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ABSTRACT
Taxi and sharing bike bring great convenience to urban transporta-
tion. A lot of efforts have been made to improve the efficiency of
taxi service or bike sharing system by predicting the next-period
pick-up or drop-off demand. Different from the existing research,
this paper is motivated by the following two facts: 1) From a micro
view, an observed spatial demand at any time slot could be de-
composed as a combination of many hidden spatial demand bases;
2) From a macro view, the multiple transportation demands are
strongly correlated with each other, both spatially and temporally.
Definitely, the above two views have great potential to revolution-
ize the existing taxi or bike demand prediction methods. Along this
line, this paper provides a novel Co-prediction method based on
Spatio-Temporal neural Network, namely, CoST-Net. In particular,
a deep convolutional neural network is constructed to decompose
a spatial demand into a combination of hidden spatial demand
bases. The combination weight vector is used as a representation
of the decomposed spatial demand. Then, a heterogeneous Long
Short-Term Memory (LSTM) is proposed to integrate the states of
multiple transportation demands, and also model the dynamics of
them mixedly. Last, the environmental features such as humidity
and temperature are incorporated with the achieved overall hidden
states to predict the multiple demands simultaneously. Experiments
have been conducted on real-world taxi and sharing bike demand
data, results demonstrate the superiority of the proposed method
over both classical and the state-of-the-art transportation demand
prediction methods.

CCS CONCEPTS
• Information systems → Spatial-temporal systems; • Com-
puting methodologies → Neural networks.
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1 INTRODUCTION
Recent years have witnessed the rapid development of sharing
economy, in which sharing transportation occupies a dominant
position. However, the advent of a large number of transportation
providers (Uber, Didi, Dida, Mobike, OFO, etc.) results in a competi-
tive market. For example, the OFO, prevalent not long ago, has been
indebted heavily and is going to be closed down. In this situation,
the importance of precise management has been realized by many
providers. Demand prediction is exactly one of the most important
issues towards precise operation and maintenance.

To predict the transportation demand, many prediction methods
have been proposed from different perspectives. Classical prediction
methods mainly focus on the temporal characteristics of transporta-
tion demands, in which a studied area is first divided into many
grids, then the transportation demand of each grid is predicted sep-
arately. In fact, this type of demand prediction can be formalized as
a general time series prediction problem. Therefore, Autoregressive
Integrated Moving Average (ARIMA) has been widely used in the
existing literature [12]. Moreover, the next-period transportation
demand could also be estimated by historical demands and external
environmental features [10]. However, an intrinsic disadvantage
of these methods is that the spatial relationship of transportation
demands, such as dependence of neighborhood demands, has not
been taken into account.

In recent years, deep neural networks have been explored to
capture the spatial and temporal characteristics of demand distribu-
tions simultaneously. For example, Wei et al. provided an ensemble
spatio-temporal neural network to predict passenger demand for
chauffeured car service [14]. Zhang et al. employed a deep residual
network to model the spatial correlation of neighborhood demands
for citywide crowd flow prediction [22]. Ye et al. presented a multi-
view spatio-temporal network to predict the taxi demands from
three different views [18]. The above research demonstrates the ef-
fectiveness of deep spatio-temoral neural network in transportation
demand prediction. However, there are still two important issues
that have not been discussed ever before: 1) From a micro view, a
snapshot spatial demand observed at any time slot could be actually
decomposed as a combination of a series of hidden fixed spatial
demand bases, see Figure 1 (b). The spatial demand bases can not
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Figure 1: (a) The existing demand prediction method based
on spatio-temporal analysis. (b) From a micro view, an ob-
served spatial demand at time t can be decomposed into
many hidden fixed spatial demand bases. (c) From a macro
view, the multiple transportation demands are strongly cor-
related with each other.

only help us predict more precisely, but also present a reasonable
explanation to transportation demand distribution. 2) From a macro
view, the multiple transportation demands are strongly correlated
with each other, both spatially and temporally. For example, both
car and taxi are used to transport passengers from residential area
to office area in the workday morning. The peaks of taxi pick-up
demand in a workday are usually accompanied with bike pick-
up peaks. Obviously, the above two points could be exploited to
improve the performance of the existing transportation demand
prediction methods.

Three challenges are faced to incorporate the above two ideas
in transportation demand prediction. First, classical decomposi-
tion methods such as principal component analysis, non-negative
matrix factorization, etc. can only capture the linear combination.
Additionally, these methods cannot handle the spatial neighbor-
hood correlation. Second, it is difficult to model the interactions
of multiple transportation demands as they can affect each other
both spatially and temporally. None of the existing demand pre-
diction methods was designed for multiple demands co-prediction.
Last, it is a non-trivial endeavor to take the impact of environmen-
tal factors into account, because the impact of them on different
transportation services may be quite different.

