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a b s t r a c t
Accurate and timely traﬃc ﬂow forecasting is critical for the successful deployment of intelligent transportation systems. However, it is quite challenging to develop an eﬃcient and robust forecasting model
due to the inherent randomness and large variations of traﬃc ﬂow. Recently, the stacked autoencoder has
been proven promising for traﬃc ﬂow forecasting but still exists some drawbacks in certain conditions.
In this paper, a training samples replication strategy is introduced to train a series of stacked autoencoders and an adaptive boosting scheme is proposed to ensemble the trained stacked autoencoders to
improve the accuracy of traﬃc ﬂow forecasting. Furthermore, suﬃcient experiments have been conducted
to demonstrate the superior performance of the proposal.

1. Introduction
Traﬃc ﬂow forecasting, especially short-term traﬃc ﬂow forecasting, is a critical issue for intelligent transportation systems,
because the traﬃc control actions highly depend on the accurate
forecasting of traﬃc ﬂow. Besides, the public can also beneﬁt from
the proactive forecasting.
Traﬃc ﬂow does not only exhibit seasonality obscured by noise,
but also reveals stochastic behaviors, which are affected by exogenous factors, such as unexpected incidents or weather [1]. Hence,
this task is still a great challenge due to the large variation and
inherent uncertainties of traﬃc ﬂow.
A variety of theories and approaches have been proposed
for traﬃc ﬂow forecasting in the literature [2]. The conventional forecasting approaches can be generally classiﬁed into
non-parametric methods and the parametric ones. Historical average [3], Kalman ﬁltering methods [4–6], exponential smoothing
[7–9], auto-regressive integrated moving average (ARIMA) model
[10–12], seasonal autoregressive integrated moving average
(SARIMA) [13–15] multivariate time series models [16–18], spectral
∗
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analysis [1,19] and the structural time-series model [20,21] are
grouped into parametric approaches, whereas artiﬁcial neural
network (ANN) [22,23], non-parameter regression models [24],
support vector machines (SVMs) [25,26], fuzzy logic system methods [27–29], and support vector regression (SVR) [30,31] are the
non-parametric ones. However, the existing techniques have their
drawbacks. For example, the historical average is paralyzed to the
unexpected incidents; the Kalman ﬁltering is prone to producing
overshoot; the learning based methods are high depended on the
quality of the training samples. Moreover, these methods require a
considerable amount of engineering skill and domain expertise of
the local traﬃc condition.
Recently, deep learning has drawn a lot of academic and industrial intentions, which can automatically discover the implicit
relationships inside the data using a general-purpose learning
procedure [32]. Deep learning techniques have also been proven
promising for traﬃc ﬂow forecasting [33,34]. Huang et. al. [33] and
Lv et. al. [34] applied deep belief networks (DBN) and stacked
autoencoder (SAE) to this task, respectively. They trained the deep
architectures by minimizing the error between the outputs and
the ground truth, which learn the inherently spatial and temporal
correlations with rich accounts of data. Both of their methods
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are demonstrated effective and eﬃcient for real-time traﬃc ﬂow
forecasting.
The traﬃc ﬂow forecasting by deep learning techniques involves
sequential inputs of the traﬃc state to predict the traﬃc state next
moment. The deep networks maintain the traﬃc state in the hidden units that implicitly storage the historical traﬃc state. However, the statistical problem arises when the historical traﬃc data
