
A Novel Neural Network Model for Demand
Prediction of Bike-Sharing

Fan Wu1(B), Si Hong1, Wei Zhao2, Xiao Zheng2, Xun Shao3, and Wen Qiu3

1 School of Management Science and Engineering,
Anhui University of Technology, Ma’anshan 243032, China

dragonwufan@126.com
2 School of Computer Science and Technology,

Anhui University of Technology, Ma’anshan 243032, China
3 School of Regional Innovation and Social Design Engineering,

Kitami Institute of Technology, Kitami 090-8507, Japan

Abstract. Accurate demand prediction of bike-sharing is a prerequisite to reduce
the cost of scheduling and improve the users’ satisfaction. However, it is very dif-
ficult to make the prediction absolutely accurate due to the stochasticity and non-
linearity in the bike-sharing system. In this paper, a model called pseudo-double
hidden layer feedforward neural network is proposed to approximatively predict
the practical demand of bike-sharing. In this neural network, an algorithm called
improved particle swarm optimization in extreme learning machine is proposed
to define its learning rule. On the basis of fully mining the massive operational
data of “Shedd Aquarium” bike-sharing station in Chicago (USA), the demand of
this station is predicted by the model proposed in this paper.
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1 Introduction

With the development of sharing economy, bike-sharing systems have rapidly emerged
in major cities all over the world. Bike-sharing can be described as a short-term bicycle
rental service for inner-city transportation providing bikes at unattended stations. It has
become one of the most important low-carbon travel ways. Compared with traditional
rental service, bike-sharing won’t be limited by the boxes at bike-stations. It provides
more convenient service, but generates more complicated problems. For instance, the
layout of bike-sharing stations ismoreflexible and the capacities of stationswill no longer
be fixed, leading to big fluctuant demands for the stations. Some new characteristics are
exhibited, such as the uneven distribution of users’ demand in time and space. It makes
the prediction of bike-sharing more complicated.
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Accurate demand prediction of bike-sharing can effectively improve user experience
and enhance brand’s competence, which was elaborated in Xu et al. (2019). Several
interesting factors affecting demand have been studied. We refer to El-Assi et al. (2017)
and Ermagun et al. (2018) for a survey on the main problem and methods arising in
bike-sharing systems. The key is to have an effective forecasting method. The existing
demand prediction methods can be mainly divided into two types. The traditional one is
based on statistical analysis. ZH et al. (2019) used a statistical physics method to define
demand fluctuation and established different bike-sharing systems in different periods.
Basedon the ordinary least square, geographicallyweighted regression (GWR) and semi-
parametric geographically weighted regression methods, Yang et al. (2019) proposed a
methodology to estimate a shared-bike trip using location-based social network data and
conducted a case study in Nanjing, China. Negahban (2019) proposed a novel method-
ology combining simulation, bootstrapping, and subset selection that harnessed useful
partial information in every bike drop-off observation (even if it is subject to censoring).
It estimated true demands in situations where data cleaning approaches commonly used
in the bike-sharing literature failed due to lack of valid data. Cheng et al. (2019) devised
a trip advisor that recommended bike check-in and check-out stations with joint con-
sideration of service quality and bicycle utilization. Then, it predicted user demands of
each station to obtain the success rate of rental and return in future. The other is based
on artificial neural networks. Among these literatures, we mention Yang et al. (2018)
and Yi et al. (2019) which proposed a deep learning approach using convolutional neural
networks to predict the daily bicycle pickups at both city and station levels. Lin et al.
(2018) proposed a novel graph convolutional neural networkwith data-driven graph filter
(GCNN-DDGF)model. It can learn hidden heterogeneous pairwise correlations between
stations to predict station-level hourly demands in a large-scale bike-sharing network.
Xu et al. (2018) developed a dynamic demand forecasting model for bike-sharing by
deep learning. The comparison results suggested that the LSTM NNs provide better
prediction accuracy than both conventional statistical models and advanced machine
learning methods for different time intervals. Chang et al. (2019) developed a novel pre-
diction framework integrating AIS and artificial neural network forecasting techniques.
The prediction performance is verified compared with other models. Feng et al. (2017)
studied the Markov chain population model to predict bicycles demands among differ-
ent travel stations and verified their effectiveness. Kim (2018) studied the influence of
weather conditions and time characteristics on demands for bike-sharing. Furthermore,
deep learning and its combination with a variety of new heuristic algorithms have been
applied in various engineering practices (Benkedjouh et al. 2015; Wu et al. 2018; Cao
et al. 2018; Hu et al. 2020), but rarely applied in demand prediction of bike-sharing.