To address these challenges, this paper proposes a Co-prediction
method based on Spatio-Temporal neural Network (CoST-Net). First,
a particular convolutional neural network is explored to discover
the hidden spatial patterns of demand distribution. Based on this,
any snapshot spatial demand could be encoded as a deep and non-
linear combination of the discovered spatial bases. Then, a general
heterogeneous LSTM is studied to model the multiple transporta-
tion demands simultaneously. The hidden states of heterogeneous

LSTM are driven by the dynamics of multiple transportation de-
mands. Last, external environmental features are embedded to in-
corporate with the unifying hidden state of heterogeneous LSTM,
and a fully connected feedforward neural network is designed to
predict the multiple transportation demands jointly. In summary,
this paper has the following contributions:

• A deep convolutional AutoEncoder is designed to implement
the spatial decomposition of transportation demand. Based
on the network, a snapshot transportation demand can be
encoded as a combination of spatial demand bases.

• A heterogeneous LSTM is proposed to model the dynamics
of multiple transportation demands simultaneously, and also
integrate them into an unifying hidden state of the spatio-
temporal neural network.

• A co-prediction module is proposed to predict multiple trans-
portation demands according to the unifying hidden state
and the external environmental factors.

2 PRELIMINARIES
In this section, we first formally introduce the preliminaries used
in this paper, and then briefly revisit the transportation demand
prediction problem.

2.1 Notations and definitions
Table 1 lists the notations that will be used throughout the paper.

Table 1: Notations and comments.

Notation Comments
L,H The set of locations, time intervals.

i, j, t
i and j are the index of locations, t is the
indicator of time interval.

E,O The set of external factors, orders.

z,A
z is the coefficient of spatial demand bases,
and A represents spatial demand bases.

X
The demands of different transport, including
pick-up demand and drop-off demand.

Y The ground truth.

q,n,k
The index of external features, orders, and
spatial demand bases.

Definition 2.1. Time Interval, Location and External Factors: Ac-
cording to previous study [22], we split the whole city into an I × J
grid map which consists of I rows and J columns. We define the
locations as L = {l0,0, l0,1, ...li, j , ..., lI, J }. The set of time intervals
is defined as H = {h1,h2, ...,ht , ...hT }, and we set the 30 minutes
as a time interval in this paper. Bike demand is susceptible to many
external factors. For example, pick-up demands of bike in weekday
are totally different from the demands in weekend, and the usage
of bike decreases obviously with a sudden rain occurring. We take
the external features into consideration, which are defined as E,
and eqt represents the q-th external feature in time interval t .

Definition 2.2. Order: According to previous work [18], o rep-
resents an order, and a bike demand order is defined as a 5-tuple
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oB = (odB .t ,o
d
B .l ,o

p
B .t ,o

p
B .l ,oB .n), where odB and o

p
B indicate the

drop-off and pick-up of bike, t , l represent time interval and lo-
cation, and n is the number of the order. oC represents the taxi
demand order, which consists of five components as well, oC =
(odC .t ,o

d
C .l ,o

p
C .t ,o

p
C .l ,oC .n).

Definition 2.3. Demand: The demand of bike is defined as the
total number of bikes getting into or leaving the grid region in a
time interval. Here we have the definition of the demand:

x
B,d,i, j
t = |{odB : odB .t ∈ ht ∧ odB .l ∈ li, j }|

x
B,p,i, j
t = |{opB : opB .t ∈ ht ∧ o

p
B .l ∈ li, j }|,

(1)

where i, j represent the location (i, j), which lies at the ith row and
jth column, and t is the time interval. The | | denotes the cardinality
of a set, so xB,d,i, jt and xB,p,i, jt represent the number of bike drop-
off and pick-up of grid (i, j) at time interval t . Demands in all regions
at a time interval form a demand graph. xC,d,i, jt and x

C,p,i, j
t are

taxi drop-off demand and taxi pick-up demand, which is defined as
the same as the bike.

2.2 Problem Formalization
Given a set of historical observations until time interval t , the traffic
volume prediction problem aims to forecast the drop-off and pick-
up demands of bike and taxi at time interval t+1. External factors
are also taken into consideration. We define external factors for
region (i, j) at time interval t as a vector elt ∈ Qq , where q is the
number of factors. Thus, the prediction goal is defined as:

ŶLt+1 = F(XB,L
t−h, ...,t ,X

C,L
t−h, ...,t ,E

L
t ), (2)

where L indicates all grids and XB,L
t−h, ...,t represents the historical

pick-up and drop-off demands of bike. Equally, historical pick-up
and drop-off demands of taxi are XC,Lt−h, ...,t . The E

L
t is the historical

external features at time interval t , and F is a predicting function.

3 METHODOLOGY
In the section, we introduce the details of CoST-Net. Figure 2 shows
the architecture of our proposed method.

