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Abstract—The urban road traffic flow condition prediction is a 
fundamental issue in the intelligent transportation manage-
ment system. While extracting the high-dimensional, non-
linear and random features of the transportation network is a 
challenge, which is very useful to improve the accuracy of traf-
fic prediction. In this paper, we propose DeepSense, a novel 
deep temporal-spatial traffic flow feature learning mechanism, 
with large scale Taxi GPS traces for traffic prediction. Deep-
Sense includes two switchable feature learning approaches. 
DeepSense exploits a temporal-spatial deep learning approach 
for traffic flow prediction with the sufficient spatial and tem-
poral taxi GPS traces in dynamic pattern. Meanwhile, Deep-
Sense takes advantage of a supplementary temporal sequence 
segment matching approach with the temporal transformation 
of traffic flow state for a given road segment when there are 
not enough traffic traces. Experimental results show that 
DeepSense can achieve higher prediction accuracy with nearly 
5% improvements compared with existing methods. 

Keywords- traffic flow condition prediction, deep learning, 
smart city, temporal-spatial, intelligent transportation system 

I. INTRODUCTION 

With the development of intelligent transportation tech-
nology, the urban road traffic condition prediction facilitates 
better utilization of available capacity, which can be widely 
used for finding best routes[1], urban computing [2][3][4], 
coordinating traffic flow, and balancing traffic control[5]. It 
is necessary to explore the traffic dynamics and analyze the 
evolution pattern of traffic flow. 

The urban road traffic condition prediction usually uti-
lizes historical and real-time traffic information effectively 
for predicting city road conditions in the future time. Most 
of the existing methods present prediction trend either by 
using probability and statistics of the time-dependent evolu-
tion of current road, or only using spatial relationships 
among various road segments. Moreover, although available 
spatial and temporal information are combined to model the 
traffic network pattern in some previous works, the informa-
tion does not play out its full potential. 

 Traffic network possesses complicated relations of time 
and space. The traffic flow is a high dimensional, non-linear 
and non-stationary random process. Deep learning that can 
model high-level abstractions by using architectures com-
posed of multiple non-linear transformations has been used 
[6]. However, what it uses is still a static network which has 
not taken the essential temporal information and overall 
space-time dynamic pattern into consideration. The condi-
tion of a road segment is inevitably influenced by the tem-

poral-spatial information in the traffic network. However, 
the prediction works perform not so well at certain times, 
which occur especially when there are insufficient taxi GPS 
traces. Based on this finding, it’s proper to consider more 
supplementary aspects such as traffic flow state transforma-
tion rule contained in temporal changes. 

In this paper, we propose a temporal-spatial traffic flow 
feature learning mechanism, namely DeepSense, containing 
two switchable approaches. It comprehensively utilizes both 
temporal-spatial dynamic pattern and temporal supplemen-
tary information in transportation network. Firstly, in order 
to analyze sufficient temporal and spatial information of taxi 
GPS traces, a deep learning approach Restricted Boltzmann 
Machine (RBM) is trained, which can greatly reduce the 
dimension of data and fit the non-linearity of data distribu-
tion by minimizing the energy function. Then the extracted 
low-dimension data is put into a support vector machine 
(SVM) to gain good prediction results. Secondly, when 
there are not enough traffic information, a temporal se-
quence segment matching approach, which utilizes the 
match on historical dimension to predict the future state, is 
trained to explore the regularity of traffic flow temporal 
transformation for the forecasted road segment. 

The major contributions of this paper consist of the fol-
lowing aspects: 

1. Propose DeepSense mechanism, and especially a trained 
temporal-spatial deep learning approach that can extract 
features from the high-dimensional, non-linear and ran-
dom traffic flow to obtain good prediction results. 

2. Experiments show that DeepSense mechanism can 
achieve great performance in prediction accuracy, which 
proves that deep learning approach is an effective me-
thod to extract features for traffic prediction in intelli-
gent transportation system. 
This paper is organized as follows: Section II summariz-

es the related works. Section III presents an overview of our 
approach. Section IV gives details to concrete processes of 
the traffic flow condition feature learning. Section V im-
plements experiments and empirical results are given with 
analysis. Finally, we draw conclusions of our work. 

II. RELATED WORKS 

A. Time-Series-Based Approach 
The majority of existed approaches merely utilize time-

dependent traffic flow evolution rule for prediction [10][11]. 
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Auto regressive integrated moving average (ARIMA) model 
[7][8] simply relying on historical traffic flow data of fore-
casted point takes temporal variation into consideration for 
prediction. The traffic flow prediction model based on mth-
order Markov chain [9] counts the transition probability of 
traffic flow state with historical data of forecasted road. 
However, there is just a statistical method to establish model 
in time sequence and forecast to some extent.  