is not enough, since the deep learning techniques may ﬁnd many
feasible predictors to give accuracy predictions for the training
data, but fail to forecast the unknown cases [35]. Although the
traﬃc ﬂow data are easily collected by loop detectors, the traﬃc
condition varies with the development of economy and society so
rapidly that the period of training data cannot last too long. For
small traﬃc ﬂow data sets, unsupervised pre-training helps to prevent overﬁtting [36]. In a recent theoretical and empirical research,
large numbers of saddle points with zero gradients are scattered
on the landscape [37], especially for datasets with low dimensions
such as traﬃc ﬂow data. Around these points, the gradient is upward in most dimensions and downward in the remainder [38].
Thus, a individual network for traﬃc ﬂow forecasting may stick in
these poor local minima, i.e., the computational problem. Due to
the large variation and inherent uncertainties of traﬃc ﬂow, there
are unknown cases that cannot be predicted by the trained network, because the true hypothesis may be outside the hyperspace
supported by the training data set.
The most common way to deal with these shortcomings is to
increase the size of the deep networks, such as the depth and the
width [39]. Lots of recent publications focus on training deeper
networks with a large amount of training data [40–42], and the
computational resources are exponentially increasing with the increase of the network size. Meanwhile, some researchers attempt
to ensemble relatively shallow networks to reduce the blow-up
of uncontrolled computational complexity. For example, Cortes et.
al. [43] reported achieving higher performance by DeepBoost algorithm on UCI datasets and MNIST datasets. The main idea behind
this algorithm is drawn different weight to different deep hypotheses. Another idea by Huang et. al. [44] is to build a boosting model
according to the reconstruction error of the training data, whose
idea is that the result becomes less reliable when the reconstruction error increases. These attempts somewhat widen the networks
by adaptive projections in the top layer, as opposite to the ﬁxed
nonlinear projections, such as sigmoid or ReLU.
In this study, we introduce a boosting scheme for the stacked
autoencoder network to improve the accuracy of traﬃc ﬂow forecasting. Comparing with [43,44], there are two purposes of our
boosting scheme. The ﬁrst one is similar but not exactly the same
as [44], we use prediction error to retrain the stacked autoencoders
by rearranging the training data, since the reconstruction error is
the measurement of the ability of the deep network to reproduce
the input, while the prediction error is the measurement of the
generalization ability of the deep network. The second idea comes
from the weather forecasting [45,46] and ocean modeling [47]. In
the climate forecasting, a series of simulation models run under
variant initial settings to forecast a series possible projections of
future weather. The weighted average serves as the best guess of
the future weather, since individual model biases may be partially
canceled. In practice, the weighted average is likely to be more accuracy than any individual prediction [46]. Different from the climate forecasting tasks, we use an adaptive ensemble strategy to
integrate the stacked autoencoders, which has been proven to be
a useful tool to handle uncertainties in model initial conditions,
model parameters, and model structures [48,49]. In our framework,
the training data are separated for training and for validation. The
prediction error on the validation set is calculated. Then the subsequent SAE will get more simulations by rearranging the training
data according to this error. The importance of this SAE is deter-