3.1 Spatial Demand Decomposition
In order to capture spatial and temporal sequential dependency,
most of the exiting works combine CNN and LSTM to model two
relationships simultaneously, but we have a totally different frame-
work from them. They have missed the high-level correlation be-
tween demand graphs in the different time intervals. In order to
capture the correlation, we assume that there are some spatial de-
mand bases. They are invariant in different time intervals and every
basis has its unique representation of the city. Moreover, the de-
mands of all regions in per time interval can be viewed as the spatial
bases’ combination, which are defined as:

XL
t =

K∑
k=1

zt,k ·AL
k , (3)

where Xt = {x i, jt } is a type of spatial demand matrix, x i, jt denotes
the demand of region (i, j). Equation (3) means that a spatial de-
mand matrix observed at time t could be seen as a combination of

many hidden spatial demand bases as shown in Figure 1. Therefore,
the spatial demand matrix Xt can be encoded as the combination
coefficients of bases, that is, Zt = {zt,k }, k = 1, 2, · · · ,K .

To ensure the representation capacity of spatial demand bases,
the combination of bases is designed in a deep and nonlinear man-
ner. Therefore, the combination coefficients can be embedded in
many folds:

Z r+1
t = Ψ(Z r

t ), (4)
where r is the number of embedding layers, Ψ is the function which
transforms the low-level decomposition of snapshot sptial demand
into high-level representation.

Correspondingly, we can get a nonlinear decomposition of Xt
by bases of each layer. Take the r -th layer for example,

XL
t = f

( K r∑
k=1

дk

(
zrt,k ·AL,r

k

))
, (5)

where {Ar
1,A

r
2, · · · ,A

r
K r } are spatial demand bases of r -th layer,

Kr is the number of bases.

3.1.1 Decompose to Obtain Spatial Demand Bases. In data min-
ing techniques and empirical statistical methods, there are many
methods to decompose to get essential bases. PCA, principal com-
ponents analysis, which transforms a set of possibly correlated
variables into a set of value of variables which is linearly uncor-
related, performing well in classical machine learning. In a sense,
ICA(Independent Component Correlation Algorithm), clustering,
etc., can also solve this problem. In recent years, deep learning
has shown its advantages and has an excellent performance in
image classification and natural language processing. Hinton and
Salakhutdinov [2] proposed a method based on deep learning to ob-
tain bases. They compared the results with PCA, and their method
showed advantages in image restructuring which means that their
method captured more typical bases. In 2013, Le [7] employed a
huge autoencoder network to capture high-level representations
and proved that the bases are multilayered. In the different layer of
deep learning model, the obtained information is in different cate-
gory. For example, in image recognition, the low layers might catch
the outline shape of the object, and it is possible for the neuron in a
high layer to recognize the human face or human body. We propose
to use a deep convolutional AutoEncoder to obtain multilayered
bases in the city transportation. The model is defined as:

ZL
t = fen (XL

t ∗Wen + ben ), (6)

X̂L
t = fde (ZL

t ∗Wde + bde ). (7)
Equation (6) describes the encoder, where the feature graph ZL

t
is the output of the encoder.Wen ,ben are trainable parameters
of the whole encoder. The output of the encoder is employed as
the input of the decoder. Equation (7) describes the decoder of the
model, which has the symmetrical structure of the encoder. X̂L

t ,
the restructuring of XL

t , is the output of the decoder. The depth
of the encoder is R, as same as the decoder. The structure of the
convolutional AutoEncoder will be elaborated in the section 3.1.2.

3.1.2 CNN Demand Model. Convolutional Neural Network(CNN)
has shown advantages in image classification for its excellent abil-
ity in capturing spatial correlation. For each time interval t , we
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Figure 2: Overview of Co-prediction method based on Spatio-Temporal neural Network (CoST-Net). Four colors, Green, or-
ange, blue, and purple, represent four kinds of transportation demands respectively. We employ the deep convolutional Au-
toEncoder to decompose the spatial demand into the combination of hidden demand bases, which is also used to encode a
snapshot demand into a hidden state. Heterogeneous LSTM is used to mix the hidden states of multiple transportation de-
mands. Additionally, the external factors are incorporated with the unifying hidden state of CoST-Net. A fully connected
neural network is used to predict the next-period transportation demands together according to the fused information.

treat the entire demand in the city as an image. Then the prob-
lem has been transformed into the field at which CNN has shown
excellent performance. Given a sequence of demand, we feed ev-
ery demand graph to the deep convolutional AutoEncoder. The
pick-up and drop-off demands of different transport have different
spatial demand bases. In order not to hurt the performance of cap-
turing high-level representation, the demand graphs are encoded
separately. The encoder consists of K layers of CNNs which take
its predecessor’s output as input. The decoder has the symmetri-
cal structure of the encoder and the CNN layers are replaced by
Transposed CNN. The CNN layers and Transposed CNN layers are
defined as:

ZL,r
t = δen

(
ZL,r−1
t ∗W r−1

en + b
r−1
en

)
, (8)

ZL,r−1
t = δde

(
ZL,r
t ∗W r

de + b
r
de

)
. (9)

If r = 1,ZL,0
t = XL

t , then Equation (8) and (9) reduce to Equation (6)
and (7), where r is the number of layers. Equation (8) describes the

CNN, whereZ r,L
t is the output of r th layer of CNN.W r−1

X andbr−1
X

are two trainable parameters. Equation (9) represents the r th layer
of Transpose CNN. For each time interval t , we treat the entire city
as a channel I × J map, xB,p,Lt ∈ R1×I×J (xB,d,Lt , xC,p,Lt , etc.). In
this paper, we have not used any padding for images. The size of
images will be reduced by CNN, and the feature graph ZL

t is the
high-level representation of XL

t . The reduced size will be restored
by Transposed CNN. After encoding, we get the map with shape
I ′ × J ′. Then we feed all encoded results into LSTM.