B. Spatial-relation-Based Approach 
There are many methods use spatial information in 

transportation networks to analyze the trend of traffic flow. 
Castro et al. [13] employs adjacent road to forecast traffic 
conditions, which does not consider the influence of distant 
segments and temporal-spatial correlation of predicted road. 
Markov logic networks [12] can predict the traffic condi-
tions at simultaneous locations in the different future time. 

C. Temporal-Spatial-Correlation Based Approach 
The methods mentioned above model traffic flow trends 

merely from one aspect. A Bayesian network approach [14] 
for traffic flow forecasting proposed by Sun et al. applies 
information of adjacent links and its spatial-temporal infor-
mation in a transportation network to construct a Bayesian 
network. Sun et al. also develops a selective random sub-
space predictor (SRSP) model [15] utilizing traffic flows of 
some most closely correlated links ranked by the measure-
ment of Pearson correlation coefficient in the subspace to 
forecast the given road link. Although considering spatial-
temporal information, these approaches did not extract the 
characteristics of high dimension, non-linearity and ran-
domness from a viewpoint of the whole network. 

III. OVERVIEW 

A. Preliminary 
Definition 1: Taxi trajectory. A trajectory is a time se-

ries of GPS points for a trip, where there is a timestamp Δt 
between consecutive points. 

Definition 2: Road segment/link. A road link or segment 
represents a directed edge between crossroads consisting of 
a direction signal, two terminal points and a length. 

Definition 3: Traffic flow condition. We select speed of 
taxis to denote traffic state of road segments. Based on the 
range of speed, traffic states are classified into five catego-
ries: congestion, slow, normal, moderate and unimpeded. 
Given different speed situations and speed limits on distinct 
road segments, classified traffic state based on absolute 
speed is obviously inaccurate. Hence, in our paper, states of 
each road segment are defined based on K-means algorithm 
which can cluster speeds in the different time period each 
day. According to the degree of traffic congestion, we can 
categorize the traffic conditions with five labels, namely 
congesting, slow, normal, moderate and unimpeded, 
represented by S={1,2,3,4,5}. 

In detail, for the road segment R from 0 o’clock to 24 
o’clock, a speed average xi is collected every 15 minutes, 
getting the set of speed observations V={v1,v2,…,v96} during 

 

Fig. 1 Framework of DeepSense 

the period. Setting clustering center as 5 in K-means, V can 
be divided into 5 subsets and obtain the center of each sub-
sets. According to average values of five subsets, we can 
acquire different traffic states. 

B. Framework 
In order to comprehensively learn the features of high-

dimension, non-linearity and randomness of the road net-
work, we propose a temporal-spatial traffic flow feature 
learning mechanism, namely DeepSense. As shown in Fig. 
1, applying our mechanism for traffic flow condition fore-
cast, there are two parts, including preprocessing and feature 
learning based prediction. 

Preprocessing: Spatial trajectories collected by GPS-
equipped vehicles are mapped onto a road network using a 
map-matching algorithm [16] and then stored into a taxi 
traces database. 

Feature learning based prediction: Feature learning 
based prediction includes two switchable approaches. When 
there are enough taxi GPS traces, i.e. more than a constant 
traffic flow value Φ, we apply deep learning approach to 
learn temporal-spatial features with pre-extracted temporal-
spatial traffic flow information from taxi traces database. 
Considering the traffic flow of adjacent road segments con-
verge on the current road segment, the traffic flow of most 
correlated road segments are utilized to forecast the traffic 
condition of current road segment. Moreover, in order to 
overcome the data sparsity with insufficient traffic informa-
tion, a temporal sequence segment matching approach on 
historical dimension is used to estimate the state of traffic 
flow and explore the temporal sequence transformation rule. 
Details are presented in Section IV. 

IV. FEATURE LEARNING BASED PREDICTION 

This section details the approaches applied by the tem-
poral-spatial traffic flow feature learning mechanism to pre-
dict traffic flow condition of current road segment, which 
includes temporal-spatial feature deep learning and temporal 
feature supplementary learning. 

A. Temporal-spatial feature deep learning 
By employing temporal-spatial feature deep learning ap-

proach, we can reduce the dimension of the input variables  
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Fig. 2 Temporal-spatial feature deep learning model 

and get rid of the redundancy. In addition, as the input data 
is too complex to be described by manually selected models, 
deep network is used to automatically fit the distribution of 
data and learn good features. This approach includes three 
main steps, feature pre-extraction, feature learning with 
RBM and training a SVM model. 

