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Abstract—Traffic flow prediction is very important in the
deployment of intelligent transportation system. Based on our
previous research on deep learning approach for traffic data
prediction, we further evaluates the performance of the SAE
model for traffic flow prediction at daytime and nighttime.
Through 250 experimental tasks training a SAE model and
evaluating its performance at daytime and nighttime with 3
different criteria, we obtain the best combination of hyper
parameters for each criterion at different times on weekday and
non-weekday, respectively. Experimental results show that the
MAE and RMSE at daytime are larger than that at nighttime,
while the MRE at daytime are smaller than that at nighttime.
For different criteria, the hyper parameters of the SAE model
should vary accordingly. The results in this paper indicate that in
real applications, traffic flow prediction using the deep learning
approach can be a combination of multiple SAE models with
different parameters suitable for different periods, which is of
significance in future research.

I. INTRODUCTION

Traffic flow information is very important in the deployment
of intelligent transportation system (ITS) [1]. Accurate and
timely prediction of traffic flow can provide support for road
conditions analysis, dynamic route guidance and traffic signal
control [2]. Thus traffic flow prediction is a critical subject in
ITS research and applications.

There have been many researchers studying traffic flow
prediction using various methods. These methods are mainly
divided into two categories: data-driven methods and model-
driven methods. Data-driven methods rely on traffic flow data
collected from traffic sensors, e.g. cameras, inductive loops
etc. Typically, historical traffic flow data are utilized to build
a prediction model. Then real-time traffic flow data are fed
into the model and the predicted traffic flow in future time is
obtained from the output of the model. Models or algorithms
in these methods include the autoregressive integrated moving-
average (ARIMA) model [3] and its variations [4], [5], Kalman
filtering model [6], k-nearest neighbor (kNN) algorithm [7]
, multivariate regression model [8], neural network model
[9], [10] and deep learning model [11] and so on. Model-
driven methods are based on the principle of dynamic traffic
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assignment (DTA). A proper traffic model and the travel
demand data of the road network are essential to conduct
the simulation process of DTA. Through the simulation, the
traffic flow of one specific site can be detected from the virtual
road network. There are many transportation softwares such as
DynaSmart [12], DynaMIT [13], Vissim [14], Paramics [15],
TransWorld [1], which can build virtual road networks for
traffic simulations. However, they all need the travel demand
data named origin-destination (OD) matrix or the demographic
data which must be determined by engineers in advance and
is hard to acquire.

With the growth of traffic data quantity and the improve-
ment of computing capability, data-driven methods [16] have
attracted the attention of many researchers and achieved in-
spiring results. Among them, the deep learning based methods
lead the trend of big data processing. Exploring deep learning
models in the application the traffic flow prediction is of great
significance. We have done the work [17] in which global road
flow are predicted with the deep learning model named stacked
autoencoder (SAE). Huang etc. [18] used the deep learning
model named deep belief network to predict traffic flow. The
existing research demonstrated that deep learning is promising
in traffic flow prediction, and the performance evaluations
focused on traffic flow prediction at all times in a day.
However, we are more concerned about the performance of
the deep learning model at different times in a day. Therefore
in this paper, we further evaluated the performance of the deep
learning model for traffic flow prediction at different times.
Different from our previous research, we discuss the prediction
of traffic flow collected from original vehicle detector stations
(VDSs) rather than the processed global road flow.

The rest of this paper is organized as the following: Section
II describes the SAE model for traffic flow prediction. Section
IIT presents the experiments conducted on the model using
real traffic flow with different model set, evaluates the perfor-
mances at different times. Section IV concludes this paper.
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II. METHODOLOGY

Our deep learning approach for traffic flow prediction uses
the SAE model consisting of a regression layer on the top and
multiple basic network blocks, which are obtained from mul-
tiple autoencoders (AEs) [19]. An AE extracts features from
its input and SAE can obtain an abstract representation of the
input through gradual feature extraction. Then the regression
layer fits the expected output and the feature representations.
Here, the traffic flow prediction problem is defined to predict
the traffic flow in the SAE model output y = X; using history
traffic flow as the SAE model input X = [X¢— 5, - ,X¢—1]. X¢
is a vector consisting of traffic flow data collected from all
the VDSs in a district at time ¢, thus its dimension equals NV,
which is the number of the VDSs. The following paragraphs
will introduce the structure and training algorithm of an AE,
then illustrate the construction of the SAE model for traffic
flow prediction.