3.2 Heterogeneous LSTM Neural Network
After the training of deep convolutional AutoEncoder is completed,
we freeze the parameters of the encoder and decoder. Given a
sequence of demand graphs, we encode the sequence to obtain
high-level representations by the pre-trained encoders. Because
each feature graph can be viewed as the spatial demand bases’ com-
bination, the feature map sequence can be viewed as coefficients’
changing of spatial bases. The problem is transformed as predicting
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the coefficient of spatial demand bases in time interval t+1, given
historical coefficient in time interval t − τ + 1, t − τ + 2, ..., t . It can
be solved by RNN. The basic RNN is defined as:

st =Ws [st−1,Zt ] + bs . (10)

It updates the hidden state st by combining the current input Zt
and the previous state st−1.Ws and bs represent the weight and
the bias. The RNN we employed should have plural hidden states,
which can be defined as:

s
B,p
t = f (W B,p

∗ [Zt , st−1] + bB,p∗ )

sB,dt = f (W B,d
∗ [Zt , st−1] + bB,d∗ )

s
C,p
t = f (WC,p

∗ [Zt , st−1] + bC,p∗ )

sC,dt = f (WC,d
∗ [Zt , st−1] + bC,d∗ ),

(11)

where sB,pt , sB,dt , s
C,p
t , sC,dt represent the hidden states of bike pick-

up, bike drop-off, taxi pick-up, taxi drop-off and the f denotes all
functions to update the hidden states. The Zt can be divided into
separate inputs, which means we denote Zt as:

Zt = [ZB,p
t ,ZB,d

t ,ZC,d
t ,Z

C,p
t ]. (12)

According to the Equation (11) and (12), the four kinds of hidden
states can be defined as:


s
B,p
t
sB,dt
s
C,p
t
sC,dt


= f

( 
W

B,p
∗

W B,d
∗

W
C,p
∗

WC,d
∗





Z
B,p
t

ZB,d
t

Z
C,p
t

ZC,d
t
s
B,p
t−1
sB,dt−1
s
C,p
t−1
sC,dt−1


+


b
B,p
∗

bB,d∗
b
C,p
∗

bC,d∗


)
. (13)

In time series prediction problem, basic RNN is gradually aban-
doned due to the exploding and vanishing gradient. LSTM [4] is
proposed to overcome these problems [3]. Because of its ability to
learn long and short dependencies of temporal dynamics, it has
been widely used and researched in recent years. The basic LSTM
takes a temporal sequence {Zt−τ+1,Zt−τ+2, ...,Zt } as input. The
basic LSTM does not work when it comes to the prediction of t+1
coefficient with heterogeneous temporal sequences. Therefore, we
propose a novel heterogeneous LSTM model. According to Equa-
tion (13), The mathematical expressions of heterogeneous LSTM
are defined as follows:

at =σ (Wa [ZB,p
t ,ZB,d

t ,Z
C,p
t ,ZC,d

t , st−1] + ba )

ϕt =σ (Wϕ [Z
B,p
t ,ZB,d

t ,Z
C,p
t ,ZC,d

t , st−1] + bϕ )

ut =σ (Wu [ZB,p
t ,ZB,d

t ,Z
C,p
t ,ZC,d

t , st−1] + bu )

ṽt =tanh(Wv [ZB,p
t ,ZB,d

t ,Z
C,p
t ,ZC,d

t , st−1] + bv )
vt =ft ∗vt−1 + at ∗ ṽt
st =ut ∗ tanh(vt ),

(14)

where LSTM takes inputs ofZB,p
t ,ZB,d

t ,Z
C,p
t ,ZC,d

t , st−1,vt−1. The
at denotes the input gate in this paper. Forget gate ϕt can help pre-
vious cell statevt−1 forget some information. And ut controls the

output of the LSTM network in time interval t . ∗ denotes Hadamard
product. In the heterogeneous LSTM, we can infer that predicting
s
B,p
t can be directly affected by Z

C,p
t , ZB,d

t , ZC,d
t and vise versa,

which indicates that the heterogeneous sequences will be fully
interacted to make a mutual enhancement.