Feature pre-extraction: We adopt correlation coeffi-
cient, the index of measuring the correlation between other 
roads and the predicted point to select the most correlated 
roads as input variables. 

Considering m samples {xi(k),yj(tct+tl) }(i,j=1,2, ⋯,m) in 
a spatial accessible space, xi(k)(k=1,2, ⋯,n) represents the 
traffic flow of road segment i  at time stamp k. And yj (tct+ tl) 
stands for the traffic flow of road segment j at predicted 
time (tct+tl), where tct is the current time and tl means the 
duration of the prediction. The Pearson correlation coeffi-
cient between xi (k) and yj (tct+tl) is defined as follows: 
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It means higher correlation if the absolute value of spa-
tial and temporal correlation coefficient is closer to 1. Then 
the information of the most correlated m links will be cho-
sen as extracted features. 

We design four parameters to describe the above ex-
tracted features, where Fm, cm denotes the average speed and 
the certain state of the mth road segment at the correlated 
time stamp.  Δmx is defined as the interval of the time stamp 
between predicted road segment and its mth most correlated 
road segment. For example, the Δmx between xm(t-t0) and yx 
(tct+tl) is tl+t0. dm, another metric of the features, is meas-
ured as the geo-distance between predicted road segment 
and its mth most correlated road segment. 

Feature learning with RBM: The main idea of deep 
learning algorithm RBM is that a plenty of unlabeled data 

are used to train an unsupervised neural network, and then 
the learned features can be used to train an efficient classifi-
er such as SVM.  

RBM is a generative stochastic neural network that can 
learn a probability distribution (e.g.  p(v,h) ) over the input 
set, which is good at reasoning about and predicting irregu-
lar and stochastic behavior in the traffic flow. As shown in 
Fig.2, RBM is in the shape of a bipartite graph with no intra-
layer connections. The hidden unit activations h (low di-
mensional data) are mutually independent given the visible 
unit activations v (our four parameters, namely Fm , cm , Δmx , 
dm) and conversely, the visible unit activations are mutually 
independent given the hidden unit activations. When con-
strains are given on v, all hidden units are conditionally in-
dependent, i.e. p (h|v) = p(h1|v) ⋯p(hn|v), and vice versa. 
Given visible layer v, hidden layer h can be obtained 
through p (h|v), meanwhile we can also gain the value of 
units by getting the hidden units p (v|h). By adjusting the 
parameters, the visible layer v1 obtained from hidden layer 
can approximately equal the original input layer v. From this 
perspective, the outputs of hidden units are another repre-
sentation of the visible units, namely the original high-
dimensional temporal-related information have been trans-
formed into low-dimensional meaningful data.  

The standard type of RBM has binary-valued hidden and 
visible units, and consists of a matrix of weights in which wij 
denotes the connection weight between hidden unit hj and 
visible unit vi, ai denotes the bias of vi and bj denotes the bias 
of hj. Given parameters θ = (wij,ai,bj), the energy of a confi-
guration (v,h) is defined as: 

          
1 1 1 1
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= = = =
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This energy function is analogous to that of a Hopfield 
network. As in general Boltzmann machines, probability 
distributions over hidden and visible vectors are defined in 
terms of the energy function: 
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Z

−=                                   (3) 

where Z is a partition function defined as the sum of e-E(v,h) 
over all possible configurations. Similarly, the marginal 
probability of a visible vector of Booleans is the sum over 
all possible hidden layer configurations: 
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Then the probability under the condition (hj =1) and the 
probability under the condition (vi =1) are given like this:  
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 denotes the logistic sigmoid function, 

the parameters θ = (wij,ai,bj) can be learned by gradient-
based contrastive divergence algorithm. 
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As we discussed so far, RBM can be used to process 
temporal-spatial traffic features into more informative low 
dimensional features. 

Training a SVM model: After input data being com-
pressed by RBM, more representative features are extracted 
as the inputs of SVM, and better classification performance 
will be gained. 

Through training a SVM classifier, we can get 5 classifi-
cations of traffic flow state, and their probabilities construct 
a vector: 
P(t) = [p(state=1), p(state=2), p(state=3), p(state=4), p(state=5)]    (7) 

B. Temporal feature supplementary learning 
We evaluate the similarity between temporal sequence 

segments in two days based on the speed distribution pattern. 
Specially, if the speed distribution follow a similar pattern 
of change in the same period of two days, the similarity val-
ue between the two will be high. Hence, the speed distribu-
tion we want to obtain at the predicted time can be estimated 
according to these referable days. 

