(−‖x− ci‖
2δ2

) (2)

The output layer linearly combines the output results of the hidden layers to obtain
the final output value of the network. The number of neurons in the output layer is 1,
which is the predicted value y. The mapping function is a linear function, which is a
linear combination of the output results of each layer of the hidden layer by connecting
the weights, as presented in Eq.(3).

y =
H∑
I=1

WiUi (3)
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The parameters of the RBF neural network are composed of center value, width and
connection weight. The performance of the neural network is ultimately determined by
the above three parameters, Therefore, it is of great importance to optimize the three
parameters of the RBF neural network.

Regarding the RBF neural network, the model input layer only exerts the role of input
data. Therefore, for the problem of predicting the degree of congestion in the bus, it
is only necessary to select the appropriate data object as the input layer. The number
of neurons in the output layer and the specific problems studied are associated with the
function expression [11].

2.2. Classification of congestion levels in bus compartments. According to the
specific parameters of the vehicle model, the size of the bus is 8450mm×2470mm×3180mm,
the seat spacing is 650mm, and the width between front and rear door is above 650mm.
The effective standing area in the bus can be calculated as 2.5m2, according to the national
standard. One square meter cannot exceed the data volume of 8 people. Therefore, the
bus can accommodate up to 20 people. It is conceivable that the car can accommodate
20 standing passengers under ideal experimental conditions, which is difficult to achieve.

The bus studied in the present study is a 6-way electric bus operated by Quanzhou
Passenger Transport Company, which is a TEG6851BEV model, at medium size. The
specific parameters are shown in Table 1.

Table 1. Vehicle parameters

Model BEV

Total mass (in kg) 8400
Outside dimensions (in mm) 8450×2470×3180

Approved number of passengers 35
Number of seats 15

This paper mainly refers to the judgment of the degree of congestion in the relevant
literature for the classification of the degree of congestion in the car. Currently, the
reference suggestions for determining the degree of congestion in the car put forward by
relevant researchers are more detailed. After collating the various reference opinions [13],
the standing area of the compartment occupied by the passengers in the car corresponds
to the corresponding congestion level standard, which can be found in Table 2.

Table 2. Determining the congestion degree in the bus

Congestion degree Passenger compartment area (in m2) Condition inside the car

Comfortable Occupied area 0.5 Spacious interior space
Normal Occupied area 0.35 The space in the car is

not crowded
Comfortable Occupied area 0.17 Slightly crowded in the

car

Crowded Occupied area 0.14 Passengers have a
crowded psychology

Extremely
crowded

Occupied area 0.12 Passengers cannot move
and the environment is
extremely poor
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Based on the above classification criteria, when the bus model and internal seats remain
known, only the real-time number of people in a certain bus can be known to determine
the degree of congestion in the bus. Table 3 presents the crowding degree parameters
corresponding to different levels of the number of people in the bus.

Table 3. Congestion level classification

Number of people Crowdedness

<10 Loose
10-18 Normal
18-25 Mildly crowded
25-35 Heavy congestion

3. Proposed method. This paper proposes a method for predicting the degree of con-
gestion in an electric bus based on the RBF neural network algorithm. Firstly, the actual
bus running data of a specific line and the collected number of people in the bus are
matched and preprocessed. In accordance with the GPS coordinate information of the
station, the passenger data collected on the spot and the running data are matched as the
input of the model, and the characteristic data with the passenger capacity is employed
as the sample data to predict the real-time passenger capacity in the bus. The division
relationship between the degree and the passenger capacity classifies the degree of con-
gestion. This study uses the data of the number of people in the car collected on site
for verification. At the same time, three standard errors of average absolute error MAE,
average absolute percentage error MAPE, and root mean square error RMSE are used to
measure the prediction results to evaluate the accuracy of the algorithm [14]. Figure 2
illustrates the specific steps of the method for predicting the degree of congestion in an
electric bus.

Training 

data set

Feature data selection

Sample data matching

Feature data selection

Sample data matching

Output 

layer

Output 

layer

Electric bus operation data

Collect passenger load data 

on-site in the car

Abnormal data 

processing

RBF prediction 

model

Forecast of 

the number of 

people in the 

car

Figure 2. The concrete steps of the prediction method

As shown in Figure 2, the input vector of each sample and its target output value are
defined. The input vector is the 7 types of feature data, and the target output value is
the passenger capacity. Secondly, the first 4134 samples of the sample data are divided
into training data, and the last 100 sample data are used as test data. The relative error
result between the estimated value and the true value is displayed.