3.3 Fusion and Co-Prediction
Transportation demand is affected easily by many external factors,
and it is difficult to give an appropriate explanation for how de-
mands change. Drawing external factors into our prediction model
is necessary. The usage of bike decreases obviously with a sudden
rain, and demands in weekend are totally different from the de-
mands in weekday. In this model, we mainly consider weather and
event. The external factors data are enumeration type and numeric
type, and the enumeration type will be encoded by one-hot. After
encoding, we use a fully connected layer to extract the correlation
and representation over the external factors.

The output of heterogeneous LSTM will be concatenated with
fully connected layer, which is defined as:

Y′
t+1 = φ(st ⊕ e ′t ), (15)

where Y′
t+1 is the concatenated result, st is the output of LSTM at

time interval t , e ′t is external factors’ representations, and φ is a
fully connected layer. Y′

t+1 can be divided into separate outputs:

Y′
t+1 = [Y ′B,p

t+1 ,Y
′B,d
t+1 ,Y

′C,d
t+1 ,Y

′C,p
t+1 ]. (16)

At last, decoders are used to decode Y′
t+1 to demand graph Ŷt+1,

which is the prediction result. The decoders are not trainable, nei-
ther. If we want to predict bike pick-up demand, the parameters
of the decoder will be copied from the pre-trained convolutional
AutoEncoder which uses bike pick-up demands as input and ground
truth. It is defined as:

Ŷ
B,p
t+1 =f

B,p
de (Y ′B,p

t+1 )

Ŷ B,d
t+1 =f

B,d
de (Y ′B,d

t+1 )

Ŷ
C,p
t+1 =f

C,p
de (Y ′C,p

t+1 )

ŶC,d
t+1 =f

C,d
de (Y ′C,d

t+1 ),

(17)

where Ŷ B,p
t+1 , Ŷ

B,d
t+1 , Ŷ

C,p
t+1 , Ŷ

C,d
t+1 are the prediction values, and f

B,p
de ,

f B,dde , f C,pde , f C,dde are the decoders. The model is trained by min-
imizing mean squared error between predicted demand and true
demand:

L(θ ) =γ B,p



Y B,p

t+1 − Ŷ
B,p
t+1




2
+ γ B,d




Y B,d
t+1 − Ŷ B,d

t+1




2
+

γC,p



YC,p

t+1 − Ŷ
C,p
t+1




2
+ γC,d




YC,d
t+1 − ŶC,d

t+1




2
,

(18)

where L is the loss function, and θ is all the trainable parameters.
We use Adam (Kinga and Adam [6]) for optimization. And the
experiments are implemented by Keras. However, the correlations
between different transport are complex and it is hard to balance the
γ B,p ,γ B,d ,γC,p ,γC,d when the model is being trained. We predict
the 4 kinds of demands separately in practice.
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4 EXPERIMENTS
To validate the efficiency of our method, in this section, we evaluate
our method via detailed experiments on real-world datasets. We
first describe the datasets used for the experiments and then list
the baselines. Finally, we present experiment results in detail and
have further discussions. Codes and datasets will be released.

4.1 Datasets
We conduct experiments on two real-world datasets collected from
NYC OpenData. The two datasets contain order records of taxi and
bike in NYC.

• NYC Citi Bike: NYC Bike Sharing System generates the
Citi Bike orders and put them on Citi Bike official website. 3
million and 700 thousand transaction records are available
from April 1st 2016 to June 30th 2016(91 days). This data
set contains the following information: bike pick-up station,
bike drop-off station, bike pick-up time, bike drop-off time,
trip duration.

• NYC Taxi: NYC Taxi consists of about 35 million taxicab
trip records in New York from April 1st 2016 to June 30th
2016. On average, there are about 380 thousand trip records
generated every day. The records consist of the following
information: pick-up time, drop-off time, pick-up longitude,
pick-up latitude, drop-off longitude, drop-off latitude, trip
distance, etc.

• External Factors: The meteorological data is collected from
a weather monitoring website 1. There are 28 attributes in
the original data and we finally select 9 attributes. Tempera-
ture, humidity, weather condition are included. There are 27
holidays in 91 days.

4.2 Baselines
We compare our model with the following methods. For each
method, we tune the key hyper-parameters and make sure that
they have the best performance.

4.2.1 Classical machine learning methods. We choose some typical
and classical machine learning methods as our baseline.

• HA: We predict the transportation demand by averaging
historical demand values for a region in the same time inter-
val. For example, the pick-up demands of bike in region(i, j)
at 1:00pm-1:30pm on Friday are predicted by the average of
historical demands at 1:00pm - 1:30pm of the same region.

• ARIMA: Auto-Regressive Integrated Moving Average is a
well-known model for understanding and predicting time
series.

• LR: Linear Regression is a classical method to model the
relationship between variables.

• SVR: Support Vector Regression (SVR) is a regression ver-
sion of Support-Vector Machine.

• XGBoost: XGBoost is a widely used method based on gradi-
ent boosting tree.

4.2.2 Neural-network-basedmethods. Classical deep learningmeth-
ods and state-of-the-art methods are listed in this section.
1https://www.wunderground.com/

• Multiple layer perceptron (MLP): The MLP we employ
contains four fully connected layers. The numbers of hidden
units of layers are 128, 128, 64 and 64.