mined by the prediction error. Finally, we exhaustively search over
all feasible traﬃc ﬂow rate to ﬁnd a prediction to satisfy as many
as possible predictions by the ensemble SAEs according to their
importance.
The contributions of this paper can be summarized as follows:
• A training sample replication strategy is introduced to train a
series of stacked autoencoders;
• An adaptive boosting scheme is proposed to ensemble the
trained stacked autoencoders;
• Suﬃcient experiments are conducted to demonstrate the performance of our proposal.
The rest of this paper is organized as follows. The second part
is the methodology and the third is the empirical study of the real
world data from Amsterdam, Netherland. Then the conclusions follow.
2. Methodology
In this section, the stacked autoencoder (SAE) deep learning
technique is employed to construct multiple models for traﬃc ﬂow
forecasting. And then an ensemble scheme based on δ -agree AdaBoost regression is introduced to boost the learned models.
2.1. Stacked autoencoder
The stacked autoencoder network is one of state-of-the-art
deep learning techniques. SAE is a kind of neural networks, whose
layers are unsupervised trained layer-wise. Each layer is trained by
constructing an autoencoder. An autoencoder is a neural network
with only one input layer, one hidden layer, and one output layer.
The output layer is expected to reproduce the input, so the hidden
layer can be seen as a kind of encodings of the input layer. After
the layer-wise training, the weights of the layers could be initialized to sensible local suboptimal [32]. Then the SAE will achieve a
discriminant one by ﬁne-tuning with the labeled data. See [34] for
more details.
Unlike the deep convolutional neural network (DCNN), the SAE
is a full-connected network. One of the motivations of the convolutional and pooling layers of DCNN is to reduce the spatial and
temporal complexity by ultimately moving the fully connected architectures to sparsely connected ones [39], as it can hardly learn
a deep full-connected network from the full-size image data sets
due to the dramatically computational complexity. The dimension
of traﬃc ﬂow data are relatively low comparing to that of the images, so it is reasonable to construct full-connected networks. Lv
et. al. [34] have demonstrated that the SAE network can successfully discover the spatial and temporal correlations from the traﬃc
ﬂow data. Hence, the SAE [34] is taken as the preliminary model
to boost in this study.
2.2. δ -agree AdaBoost regression
Although the SAE is demonstrated promising, robust and comparable in the reported study [34], the SAE for traﬃc ﬂow forecasting may suffer from some drawbacks in certain conditions. As
analyzed, the statistical problem occurs when the amount of data
for training is small as the input period of the data would not last
too long. There may be a large amount of feasible solutions for the
training data, some of which may have poor generalization abilities. If only one individual SAE is employed for traﬃc ﬂow forecasting, we are at the risk of choosing a poor one. This encourages
us to construct an ensemble of a series of SAEs, whose votes may
help to reduce the risk of choosing a poor prediction. The computational problem is inevitable, since the optimal training of neural
networks is NP-hard [50]. Although the poor local minima are not
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a serious problem that the networks often reach similar generalization performance in practice, the greedy nature of gradient descent optimization still pushes us to the edge of this danger. An
ensemble constructed by different local search with different deep
architectures or different initial value may have a better approximation than the individual preliminary. This motivates us to ensemble SAEs with different architectures and different initial value,
and rearrange the training data to retrain the subsequence SAEs.
The representational problem is subtle for the traﬃc ﬂow forecasting tasks. Since the training data are ﬁnite, the deep learning algorithms will stop searching when they ﬁt all the training samples.
The groundtruth hypotheses may be outside the hyperspace supported by the training samples. The weighted combination of the
hypotheses is able to expand the hyperspace of training samples.
The deep architectures for the SAEs are explored in [33,34].
Both of them report that the feasible number of the hidden layers is around three and the feasible number of hidden units is no
more than 500. For the consideration of computational complexity,
the candidate deep architectures of this study range from one to
four hidden layers with 10–300 hidden units following the suggestion in [34].
The aforementioned stacked autoencoder aims to learn the hypothesis denoted as G (· ), which predicts the future traﬃc ﬂow
rate by given the current traﬃc ﬂow rate. To further depict the
ensemble, we ﬁrstly deﬁne each group of traﬃc ﬂow data x as
{vi, j }i=1,...,M, j=t,...,t−N+1 , where vi, j is the traﬃc ﬂow data on the ith
measurement location at jth time interval. The traﬃc ﬂow prediction of next time interval on the ith location by kth SAE network
can be denoted as Gi(k ) (x ). Without loss generality, we simplify the