In addition, those methods have some limitations as follows.

(1) In order to improve the accuracy of prediction by means of deep learning, most
works mainly achieved their goals by adding the number of hidden layers. It means
to increase the structure complexity of neural network, which would exponentially
increase the running time of the method and amplify signal noise in data.

(2) Current researches on deep learning pay too much attention to the accuracy and
convergence rate of learning targets by somemethods, such as early stopping, adding
noise to gradient (e.g. adjusting batch size and learning rate) or constantly adding
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new regulators to train targets for improving the generalization of the samples. It
is worth mentioning that accelerating gradient descent sometimes leads to worse
generalization.

Considering these limitations, a novel neural network model for demand prediction
of bike-sharing is proposed, which is called pseudo-double hidden layer feedforward
neural network. In this model, an algorithm called improved particle swarm optimization
in extreme learningmachine is proposed to optimize initial weights and bias of the neural
network and improve the prediction accuracy of this model.

2 Pseudo-double Hidden Layer Feedforward Neural Network

2.1 Network Structure

Generally speaking, pseudo-double hidden layer feedforward neural network (PDLFN)
is a biologically inspired computational model, which consists of processing elements
(called neurons) and connections between them with coefficients. The structure of
PDLFN is different from the single hidden layer feedforward neural network (SLFN)
and the double hidden layer feedforward neural network (DLFN). As shown in Fig. 1,
it includes one input layer, “two” hidden layers and one output layer. The hidden layers
consist of V layer and B layer. Compared with SLFN and DLFN, V layer is a spe-
cial hidden layer. By means of V layer, PDLFN can directly process original data (e.g.
multivariate time series) to produce the final results.

Fig. 1. The structure of PDLFN
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Compared with DLFN, the special neuron of V layer in PDLFN is no longer with a
bias value and an activation function in traditional sense, but with a smooth function. The
smooth process referred to as V layer smooth is defined as follows. Assume that there
are N samples. The n-th (1 ≤ n ≤ N ) sample is denoted as Xn = (x(1)

n , x(2)
n , . . . , x(m)

n )T,
where x(i)

n denotes the i-th component of Xn, corresponding to the i-th neuron in the
input layer (1 ≤ i ≤ m). The weight of the input layer to V layer is denoted as Wi =
(w1,w2, . . . ,wm)T. V layer smoothing is denoted as fV (Xn).

fV (Xn) = X
′
n =

m∑

i=1
wi • x(i)

n

m∑

i=1
wi

(1)

Except V layer, the other parts of PDLFN are similar to the SLFN. With the gradient
descentmethod, theweights and biases are dynamicallymodified to achieve the expected
learning effect.

The traditional BP learning algorithmhas some limitations. For example, the network
structure can’t be determined easily, and the learning speed is too slow. To overcome
these limitations, Huang (2015) proposed an improved learning algorithm called extreme
learning machine (ELM). With ELM, we only need to determine the number of neurons
in the hidden layers without considering the structure.

The outputs of PDLFN can be represented as follows.

fJ_out(Xn) =
J∑

j=1

μj · T (fV (Xn) · βj + Bj) (2)

In this formula, βj is the j-th (1 ≤ j ≤ J ) input weight of neurons between V layer and
B layer. Bj is the bias value of the j-th neuron in B layer. μj is the output weight of the
j-th neuron in B layer. T (x) is the excitation function, which can be set as “Sig”, “Sin”
or “Hardlim”, etc. In this paper, the excitation function is uniformly set as “tansig”. It
means the excitation function is a hyperbolic tangent function in the “Sig” functions.
The formula is shown in Eq. (3).