3.1. Model. This paper selects 6 bus lines in Quanzhou to predict the degree of conges-
tion. Its operational characteristics are as follows: (1) The starting station is the front
bus station and the last station is the Jiu ri shan bus station. There are totally 38 stations
along the line. (2) The stations are densely populated, with mostly elderly passengers
and students. It is a dedicated bus line that respects and loves the elderly, which starts
and stops frequently.
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The passenger capacity data in the car bases on the number of people between stations
manually recorded on site. The total normal running time of 6 vehicles is 55 minutes, the
entire bus line has 38 stations, and the collection time is one week. The maximum number
of people in the car in the collected data is 28. Because the electric bus on the route is
small, serious congestion in the car is more frequent, which is conductive to predicting
the degree of congestion. According to the classification of the degree of congestion in
Chapter 2, the number of people in the 4 types of congestion levels is collected. Here, we
select two 6 bus lines to display the distribution of the passenger flow in the morning and
the afternoon. Figure 3 shows the distribution of the number of people in the bus up and
down.

(a) when the 6 bus goes up (b) when the 6 bus goes down

Figure 3. Passenger flow distribution characteristics of 6 bus line

As shown in Figure 3 above, the passenger flow distribution of the 6 bus lines is relatively
regular, and the passenger flow is dense at the intermediate stops of the line. Based on
the analysis of the actual road conditions, the 6 routes will be sent from the bus station
in front of the departure station on the way for the reason that the bus departure station
is relatively remote. The first few bus stops of the line are less crowded. After passing
through scenic spots such as Fu wen Temple, Guan di Temple and West Lake Park, and
passing through Pei yuan Middle School, this line is relatively busy with dense passenger
flow. The collected passenger flow data is in consistence with the actual situation.

3.2. Data preprocessing. According to the 6 bus lines, the number of people collected
on site is matched with the data during the driving of the vehicle, the bus station is
identified according to the latitude and longitude information data, and the characteristic
data between the stations is matched with the collected number of people. According to
the position GPS coordinate information, the duplicate values and abnormal values that
deviate from the bus line are eliminated. The input sample data of the prediction model
total 4234, and some of the data are shown in Table 4.

Table 4. Model input data
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Serial
number

Motor
input

current
(in A)

Motor
speed

(in rad)

Vehicle
speed

(in
km/h)

Total
battery
voltage
(in V)

Charge
or

discharge
current
(in A)

motor
torque

(in
N·M)

SOC
(in %)

Number
of

people

0 -0.005 0.334 0.333 0.569 0.02 0 0.56 0.23
1 0.099 0.268 0.245 0.473 0.123 0.313 0.56 0.23
2 -0.005 0.263 0.245 0.79 0.006 0.047 0.56 0.23
...

...
...

...
...

...
...

...
...

4232 -0.154 0.619 0.639 0.547 -0.156 0.292 0.35 0.615
4233 0.207 0.398 0.385 0.156 0.215 0.336 0.232 0.532

As shown in TABLE 4, when using the RBF radial basis function neural network to
predict the degree of congestion in electric bus, the input variable is the running data
generated during the operation of the electric bus [15], including the vehicle speed and
the actual rotation of the motor. A total of 7 types of related characteristic data include
torque, motor speed, lithium battery discharge current, motor input current, and SOC.
The output variable is the real-time passenger capacity in the bus at different times.
According to the above classification of the degree of congestion in the car, it will be
predicted that the passenger capacity is converted to the degree of congestion. The input
parameter is the sample value of the input layer, which is the main factor affecting the
prediction of the number of people in the electric bus, that is, the determined vehicle data
indicators generated by the above 7 electric bus during the operation process. Because
the amount of data may be extremely large, it will affect the weight coefficients in the
RBF neural network model [16,17]. Therefore, we need to standardize the input sample
data. The standardization formula is shown in 4.

X =
x− xmin

xmax − xmin

(4)

Where X is the normalized value, and the original value of X, refers to the maximum
and minimum values of a certain characteristic parameter [22].

4. Experiment.

4.1. Experimental model description. The standardized sample data is divided. The
last 100 samples are used as test samples, and the data are extracted for offline training.
The structure of the neural network is determined and the input node is 7, representing
the dependent variable associated with the passenger load. The number of layer nodes is
20, and the number of output nodes is 1, which refers to the output value of passenger
capacity. The initial values of the weights and centers in the RBF network model are
arbitrary values [18]. Then, the learning algorithm of RBF network weights is used to
obtain the optimized network weights and centers. Moreover, Matlab2018b programming
is employed to get the error drop curve of RBF network.