hypothesis Gi(k ) (x ) as G (k ) (x ) omitting the location indicator i. And
we also denote the prediction of the sth sample as yˆs = G (k ) (xs ).
Then the training data set can be denoted as T = {(xs , ys )}s=1,...,S ,
where ys is the groundtruth of yˆs , and S is number of training samples. The boosting algorithm discussed following is always focused
on a certain location, and it is easy to be extended to all locations.
In order to improve the forecasting accuracy, we encourage the
SAE to get more stimulations by training samples with large prediction error, which often occurs when the traﬃc ﬂow is heavy.
Actually, these moments are critically important to the intelligent transportation system, which are likely to be the commuting
time and easily congested. We introduce a δ -agree scheme for the
boosting phase. The δ -agree scheme is deﬁned as a discriminative
function in Eq. (1).

I (|G (k ) (xs ) − ys | − δ ),



where I (x ) =

1,

(1)
ifx > 0,

−1, otherwise.
Eq. (1) means the case that the prediction error exceeds δ will
take positive effect in the succeeding weighting scheme, vice versa.
This parameter separates the forecasting results into two part as a
latent parameter. For some extreme cases, the prediction error is
large. Then the next SAE will be trained by taking more consideration on these cases.
Then we introduce a weight ws(k ) for every sample for the kth
SAE. Initially, the weight of the samples is equal ws(1 ) = 1S for the
ﬁrst SAE. The discriminative error of the SAE is calculated as:

ε (k ) =

1
2

S


ws(k ) [I (|G (k ) (xs ) − ys | − δ ) + 1].

(2)

s=1

Then the importance of this SAE is determined by its discriminative error as:

α

(k )

1
1 − ε (k )
= log
.
2
ε (k )

(3)

In Eq. (3), the smaller discriminative error of the SAE achieves,
the more importance it gains. The new weights of the samples can
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be updated according to the discriminative error and the importance of this SAE.

ws(k+1) =

ws(k ) α (k) I (|G (k) (xs )−ys |−δ )
e
,
Z (k )
S

(k )

(4)

(k )

where Z (k ) = s=1 ws(k ) eα I (|G (xs )−ys |−δ ) is a normalization factor.
In order to let the next SAE get more stimulations with these
extreme cases of large prediction error, so we expand the training
data set by introducing a replication factor rs(k ) = Cws(k ) S. C is a constant indicating the average replication times, in our experiment C
is set to 100.
We replicate the sth training sample rs(k ) times (rounding-off) to
construct a new data set. With this data set, we try to train the SAE
with different deep architectures and initial values. The best deep
architecture for this data set is by cross-validation of the candidate
architectures.
After all the SAEs are trained, for a testing sample of traﬃc ﬂow
x, the prediction is depicted as:

yˆ = argminyˆ∈[0,vmax ]

K


α (k) I (|G (k) (x ) − yˆ| − δ ),

(5)

k=1

where vmax is the maximum capacity of traﬃc ﬂow rate on that
location, and yˆ is the traﬃc ﬂow rate to predict, which is assumed
as a natural number.
Firstly, K trained models are employed to make K predictions.
Then we exhaustively enumerate all feasible traﬃc ﬂow rate from
0 to vmax to search an optimal yˆ. In Eq. (5), α (k) is the importance
of the kth SAE, which is determined by Eq. (3) according to the
discriminative error of the kth SAE. The larger discriminative error is, the less importance the kth SAE gains. On the other hand,
I (· ) is −1 if the error between yˆ and the prediction by the SAE is
no more than δ . Thus, in order to minimize Eq. (5), the optimal yˆ
is expected to meet the predictions made by as many SAEs of high
importance as possible. In another word, this value by Eq. (5) satisﬁes as many as possible predictions of the ensemble SAEs to eliminate the short-sight of the individual SAE according to their importance.
This algorithm can be summarized as follows.
Algorithm 1 Training the boosting algorithm for SAEs.
Require: T = {(xs , ys )}s=1,...,S , δ , C
Ensure: α (k ) , G (k ) (· ), k = 1, . . . , K
1: k = 1
(k )
1
2: ws = S
3: while k ≤ K do
replicate T according to rs(k ) = Cws(k ) S
4:
5:
train and cross validate to choose the best deep architecture
for the SAE G (k ) (· ) with the replicated samples
calculate the discriminative error ε (k ) =
6:
(k )
1 S
(k ) (x ) − y | − δ ) + 1]
s
s
s=1 ws [I (|G
2
1
(
k
)
if ε ≥ 2 then
7:
continue
8:
end if
9:
(k )
10:
calculate α (k ) = 12 log 1−(εk)
ε

update the weight ws(k+1 ) =
k=k+1
12:
13: end while
11:

(k )
(k )
(k )
ws
eα I (|G (xs )−ys |−δ )
Z (k )