A. AE

An AE shown in Fig. 1 includes two parts: encoder and
decoder. Encoder fy maps an input vector X into its hidden
representation h, thus h = fp(x). fp is typically a nonlinear
transformation function in the following form:

fo(x) = s(xW" +b), (1)

where 6 represents all its parameters containing W and b. W is
the weight matrix between the hidden layer and the input layer.
b is the bias vector of the hidden layer. Decoder g,, maps the
hidden representation h back to a reconstructed vector y of
the input vector x, thus y = g, (h). g, is as well typically a
nonlinear transformation in the following form:

gy (h) = s(hW'" +b'), )

where ¢’ represents all its parameters containing W and b’
W is the weight matrix between the output layer and the
hidden layer. b is the bias vector of the output layer. In
equation (1) and (2), s is called activity function.

h

Hidden layer

fg,s 9y’

Input layer Output layer

X y

Fig. 1. The structure of an AE

Training an autoencoder is the process of minimizing the
reconstruction error by solving the following optimization
problem:

0,0 = argmin L(X,Y), 3)
0,0’

where X is a set of input vector x and Y is the corresponding
set of reconstructed vector y. This process is summarized in
Algorithm 1. The hidden representation of a trained AE is seen
as the feature vector of the input vector. The feature vector will
be treated as the input of the higher AE and used to extract
higher level representation in a SAE.

Algorithm 1 Training an autoencoder

Given data set X = {x}, x € REY;
Set the number of hidden units ny, the iterations T;
Initialize the weights and biases randomly: W(n; x KN),
W (KN x ny), b(1 x ny), b (1 x KN);
fori=1t0T
Perform forward propagation to compute Y
Compute output error: X — Y
Perform backward propagation to compute A8, Af’
Update 0, 0: 0 =0+ A0, 0" =0 + Ab’
end for

B. The SAE Model

The SAE model shown in Fig. 2 is structured with multiple
AEs and a regression layer on the top. Each hidden layer is
obtained from an AE. The SAE model is constructed from the
bottom layer up to the top layer. Each hidden layer is treated
as the input of the AE top on it. For the purpose of traffic flow
prediction, the top layer is a regression layer for fitting the top
hidden layer and the expected output. Specifically, the model
feed forward calculates the predicted output corresponding to
a input vector x through the following equations:

s(xWT +b I=1
= { SXWI b : @
s(h—1W/ +b) L>1>1
y=shr+1Wi, +bri1), Q)

where h; is the hidden representation of the /th hidden layer,
W, is the weight matrix between the /th hidden layer and the
layer below it, b; is the bias vector of the /th hidden layer,
W41 is the weight matrix between the output layer and the
Lth hidden layer, by, is the bias vector of the output layer.

Training the SAE model is the process of minimizing
the prediction error by solving the following optimization
problem:

© = argmin L(X,Y), (©)

where © represents all its parameters containing W; and
b;(l = 1,2,---,L + 1). Different from training an AE,
this process includes two training steps: pretraining and fine-
tuning. Pretraining trains the parameters of each AE while
fine-tuning adjusts all the parameters in the SAE model. The
process is summarized in Algorithm 2. After training, the SAE
model can predict the future traffic flow y = X; from history
traffic flow input x = [X;_f, -+ ,X¢—1].
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Fig. 2. The structure of the SAE model