• ConvLSTM[16]: The ConvLSTMwas proposed in 2015, and
it enables capturing both temporal and spatial relationship
simultaneously by combining CNN and LSTM.

• DeepST[23]: A deep neural network based DNN, which is
used to deal with sptaio-temporal data. It has 4 parts, which
focuses on different temporal dependencies and external
factors.

• ST-ResNet: ST-ResNet is a state-of-the-art approach for
transportation demand prediction. It captures spatial cor-
relation with Deep Residual Network. Furthermore, the tem-
poral correlation is divided into trend, period, and closeness
information which are captured separately.

4.3 Evaluation Metric
We evaluate our algorithm by Rooted Mean Square Error (RMSE)
and Pearson Correlation Coefficient (PCC) as follows.

RMSE =

√√√√
1
ξ

ξ∑
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where the ξ represents the total number of samples. Y i
t+1 and Ŷ i

t+1
are the ground truth and prediction value. In the evaluation of PCC,
we transform every 2D map into 1D and ϵ = I ∗ J . ¯̂Y i

t+1 and Ȳ i
t+1

are the average values of Ŷ i
t+1 and Y i

t+1.

4.4 Experimental Setting
The region we discuss is a rectangle, 14.4km×8.4km, which covers a
part of Brooklyn, West New York, and Manhattan Island. We divide
the region into 20× 20, and per unit grid is a rectangle, not a square,
which can protect the spatial correlation and help us conduct further
extraction. The size of each grid is 0.72km × 0.42km. The time
interval is set as half an hour. The time intervals for the data used to
train heterogeneous LSTM are 0:00am to 0:30am, 0:30am to 1:00am,
1:00am to 1:30am, etc., which are in good order. The data in the
last 2 weeks are used for testing, and the dataset for bike pick-
up demand contains about 3300 demand graphs for training and
about 670 graphs for testing. The dataset we use to train the deep
convolutional AutoEncoder is different from the dataset to train
heterogeneous LSTM. According to the previous work [7], the small
size of the dataset will hurt the learning of high-level features for
the autoencoder. We address the problem by scaling up the dataset.
The dataset used to train the deep convolutional AutoEncoder is
8 times larger than the dataset used to train heterogeneous LSTM.
When we prepared the data for the AutoEncoder, we cut with
small shifts on the original data of heterogeneous LSTM many
times. If we have the 10 minutes shift, the demand graphs in time
intervals 0:10am to 0:40am, 0:40am to 1:10am, etc., will be added into
the dataset which is used to train the convolutional AutoEncoder.
Repeating the work and having different time shifts, we get a much
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bigger dataset than the dataset which is used to train heterogeneous
LSTM. The method we use to generate the dataset for the deep
convolutional AutoEncoder has two good points. On the one side,
two datasets have the same original data, which ensure the accuracy
and robustness of the model. On the other side, according to the
state-of-the-art work [17], traffic data is not strictly periodic. There
are some temporal shifting between different days and weeks. For
example, the peak hour on weekdays may vary from 4:30pm to
6:00pm, which makes it difficult to catch the peak hour with a
single time cut. In addition, the shifts in our dataset can be diverse,
which help to capture the invariance of the spatial demand bases.

The demands for all locations were normalized to [0,1] by Max-
Min normalization. In the convolutional AutoEncoder, the depth of
CNN is 2. The kernel size of the filter is 3 × 3, and the numbers of
filters are setbike to 16 and 14. The stride is set to 1. Because we
predict the demands separately, the output of LSTM has the same
dimension as the input of the decoder, and the dimension of it is
set to 196, which can be reshaped to 14 × 14.

4.5 Results
4.5.1 Comparison with different Baselines. Table 2 shows the com-
parison results with baselines. We conduct experiments on NYC Citi
Bike pick-up demands, NYC Citi Bike drop-off demands, NYC Taxi
pick-up demands, and NYC Taxi drop-off demands. Each baseline
was run 10 times and we compare the average results. All methods
show a smaller RMSE in NYC Citi bike compared with NYC Taxi.
This is because the NYC taxi has a larger demand than the NYC
Citi bike. The model we propose achieves the best performance and
has the lowest RMSE on all comparison experiments.

Table 2: Comparison of CoST-Net with Baselines in RMSE.

Method NYC Citi Bike NYC Taxi
Pick-up Drop-off Pick-up Drop-off

HA 5.4801 5.4672 22.6326 21.5601
ARIMA 6.4427 4.9956 10.2461 9.1361
LR 8.1028 8.1767 34.6678 33.6617
SAR 3.7536 3.5412 15.4175 13.5590

XGBoost 2.7166 2.5306 9.8231 7.9314
MLP 2.9364 2.6273 13.1985 11.4133

ConvLSTM 2.8726 2.7443 10.7542 10.3004
DeepST 2.7358 2.5506 11.2670 10.1583

ST-ResNet 2.7776 2.6219 10.5112 9.1331
CoST-Net 2.4819 2.2522 8.3853 7.4696

Classical machine learning methods show a relatively poor per-
formance than deep learning methods. LR and HA have the largest
RMSE values on two datasets. ARIMA only extracts temporal de-
pendencies. The worse performance may indicate the limitations of
employing temporal features only. It seems that XGBoost has an ad-
vantage in this predicting problem for having a better performance
than some deep learning methods.