3. Case study
In this section, the traﬃc ﬂow data from four motorways A1, A2,
A4 and A8 ending on the ring road (A10 motorway) of Amsterdam
are used for the empirical study.
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differences. The two criteria are deﬁned in Eqs. (6) and (7), respectively:



RMSE =

M
1 
(vˆ (m ) − v(m ))2
M

(6)

m=1





M
1   vˆ (m ) − v(m ) 
MAP E =

 × 100%
M
v (m )

(7)

m=1

where vˆ (m ) and v(m) are the prediction and the true measurement
of the mth group of data.
3.3. Experimental setup

Fig. 1. The four motorways namely A1, A2, A4, and A8, which end on the ring road
of Amsterdam.

3.1. Data description
The real world data was collected from four motorways by
Wang et al. [51], namely A1, A2, A4, and A8, which end on the
ring road of Amsterdam (the A10 motorway), as shown in Fig. 1.
We simply depict the four motorways as follows. The four measurement sites locate on the motorways a short distance before the
merge points to the ring road. The data was provided from May 20,
2010, to June 24, 2010, with 1-min aggregation, i.e., the number of
vehicle per hour in a certain minute, collected by MONICA sensor.
• The A1 motorway connects the city of Amsterdam with the
German border, which is also a European route. The European
route E30 follows the A1 motorway from the interchange Hoevelaken in Netherlands. There is the ﬁrst high-occupancy vehicle (HOV) 3+ barrier-separated lane in Europe on A1 motorway. The traﬃc ﬂow in this HOV lane dramatically changes over
time, making the forecasting quite challenging.
• The A2 motorway is one of the busiest highways in the Netherlands, which connects the city of Amsterdam and the Belgian
border. In our experiment, we use the data collected in 2010
before the motorway is widened to examine if the proposed
framework can perform well with congestions.
• The A4 motorway is part of the Rijksweg 4, which starts from
Amsterdam to the Belgian border. The A4 motorway has priority from the eastern direction until the interchange De Nieuwe
Meer, then travels to the southeast.
• The A8 motorway starts from the A10 motorway at interchange
Coenplein, ends at Zaandijk less than 10 km.
The raw data mix with incorrect measurements, which are zeros for a long period or negative values. We simply ﬁll the incorrect data by averaging measurements of the same moments of
other weeks.
3.2. Evaluation criteria
Two frequently used criteria are employed to evaluate the performance of the proposed approach. The root mean square error
(RMSE) measures the average differences between the predictions
of a model and measurements of the system being modeled. The
mean absolute percentage error is the percentage expression of the