Algorithm 2 Training the SAE model

Given data set X = {x}, Y = {y}, x € REN y e RV,
Set the number of hidden layers L, the number of hidden units
ny,l =1,2,---, L, the pretraining iterations T, the fine-tuning
iterations T/;
Step 1: Pretraining
X is fed to the input layer;
Train the first AE using Algorithm 1;
for(=2to L
H;_1 is fed to the lth AE
Train the /th AE using Algorithm 1
end for
Step 2: Fine-tuning
Initialize W41 (N X ng), b(1 x N) randomly;
fori=1t T
Perform forward propagation to compute Y
Compute output error: X —Y
Perform backward propagation to compute A©
Update ©: © = 0 + ABO
end for

III. EXPERIMENTS AND PERFORMANCE EVALUATION

A. Data Description

The traffic flow data for this study are from the Caltrans
(California Department of Transportation) PeMS (Performance
Measurement System) [20]. We exploit the 5-minute incre-
mental traffic flow data collected from the VDSs in District 5:
Central Coast during the first three month in Year 2013. There
are 153 VDSs and 90 days in the chosen dataset. However, we
only use data collected from 147 VDSs on 89 days. Because
6 VDSs involve null numbers due to some unknown reason
and the data collected on March 10th in Year 2013 consist of
less than one day’s time stamps, and we remove them. Then
the 5-minute incremental traffic flow data are aggregated into
15-minute incremental traffic flow data, which will be used

in the following experiments. Fig. 3(a) shows the 15-minute
incremental traffic flow collected on a weekday while Fig.
3(b) shows that on a non-weekday from VDS 500010092 in
the experimental district. Obviously, the traffic flow at daytime
(6a.m.-8p.m.) is higher than that at nighttime (8p.m.-6a.m.).
We conduct experiments to see the performance of the deep
learning approach for traffic flow prediction at daytime and
nighttime on weekday and non-weekday, respectively. The
ratio of training set and test set is 4:1.
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Fig. 3. Typical traffic flow collected from a VDS

B. Evaluation Criteria

In order to evaluate the performances of the deep learning
model for traffic flow prediction at different times, we adopt
three criteria to measure the error of the predicted data. They
are mean absolute error (MAE),

M N i i
MAE — Zt=1 Zi=1 |zt — il
MN ’

root mean square error (RMSE),

o 21]5\11 Zi\;(z% - y%)Q
RMSE = \/ N ,
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and mean relative error (MRE),

_ Doi=12i-1
MN ’

MRE

where 2! is the observed traffic flow collected from the ith
VDS at time t while y,% is the predicted one, M is the total
number of test samples and N is the dimension of the output.
according to our dataset, N = 147.

C. Experiments Set

From the data description part, we find different data
patterns between weekday traffic flow and non-weekday traffic
flow. Therefore the SAE model is applied to the prediction of
weekday traffic flow and non-weekday traffic flow separately.
Besides, the hyper parameters of the SAE model: the activation
function, the number of hidden layers of the network, the
number of hidden units in each hidden layer, the times of
iteration and the time delay steps must be determined sepa-
rately from the training process of parameters © in equation
6. With the experience in our previous work [17], we set the
range of the hyper parameters and choose them with the listed
values in Table I. Then we have 125 combinations of the hyper
parameters i.e. 125 choices for the SAE model. Considering
weekday and non-weekday, we conduct 250 experimental
tasks training a SAE model and evaluating its performance
at daytime and nighttime. To train the SAE model, we set the
cost function

N i i
i:1($t - yt)2
2MN

The training process is conducted following Algorithm 2.

LX,¥) = ey

TABLE I
HYPER PARAMETERS SET IN THE SAE MODEL

Hyper parameters Range Experiment values
Activation function sigmoid sigmoid

Number of hidden layers 1~5 1,2,3,4,5

Number of hidden units 100~500  100,200,300,400,500
Times of pretraining iteration ~ 50~100 100