Given a predicted time t (t=tct+tl), we first calculate the 
similarities between the period of T time slots (per time unit 
is △t) in current day d and the corresponding period in H  
historical days (let h  H denotes a day in the historical day 
set H), and then choose referable days to produce a predic-
tion of the speed distribution by taking a weighted combina-
tion. More specially, according to the above classification 
standard of traffic flow condition, there are 5 speed interval 
and , ,1 , ,2 , ,5( ) [ , , , ]d ct d t d t d tct ct ctP t p p p= , where pd,tct,j (1≤j≤5) 
denotes the proportion belonging to jth speed classification at 
current time tct in current day d. For example, assuming the 
range of speed is 0~60 km/s and per 10 km/s is the average 
value of five speed subsets, hence pd,tct,j,1, pd,tct,j,2,…, pd,tct,j,5 
respectively represents the proportion of vehicle speed 
0~15km/s, 15~25km/s, 25~35km/s, 35~45km/s, 45~60km/s. 
Similarly, , ,1 , ,2 , ,5( ) [ , , , ]h ct h t h t h tct ct ctP t p p p=  denotes the speed 
distribution vector at time tct of the day h in history. 

Therefore, we utilize the cosine similarity measure to 
calculate the similarity of two speed distribution vectors at 
the same time tct between the day d and h as follows: 
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                (8) 

Then the total speed distribution similarity in T time slots 
between the day d and h can be calculated: 

                           , ,0
( )T

d h d h cti
w w t i t

=
= − ⋅Δ∑                           (9) 

A constant threshold ε is defined to filter adequate traffic 
flow speed distribution sequence segments in history ac-
cording to the similarity which are more than the chosen 
threshold, i.e. wd,h ≥ ε. Assuming there are n days in the his-
torical sets matching the requirement, we calculate the speed 
pattern distribution at predicted time utilizing the total speed 
pattern similarity between the day d and matched historical  

 

Fig. 4 The road network of Wuchang district in Wuhan 

day as its corresponding weight. Finally, we can get the 
weighted vector at the predicted time t (t=tct+tl) as the final 
state result: 

                           ,
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                       (10) 

V. EVALUATIONS 

A. Datasets 
Datasets of Wuhan are used for our traffic flow predic-

tion. We select a representative region to verify the validity 
of our mechanism. The following three available datasets 
are used: 
1) Taxi Trajectories: Our evaluations are performed based 

on the trajectory data sets generated by 30,000 taxis over 
a period of three months from January to March in 
2013.Because of the different traffic patterns on week-
days and weekends, we extract 13 weeks working data 
from three months data for prediction. Total distance of 
the data set is about 450 million kilometers, and whole 
number of GPS points reaches 890 million. The interval 
sampling each time is 4.5 minutes with the distance of 
500 meters between two consecutive points. 

2) Road Network: The road network of Wuhan is adopted 
to perform the experiments. In Fig. 4, a snapshot of the 
Wuchang district road network in Wuhan is displayed in 
the rush hour (5pm). 

B. Performance 
Evaluation of temporal-spatial deep learning ap-

proach. Several parameters need to be determined for utiliz-
ing a temporal-spatial deep learning approach. Since differ-
ent network structures influence our forecast result obvious-
ly, effect of parameters need to be tested. One of the most 
important problems to design a neural network is to deter-
mine the size of network. 128 nodes are chosen to be the 
nodes number of input layer. As the change of input layer 
node number, different weighted mean accuracy (WMA) 
can be obtained. As shown in Fig. 5, the best choice at the 
coordinate point of 64 nodes based on our experiments. If 
there are more nodes, it increases the redundancy and com-
putational expense for training model. However, few nodes  
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Fig. 5 Effect of nodes in output layer 

 
Fig. 6 Illustration of road network segment 

cannot make full use of neural network to depict the charac-
teristics of high-dimension, non-linearity and randomness in 
the transportation network. 

As shown in Fig. 6, road segment E1 chosen as the fore-
casted road segment denotes the traffic flow from upstream 
link F to downstream road E. In order to predict the object 
traffic flow of E1(t+tl) at time t+tl, M (M = 32 can be calcu-
lated through number of input nodes in RBM) most closely 
correlated traffic flow with different time indexes are se-
lected from all the following available traffic flows: {A1(t), 
A1(t-1·△t), … ,A1(t-l·△t)}, {A3(t), A3(t-1·△t), … , A3(t-l·△t)}, 
… , {E1(t), E1(t-1·△t), … ,E1(t-l·△t)}, … , {J3(t), J3(t-1·△t), 
… , J3(t-l·△t)}, etc. In this paper, we choose 15 min as the 
time unit △t and l = 20. 