As discussed in [4,51,52], the study of traﬃc ﬂow forecasting
should not be of interest to predict minute-by-minute ﬂuctuations.
Therefore, the 10-min average, which is the average of 1-min aggregation in subsequent 10 min, is chosen for the forecasting task
the same as [51].
The collected data are divided into two parts, the ﬁrst four
weeks are used for training and the rest are used for testing. The
training data are divided into ten parts, nine of ten are for training
the SAE, and the other is for validation after every training epoch.
Following the instruction by Lv et. al. [34], the candidate deep architectures for the traﬃc forecasting tasks are limited to no more
than 4 hidden layers, the hidden units of each layer are limited to
no more than 300. The scaling parameter for weight regularization
penalty in is set to 0.1. The sparsity is set to 0.03, see [34] for the
interpretations of regularization penalty and sparsity. We randomly
drop out some measurements of the training inputs to improve the
network performance (see [53] for more details). The batch size in
this tasks is the entire training samples, since the dimension of
each sample is relatively small comparing to that of images. Thus,
all the training samples pass forward and backward every iteration
in one epoch without considering the limitations of the memory.
The maximum iterations are limited to 10 k. Similarly, all the validation samples pass forward and backward every iteration in one
epoch. The validation procedure is conducted after every training
epoch. The optimization method is the limited-memory Broyden–
Fletcher–Goldfarb–Shanno (LBFGS) algorithm [54], a typical gradient descent algorithm.
Another two parameters are the number of ensembles K and
the δ . To evaluate how these two parameters inﬂuence the forecasting performance, we conduct the experiments. The number of
ensembles K is tested from 10 to 100. The forecasting performance
at A1 is illustrated in Fig. 2 with a different number of ensembles. The RMSE decreases sharply when the number of ensemble K increases until 40, while the MAPE keeps decreasing until
the number of ensemble reaches 70. The performance of the SAEs
is boosted up as the number of ensembles increases in a certain
range. However, if too many ensembles are integrated, the computation demand would be too large. The δ is a latent parameter to be set to separate the extreme cases of large prediction error. As deﬁned in Eq. (1), if the error between the prediction and
the groundtruth larger than δ , I will be 1, otherwise −1. Thus, the
cases with large prediction error will weight more in Eq. (4). The δ
is tested from 100 to 250 shown in Fig. 3. There may be two main
reasons that the δ has a good level of tolerance. First, if some extreme cases with large prediction error appear in the prior SAE, the
subsequent SAE is trained by taking more consideration on these
cases. Then the subsequence SAE may well deal with these cases.
Second, the ensemble SAEs with large discriminative error weight
less in Eq. (3). These two parameters are listed in Table 1 for the
succeeding experiments.
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Table 2
Conﬁgurations of ANN model.

RMSE(vehs/h)

300
295

Parameters
Hidden layers
Goal
Spread
MN
DF

290
285
280
10

35

20

30

40

50

60

70

80

90

Values
1
0.001
20 0 0
40
Default

100

K ensembles

MAPE(%)

13

Random walk. This model simply predicts the traﬃc ﬂow next moment as equal to the current condition.

12

11

10
10

20

30

40

50

60

70

80

90

100

K ensembles
Fig. 2. Forecasting performance with different number of ensembles.

Auto regression. The autoregression model is a representation of a
random process and it has been widely used in traﬃc ﬂow forecasting due to the randomness of the traﬃc ﬂow. In the autoregression model with order p, the current traﬃc ﬂow is represented
by a weighted combination going back p periods, following a random disturbance in the current period. In this regard, the order p
is critical for the autoregression models. On the other hand, if the
order is too high, more coeﬃcients need to be estimated, and additional errors will consequently be introduced. The order in our
experiment is set to 8 by cross-validate of our training data.
Support vector machine regression. For the support vector machine
regression model, several parameters need to be set beforehand.
The regression horizon is set the same as AR model. We use radial basis function (RBF) as the kernel type in this study. The cost
parameter C is set to the maximum difference between the trafﬁc ﬂow. The width parameter γ and the  -insensitive are determined by particle swarm optimization. The width parameter γ for
the RBF kernel is 3 × 10−6 and the  -insensitive loss for the SVR is
1 in this study.

Fig. 3. Forecasting performance with different δ .
Table 1
The parameters K and δ for the succeeding
experiments.

K

δ

A1

A2

A4

A8

70
170

50
120

90
150

70
100

3.4. Performance evaluation
Table 3 have several comparisons with various commonly used
models integrated in intelligent transportation systems including
the state-of-the-art ones. The hybrid particle swarm optimization
support vector regression method (SVR) is detailed in [55]. The historical average model (HA) and the random walk method (RW) are
used as the control methods in [31]. These two methods are often
used as the baseline for a new one. The artiﬁcial neural network
(ANN) is detailed in [56]. The Kalman ﬁltering method (KF) is detailed in [4]. The least squares boosting is the ensemble of simple
models [57]. The stacked autoencoder method (SAE) is proposed by
Lv et. al. [34]. The last one is our proposed method. The concepts
of these control models are simply introduced as follows.
Historical average. This model predicts for a given time of the day
the average of the same time in the same day in previous weeks.