Times of fine-tuning iteration ~ 20~100 100

Time delay steps 1~5 1,2,3,4,5

D. Results and Discussions

Through the experiments above, the performance of the
SAE model for traffic flow prediction on the test dataset is
obtained. Table II and Table III present the best combination
of the hyper parameters in the our experiment range for each
criterion on weekdays and non-weekdays, respectively. Obvi-
ously, the best combination of hyper parameters is different
for each criterion at different times. The MAE and RMSE
at daytime are larger than that at nighttime, while the MRE
at daytime is smaller than that at nighttime. In terms of the
time delay steps, most best performances need more than only
one time delay step, which shows the importance of long term

memory in the model. For the number of hidden layers, week-
day traffic flow prediction tends to need more hidden layers
than non-weekday to achieve better performance in most cases.
Considering the different patterns shown in Fig 3, we infer
that the more complex the data pattern is, the deeper the SAE
model needs to be. All the number of hidden units are larger
than the dimension of the output. In fact, the quantity of the
SAE model parameters with some experiment set in Table I is
more than the number of samples in our dataset. However, the
experimental results show that all the SAE model can converge
in the limited times of iterations and avoid over fitting. That
indicates the advantages of deep learning model in training a
model with limited data. The traffic flow at daytime are much
larger than that at nighttime, thus we concern more about the
prediction accuracy of the the predicted traffic flow at daytime.
Here we present the predicted traffic flow using the SAE model
with the best hyper parameters for daytime prediction in terms
of MAE. Fig. 4(a) shows the predicted flow on weekday with
the hyper parameters KX = 4,L = 2,n;, = 400 and Fig.
4(b) shows that on non-weekday with the hyper parameters
K = 5L = 1,n;, = 500. The predicted traffic flow data
follow the trend of the observed ones.

TABLE I
WEEKDAY EXPERIMENTAL RESULTS:
BEST HYPER PARAMETERS FOR EACH CRITERION

Time type  Criterion  Error value K L ny

All MAE 38.28 4 2 400
Daytime MAE 49.26 4 2 400
Nighttime =~ MAE 21.73 5 3 500
All RMSE 59.07 1 1 500
Daytime RMSE 71.52 1 1 500
Nighttime = RMSE 33.53 4 3 300
All MRE 25.78% 3 2 400
Daytime MRE 16.59% 1 1 400
Nighttime =~ MRE 36.05% 5 5 400

TABLE III

NON-WEEKDAY EXPERIMENTAL RESULTS:
BEST HYPER PARAMETERS FOR EACH CRITERION

Time type  Criterion  Error value K L ny

All MAE 35.56 5 1 500
Daytime MAE 43.11 5 1 500
Nighttime =~ MAE 24.38 3 1 500
All RMSE 52.48 2 1 400
Daytime RMSE 61.30 2 1 400
Nighttime = RMSE 35.70 3 1 500
All MRE 23.69% 1 4 200
Daytime MRE 13.14% 5 1 500
Nighttime =~ MRE 37.39% 1 4 200

IV. CONCLUSION

This paper evaluates the performance of the SAE model for
traffic flow prediction at daytime and nighttime. Through 250
experimental tasks training a SAE model and evaluating its

226



1000 T T T T T T T © ©
Observed
Predicted

800 b

900 -

700
600 -
500
400
300

Traffic flow (veh/15-minute)

200

7

/

OT\W : : c c c c c
00 02 04 06 08 10 12 14 16 18 20 22
Time (hour)

(a) Weekday

1001

1000 T T T T T T T T T

. Observed
Daytime Predicted

800 b

900 -

700 b
600 -
500
400+
3001
200

Traffic flow (veh/15-minute)

100
\;rfp

c c

%0 02 04 06 08 10 12 14 16 18 20 22

Time (hour)
(b) Non-weekday
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performance at daytime and nighttime for 3 different criteria,
we obtain the best combination of hyper parameters for each
criterion at different times on weekday and non-weekday,
respectively. Experimental results show that the MAE and
RMSE at daytime are larger than that at nighttime, while the
MRE at daytime is smaller than that at nighttime. For different
criteria, the hyper parameters of the SAE model should vary
accordingly. The results in this paper indicate that in real
applications, traffic flow prediction using the deep learning
approach can be a combination of multiple SAE models with
different parameters suitable for different periods, which is of
significance in future research.
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