T (x) = 2

1 + e−x
− 1 (−1 < T (x) < 1) (3)



A Novel Neural Network Model for Demand Prediction of Bike-Sharing 23

2.2 Learning Rule

Improved particle swarm optimization in ELM (IPSO-ELM) is adopted for learning
mechanism of pseudo-double hidden layer feedforward neural networks. The influence
of initial randombias andweight on prediction accuracy is reduced by improving particle
swarmmethod to optimize the initial threshold and weight of extreme learning machine.

2.2.1 Improved Particle Swarm Optimization

Particle swarm optimization is a swarm intelligence algorithm that simulates the regular-
ity of a bird population. It is based on the concepts of population and evolution, through
the cooperation and competition among individuals. And the search for the optimal solu-
tion of complex space is realized. Suppose that in a dimensional search spaceD, the total
number of particles is N, where the i-th particle is represented as aD dimensional vector
Xi = (xi1, xi2, . . . , xiD), i = 1, 2, . . . ,N . The velocity of the i-th particle is also a D-
dimension vector V i = (vi1, vi2, . . . , viD), i = 1, 2, . . . ,N . The individual extremum
searched before the i-th particle is Pbest = (pi1, pi2, . . . , piD), i = 1, 2, . . . ,N . And the
global extreme value of particle swarm is gbest = (g1, g2, . . . , gD).

In standard PSO, particles update their velocity and position according to the
following formulas:

vij(t + 1) = w ∗ vij(t) + c1 ∗ r1(t)[pij(t) − xij(t)] + c2 ∗ r2(t)[pgj(t) − xij(t)] (4)

xij(t + 1) = xij(t) + vij(t + 1) (5)

where c1 and c2 are learning factors, r1 and r2 uniform random numbers within the range
of [0, 1]. The first part in formula (4) represents the velocity before the particle, which
ensures the global convergence of the algorithm. The second and third parts make the
algorithm have local convergence ability. It can be seen that inertia weight w represents
inheritance degree of the original velocity. The global convergence ability increases
with w. Therefore, in this paper, a compression factor combined with a dynamic inertia
weight updating speed and weight is adopted to ensure that the algorithm has strong
global search ability in an early stage. This can guarantee local fine search ability in the
later stage, and achieve fast convergence. Its formula is shown as follows:

vij(t + 1) =
(

wmax −
(
wmax − wmin

) ∗ t

Tmax

)

∗ vij(t)

+ c1r1(t)[pij(t) − xij(t)] + c2r2(t)[pgi(t) − xij(t)],
t <

2Tmax
3

(6-1)
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vij(t) = λ ∗ vij(t) + c1r1(t)[pij(t) − xij(t)]
+ c2r2(t)[pgi(t) − xij(t)],

2Tmax
3

≤ t ≤ Tmax (6-2)

where λ is the compression factor

λ = 2
∣
∣2 − β − √

β(β − 4)
∣
∣

(β = c1 + c2)

Tmax denotes the maximum iteration number. t denotes the current iteration number.
And wmax/wmin denotes the maximum/minimum inertia weight.

2.2.2 IPSO-ELM Learning Process

The optimized flow chart of the improved particle swarm optimization algorithm for the
extreme learning machine is shown in Fig. 2.
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Fig. 2. IPSO-ELM optimization process
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The pseudocode is as follows:

Step 1 : BEGIN 

Step 2 : Initializing particle x= rand() v =rand(); Tmax; times_iter;

Step 3 : Train ELM, fun_value = train_error; Record individual optimum p_best global optimal g_best;

Step 4 : While fun_value> = 0.001  

if times_iter < 2/3*Tmax  

v = formula 5-1 ; 

elseif  times_iter <= Tmax  

v= formula 5-2 ; 

Update particle state

times_iter += 1;

return to Step 3;

else 

turn to Step 5; 

Step 5 :Print g_best;fun_value;

Step 6 : END

3 Demand Prediction Model of Bike-Sharing

3.1 Prediction Period

In the bike-sharing system, its self-regulating ability has oftenmet the demand for renting
during peak time. In the scheduling problem, the user behavior during a peak period is
one of main factors affecting the scheduling scheme. Thus, we discuss the demand
prediction during a peak time as our scenario.