In deep learningmethods,MLP has a relatively poor performance,
because MLP does not employ CNN to extract spatial correlation.
CNN has shown a strong ability to handle this problem. DeepST,
ST-ResNet, are state-of-the-art methods. The outcome of ST-ResNet

Table 3: Comparison of CoST-Net with Baselines in PCC.

Method NYC Citi Bike NYC Taxi
Pick-up Drop-off Pick-up Drop-off

HA 0.6659 0.6684 0.8391 0.8208
ARIMA 0.1058 0.1050 0.0073 0.0122
LR 0.8047 0.7917 0.7917 0.7742
SAR 0.5331 0.5459 0.4119 0.4003

XGBoost 0.7985 0.7930 0.9549 0.9453
MLP 0.6871 0.5139 0.9522 0.9079

ConvLSTM 0.7397 0.7248 0.9412 0.9253
DeepST 0.7593 0.7560 0.9539 0.9430

ST-ResNet 0.7941 0.7901 0.9537 0.9494
CoST-Net 0.8040 0.8027 0.9611 0.9535

is not stable, which makes it not as good as DeepST. When we
predict NYC Citi Bike drop-off demands by ST-ResNet, there are
some results whose RMSE are higher than 3, which will be further
discussed in Section 4.5.2. ConvLSTM is a novel structure which
combines the LSTM and CNN and captures the spatial and temporal
correlation simultaneously, and it is suitable for spatio-temporal
prediction. Our methods achieve 13.6%, 17.93%, 22.03%, and 27.48%
lower RMSE than ConvLSTM in four kinds of experiments. We
think the comparative methods do not extract deep correlation
between demand graphs.

The results of comparing with baselines in PCC are shown in Ta-
ble 3. HA, ARIMA, SAR have relatively poor performances. ARIMA
is not suitable for this prediction problem because its results are
close to 0.1, which indicates that there is little correlation between
the forecast results of ARIMA and the ground truth. LR outperforms
our method with a tiny advantage in bike pick-up demands predic-
tion, which can not hide the superiority of our method. CoST-Net
gets the highest PCC in the other three experiments.

Figure 3: Comparison of CoST-Net with XGBoost, ConvL-
STM, DeepST, and ST-ResNet.
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4.5.2 Variance comparison. We draw box-plot with the experiment
results of XGBoost, ConvLSTM, DeepST, ST-ResNet, and CoST-Net.
Figure 3 shows the comparison in NYC Citi Bike and NYC Taxi.
The box-plot was invented in 1977 and it displays the maximum,
minimum, median, upper and lower quartiles of a dataset. Our
method has the best performance in all methods and the smallest
variance in the deep learning methods. For example, in bike pick-up
demand prediction, ST-ResNet achieved the lowest RMSE in a single
experiment. But most experiments of our model have RMSE lower
than 2.5, which exceeds 75% results of ST-ResNet. What’s more,
ST-ResNet has an outlier with the RMSE higher than 3.3. The best
result of XGBoost is poorer than the best of ST-ResNet, but it has a
better performance than the average of ST-ResNet.

Table 4: Comparison with Variants of CoST-Net.

Method NYC Citi Bike NYC Taxi
Pick-up Drop-off Pick-up Drop-off

A Channel 2.5709 2.4254 8.9663 8.3146
Two Channels 2.5654 2.3875 8.8858 7.9817
Three Channels 2.5199 2.3687 8.6943 7.8892
Four Channels 2.4819 2.2522 8.3853 7.4696

4.5.3 Comparison with variants of CoST-Net. Table 4 shows the
comparisonwith the variants of CoST-Net. For example, if we attend
to predict bike pick-up demand, the experiment with a channel
means that we only employ bike pick-up demand data to predict
it with our model. Predicting with two channels represents that
conducting experiment uses bike pick-up demand and bike drop-off
demand data. We add the taxi pick-up data into the prediction with
three channels. Our methods contain four channels of input. In
Table 4, the more channels we have employed, the better results we
get. This is because we can extract more information with multiple
inputs. In addition, the model with an input channel outperforms
all the baselines except XGBoost, although it is the worst in the
variants of our model.