A road segment state is valued as the state number nr
t of 

the road segment r at the time stamp t. When a road segment 
traffic flow state is predicted as the state nt

r with the proba-
bility p generated by two different approaches, the predicted 
state value of the road segment is defined as nt

r-1+p, e.g., 
when a predicted state is 2 and the corresponding probabili-
ty is 0.9 generated by deep learning approach, then the deep 
learning-based predicted state value is 1.9. 

Fig. 7 shows the traffic state prediction of temporal-
spatial deep learning approach with the prediction time 
φ=15min. There are two time slots (about 8am and 6pm) 
where the prediction values are more close to the actual val-
ues. It can be inferred that in the rush hours, we have 
enough taxi trajectories which can provide us with sufficient 
data to learn the states of traffic flow and produce a more 
accurate prediction. Temporal-spatial deep learning ap-
proach can effectively extract the temporal-spatial features 

 
Fig. 7 Traffic state prediction of temporal-spatial deep learning approach 

 
Fig. 8 Traffic state prediction of temporal supplementary approach 

of high-dimensional, non-linear and random traffic flow. 
However, due to the lack of sufficient Taxi GPS traces, the 
traffic prediction accuracy in the early morning hours (from 
1:00am to 5:00am) is significantly lower than that in the day 
time. With the increase of the vehicles at 6am, the prediction 
accuracy improves gradually. It can be seen that deep learn-
ing approach cannot train the effective network to extract 
features because of the sparsity problem of data. 

Evaluation of temporal supplementary approach. 
Fig. 8 demonstrates the prediction result of temporal sup-
plementary approach with the prediction time φ=15min. 
According to the calculation, the prediction precision of 
temporal supplementary approach is nearly 0.70. Comparing 
the results of two approaches to predict separately in Fig. 7 
and Fig. 8, it can be inferred that the effect of deep learning 
approach is much better than supplementary approach in 
most cases. However, temporal supplementary approach 
have better prediction effect on making up for the problem 
of sparse in deep learning approach because of taking full 
advantage of the supplementary temporal change rule of 
traffic flow, which can provides effective information to 
improve the prediction accuracy when in the midnight time. 

Evaluation of DeepSense mechanism. DeepSense 
comprehensively uses temporal-spatial information and 
temporal supplementary rule in the traffic network. Fig. 9 
shows the precision and the recall of three approaches: un-
der the same prediction time interval, DeepSense can obtain 
5% higher precision and recall than other approaches. 
DeepSense converges after about 120mins. The effect of the  
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A) Precision of three different approaches 

  
B) Recall of three different approaches 

Fig. 9 Study on three different approaches 

deep learning approach is close to DeepSense. For combin-
ing temporal supplementary matching approach to overcome 
the problem of sparse in deep learning, the prediction result 
of DeepSense can be further improved. When less than Φ 
(200 vehicles per hour), deep learning approach is utilized 
from 6am to 11pm, with the rest of time for another ap-
proach. It can be apparently inferred that in the early morn-
ing, especially between 1 to 5 a.m., due to the sparse data in 
the traffic network, deep learning approach may have a low 
degree of recognition. However, supplementary matching 
approach can obtain higher prediction precision during that 
period of time by exploring temporal change rule of traffic 
flow. Hence, a more accurate result can be gained by Deep-
Sense which utilizes two approaches. 

VI. CONCLUSIONS 

This paper proposes a novel deep temporal-spatial traffic 
feature learning mechanism, namely DeepSense, for traffic 
flow condition prediction with large scale taxi GPS traces. 
Specifically, DeepSense makes full use of the traffic infor-
mation. In DeepSense, a temporal-spatial deep learning ap-
proach with preprocessed traffic-related features can effec-
tively extract characteristics of non-linearity, randomness 
and high-dimension from the traffic flow change. As a sup-
plementary, by utilizing environment features, CRF classifi-
er can further reflects the dynamic pattern in the transporta-
tion network. Finally, a weighted classifier fusion approach 
is used to obtain a better prediction result. We adopted tra-
jectory data sets generated by 30,000 taxis over a period of 

three months in Wuhan to evaluate our approach. The expe-
riment results showed that our approach can contribute to 
improve the prediction accuracy effectively. 
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