3.2 The Prediction Model

The demand prediction model of bike-sharing based on pseudo-double hidden layer
feedforward neural network is given in Fig. 3.

3.3 Evaluation Criterion

In order to test the effectiveness of the pseudo-double hidden layer neural network
combined with the improved PSO-ELM prediction model, the following error analysis
method is selected in this paper, mean squared error (MSE). The formula is shown below.

MSE = 1

n

n∑

i=1

(Zi − Ai)
2 (7)

where Ai represents the final predicted value. Zi is the measured value.
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Fig. 3. Demand prediction model of bike-sharing based on PDLFN

4 Empirical Analysis

4.1 Data Collection

The data used in this section is from the official website of Divvy Bike in Chicago,
USA. The original data amount is up to 2 million pieces (including 7 data features such
as vehicle travel distance, user age, station number, etc.), we select Shedd Aquarium
station (station_id = “3”) as the study case column. In this paper, a total of 121 samples
from April 1, 2018 to June 30, 2018 are selected as the training set. 30 samples from
July 2018 are used as prediction sets.

In order to determine the distribution of the peak period in bike-stations, the
distribution of bike rent in April is first drawn in Fig. 4.

Fig. 4. Rent in April

We can note that the peak period of borrowing bikes is generally distributed from
13 pm to 17 pm, laying a foundation for this paper to select the peak time.
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4.2 Prediction Result

In order to verify the performance of the improved particle swarm optimization algo-
rithm, the fitness evolution curves before and after the improvement is shown in Fig. 5
and Fig. 6.

Fig. 5. Fitness evolution curve of PSO Fig. 6. Fitness evolution curve of IPSO

It can be seen that the global search ability of particle swarm is effectively improved
by changing particle velocity through compression factor and dynamically adjusting
inertia weight. Our particle swarm algorithm is more capable of jumping out of the local
optimal solution and finding a better solution in the later stage.

Then, combined with the proposed PDLFN and the improved particle swarm algo-
rithm, a prediction model based on PSO-ELM neural network was established. In this
model, the activation function of neurons in B layer is ‘Sig’, and the TYPE value is 0
(representing fitting). Finally, 29 neurons inB layer are determined by the trial algorithm.
The predicted results are shown in Fig. 7.

Fig. 7. Pseudo-double hidden layer-IPSO-ELM

In addition, in summarizing the experimental consideration on how to improve the
prediction accuracy, it is found that the model proposed in this paper has the following
two advantages:
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(1) To solve the problem of demand prediction for bike-sharing, the method proposed
in this paper to improve the prediction accuracy based on network structure is more
effective than that to improve the prediction accuracy based on ELM improved
by the optimization algorithm, and the implementation path is simpler and more
efficient.

(2) In classification, fitting with time sequence features of large sample data, combined
with neural networkmachine learningmethod is a frontierway, but by adding hidden
layers of the network constantly to achieve the predetermined accuracy, overfitting
phenomenon will inevitably occur, reducing the generalization performance of the
model.

5 Conclusion

Aiming at the problem of demand prediction of bike-sharing, by referring to the learning
method of multiple hidden layers in complex neural networks, the paper constructs a
PDLFN model of “input layer - V layer - B layer - output layer”, and improves the
prediction accuracy of the model by optimizing ELM and improved particle swarm
optimization algorithm. Finally, take Chicago, USA (“Shedd Aquarium” station) as an
example for analysis, apply Newton interpolation method for processing of individual
default values of data. It can be seen from the experimental results that the PDLFN
model proposed has high prediction accuracy and good generalization ability. Generally
speaking, compared with the existing methods to improve the prediction accuracy of
the demand prediction model of bike-sharing, the method proposed in this paper is
more concise and efficient, which has certain reference value in the research of demand
prediction of bike-sharing.
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