The model setting error is 1e-6, the diffusion factor is 30, the maximum number of
neurons is 100, and the function of creating a radial basis neural network is called. The
number of neurons is increasing during training, and the training error is gradually reduced
until the error requirements are satisfied, as shown in Figure 4.
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Figure 4. Error declining curve

From the above figure 4, it can be observed that when the training reaches the target
value, only 50 steps are required, and the completion time of this process only takes
3s. Moreover, this well proves that RBF neural network has the advantages of larger
convergence range and faster running speed.

4.2. Experimental results. Based on the RBF neural network model, a total of 100
sets of test data from the test group 4134 to 4234 are input into the model for prediction.
The comparison between the prediction result and the real value is displayed in Figure 5.

Figure 5. Comparison of predicted value with true value

It can be seen from Figure 5 that in the 4134-4234 test group data, the minimum
number of real people in the car is 2 people, and the highest is 27 people. Based on the
classification of the degree of congestion in the car presented in Chapter 2, each degree of
congestion is involved. The number of people in the car predicted by the RBF network
basically remains the same as the actual number of people in the car. The maximum
error is 4 people, the average relative error is close to 10.13%, the root mean square error
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Figure 6. Relative error graph of predicted value and true value

(RSME) is 0.1463, the running time is 5.73s, and the relative error between the number
of people collected and the predicted value, as shown in Figure 6.

The RBF radial basis function neural network is characterized by approximating a
local network [19]. In the overall sample space of the model input, a small amount of
parameters can be adjusted to achieve the accuracy requirements for samples in a local
area. The neural network has a faster learning speed with better approximation than a
nonlinear function and faster processing speed when the amount of data is large, and its
generalization ability is good, which it can process data in parallel [20].

From the relative error of the predicted value and the real value predicted by the RBF
neural network prediction model, the error is relatively large when the number of people
in the bus is less than 10. Meanwhile, the error is relatively reduced when the number
of people in the bus reaches 15 or more. From the average relative error, it can be found
that the RBF neural network has a good prediction effect, which can basically meet
the standard of high-precision prediction. According to the number of people in the bus
predicted by the model, combined with the number of people in different congestion levels,
it can be used in electric bus. The degree of congestion is estimated with high credibility.

4.3. Evaluation. For the number of people in the car predicted by the above RBF radial
basis neural network prediction model, combined with the corresponding relationship
between the number of people and the degree of congestion in the car, the predicted
number of people is converted into a prediction of the degree of congestion, and the
confusion matrix is applied to classify the degree of congestion as an evaluation. The
specific operation of indicators is as follows [21].

By comparing the predicted results of 100 people with the actual number of people in
the car, the predicted number of people and the actual number of people are transformed
into the corresponding crowding level. There are four levels of crowding, respectively,
loose, normal, lightly crowded, and severely crowded. Combined with the definition of
the confusion matrix, the predicted number of people data is converted into the degree of
congestion, and the above estimation model is evaluated. Table 5 is drawn as follows:

In a total of 100 samples, we have predicted 89 samples correctly. Obviously, the data
are relatively concentrated on the diagonal. There is a confusion matrix accuracy rate
formula to calculate the accuracy of the crowded prediction (Accuracy) of 89%. The
corresponding samples of the four types of crowded prediction categories are selected,
and the actual crowded conditions in the car are shown in Figure 8 below. The degree of
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Table 5. Model evaluation

Confusion Matrix Actual value

Predictive

value

I II III IV
I 12 4 0 0
II 3 32 0 0
III 0 2 40 1
IV 0 0 1 5

congestion in the car predicted by the model is consistent with the degree of congestion
in the bus collected on the spot, reflecting the superiority of the neural network in data
prediction.

5. Conclusion. To conclude, in the present study, the RBF neural network algorithm
is used to predict the degree of congestion in electric bus. Specifically, the degree of
congestion in a specific bus is firstly classified. The running data of the vehicle are cleaned.
Then, the data of the number of people in the vehicle collected on the spot are matched
as the prediction sample data of the model. Using RBF neural network, a predictive
model of the degree of congestion in the bus is established. Secondly, the information
on the degree of congestion in the electric bus obtained by the proposed method is more
economical and efficient than the traditional method of installing a counting device in
the vehicle. Finally, the feasibility and effectiveness of the method are confirmed through
actual predictions of specific bus lines.

(a) Dongmen Station (b) Fuwenmiao Station

(c) Xinmen Street Station (d) West Lake Park Station

Figure 7. Prediction of different levels of congestion in the car
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