4.5.4 Performance at Different Time Points. We illustrate the su-
periority of our method under different circumstances. As it has
shown in Figure 4, we evaluate our methods with some baselines at
4 specific time points, which are selected as 0:00, 5:00, 10:00, 16:00
in weekday. We have counted the total volume of four kinds of
demands in each time interval and choose the special time points.
Because of space limitation, we haven’t shown the demands’ activi-
ties figure in this paper. XGBoost has a good performance in Table
2, but it has the highest RMSE in predicting NYC Citi Bike demands
at 0:00am. All methods perform worse in predicting NYC Citi Bike
demands at 16:00 compared to predicting the demands at 5:00. This
is because there are relatively stable demands of bike from 0:00 to
5:00. Even so, our method achieves the lowest RMSE.

5 RELATEDWORK
There are some previous works on the prediction of traffic flow.
Most of them attend to predict the traffic volume for a set of loca-
tions at a specific timestamp. The early researches mainly focused
on using data mining techniques and empirical statistical meth-
ods. Autoregressive Integrated Moving Average (ARIMA) and its

Figure 4: Comparison of CoST-Net with XGBoost, ConvL-
STM, DeepST, and ST-ResNet at different time points.

variants are also very popular in classical methods [12]. Liu et al.
[9] proposed a spatial demand prediction model by comparing the
correlation with history demand and weather. Liu et al. [10] made
an improvement when it came to predicting the bicycle drop-off
demands by estimating the trip duration by a 2-peak Gaussian func-
tion. Some recent studies began to model spatial information and
smooth the differences between nearby regions and timestamps by
regularization [13]. Ye et al. [19] proposed two efficient methods for
multi-user mobile sequential recommendation problem. However,
classical prediction methods mostly aim at specific regions and it is
hard for them to model spatio-temporal correlation simultaneously.

Deep learning methods provide a novel way to capture non-
linear relations. Lv et al. [11], using a SAE(stacking autoencoders)
model, first introduced deep learning methods into transportation
demand prediction problem. At the same time, CNN and LSTMwere
developing rapidly and they have been widely applied in computer
vision and natural language processing. Zhang et al. [22] proposed
a method which treats the whole city’s demands at a timestamp as
an image, then they applied Residual Network to capture the spatial
correlation between different regions. Cui et al. [1] and Wei et al.
[14] both applied LSTM to capture sequential dependency. However,
those methods either use hand designed features to model temporal
sequential dependency or do not consider the spatial relation, and
none of them capture both correlations simultaneously.

Recently, Yao et al. [18] proposed a multi-view spatial-temporal
networkwhich predicts the taxi demands from three different views:
spatial view with local CNN, temporal view with LSTM, and se-
mantic view with structural embedding. Jin et al. [5] improved
previous ST-ResNet by adding an LSTM structure. Convolutional
LSTM (ConvLSTM) is a novel deep neural network which was
proposed in 2015 [16]. Several works used it to capture temporal
and spatial dependency simultaneously [15]. Zonoozi et al. [25]
employed a convolutional GRU to predict crowd density. There are
some prediction works with spatio-temporal data in other scenarios.
Yu et al. [21] used the combination of CNN and LSTM to predict the
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road traffic speed, and similar methods were applied in air quality
prediction [20]. However, they did not consider the correlation be-
tween different transport and high-level representations of demand
graphs. Zhou et al. [24] gives us a new view to handle the problem.
They clustered all demand graphs into K clusters and select K rep-
resentative demand graphs. The novel method predicts the demand
graph at timestamp t+1 by combining the K demand graphs. The K
representative demand graphs contain a large amount of informa-
tion. Representation learning is a hot research topic in data mining
and computer vision. In classical machine learning and statistical
methods, PCA(Principal component analysis), ICA(Independent
Component Analysis), clustering, all of them can be classified into
this field. Hinton and Salakhutdinov [2] compared representation
learning method in deep learning (autoencoder) with PCA. Le [7]
built a huge network and employed a large amount of data to cap-
ture high-level representations, such as human face, human body.
Liu et al. [8] decomposed the medical event sequences into graph
bases so that all medical event sequences can be represented as
the combination of graph bases. We propose a deep convolutional
AutoEncoder to capture the spatial demand bases in the demand
graphs. What’s more, we extract the correlation between multiple
transports and take external factors into account.

6 CONCLUSION
This paper provides a novel transportation demand prediction
method, namely, Co-prediction based on Spatio-Temporal neural
Network (CoST-Net). It consists of three modules: 1) a representa-
tion learning module, which encodes a spatial demand distribution
into a combination of hidden spatial demand bases; 2) a heteroge-
neous learning module, which fuses the states of multiple trans-
portation demands, and models the dynamics of these states; 3) an
integrating module that incorporates the environmental factors,
and presents the prediction of multiple transportation demands.
Benefited from spatial decomposition representation and hetero-
geneous fusion of multiple transportation demands, CoST-Net is
able to outperform the existing transportation demand prediction
methods. To test the proposed method, experiments have been con-
ducted on real-world taxi and sharing bike data, results demonstrate
the effectiveness of CoST-Net in terms of both prediction accuracy
and robustness. This research provides new insights to the study
of transportation demand prediction from both micro and macro
perspectives. In future, we will study how to enrich this research
by taking bus and railway data into account.
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