Kalman ﬁltering. A wavelet denoising procedure proposed by Xie
et al. [4] is employed to preprocess the traﬃc ﬂow data. We use
Daubechies 4 as the mother wavelet as suggesting in [4]. The variance of the process error Q is set as 0.1 × I, where I is the identity matrix. The variance of the measurement noise is 0, since
regard
we
 the measurement is correct. The initial state is set to
1
1
n , . . . , n , where n is set to 8, the same as Xie et al. [4]. The covariance matrix of initial state estimation error is 10−2 × I.

Artiﬁcial neural network. We employ the artiﬁcial neural networks
introduced in Zhu et al. [56]. The network parameters are described in Table 2, where most of them are consistent with [56].
Least squares boosting. The least square boosting (LSBoost) is one
of most popular boosting algorithm that ensembles linear regression. Kkdeniz et al. [57] have applied this method to load forecasting in energy day-ahead market And they declared that least
squares boosting algorithm give more robust results than SARIMA
method for load forecasting. In this experiment, the number of ensembles of LSBoost is set the same as that listed in Table 1.
Stacked autoencoder. The stacked autoencoder is trained in a layerwise greedy fashion. The spatial and temporal correlations are
inherently considered in the model. The deep architecture of the
SAE is set to [120, 60, 30] by cross-validation.
We compare the forecasting results of the proposed boosting
method with the control models mentioned, which are often used
in intelligent traﬃc systems. As illustrated in Table 3, the proposal achieves more accurate results than the controls. For example, comparing with the RMSEs of SAE, which achieves the best
results among the others, the RMSEs of our proposal decrease
5.12%, 2.99%, 5.43%, and 2.95% at A1, A2, A4 and A8, respectively.
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Table 3
The forecasting results of the proposed framework and the control
models on dataset of Amsterdam motorways.

SVR
HA
RW
AR
ANN
KF
LSBOOST
SAE
PROPOSAL

RMSE
MAPE
RMSE
MAPE
RMSE
MAPE
RMSE
MAPE
RMSE
MAPE
RMSE
MAPE
RMSE
MAPE
RMSE
MAPE
RMSE
MAPE

A1

A2

A4

A8

329.09
14.34
404.84
16.87
312.92
12.65
301.44
13.57
299.64
12.61
332.03
12.46
306.33
13.78
295.91
11.92
280.75
10.65

259.74
12.22
348.96
15.53
223.82
11.43
214.22
11.59
212.95
10.89
239.87
10.72
233.88
14.43
203.24
10.23
197.16
9.85

253.66
12.23
357.85
16.72
230.01
12.06
226.12
12.70
225.86
12.49
250.51
12.62
229.78
12.90
219.68
11.87
207.75
11.06

190.30
12.48
218.72
16.24
174.14
12.37
166.71
12.71
166.50
12.53
187.48
12.63
177.52
14.00
160.79
12.03
156.04
11.63

The traﬃc ﬂow may vary so largely at different moments a day,
or different days, i.e., the training data may not cover all the cases
occurring in the future, that the SAE is prone to the most similar results that it has learned. By taking consideration of the SAEs

with different importance, the boosting procedure is able to ensemble the predictions of the SAEs to eliminate the short-sight of
an individual one. Moreover, the individual SAE may be stuck in
some poor local minima. A series of integrated SAEs of our method
search from different initial values and directions are more easily to ﬁnd a better prediction. We also contrast the results of the
LSBoost, which is a boosting algorithm integrated simple models,
i.e., linear regression, and the proposal outperforms the LSBoost. In
addition, our method gets higher accuracy than the other control
models, because our method inherits the advantages of the SAE,
which can automatically discover the implicit relationships inside
the data.
Finally, we report some forecasting scenarios to demonstrate
the effectiveness of the proposed framework in dealing with variations and uncertainties of traﬃc ﬂow. The predictions of the proposed method are drawn with a red line, while the measurements
are done with a green line in Fig. 4. The related error drawn in
blue line is the error between the measurements and the predictions divided by the measurements. As shown in Fig. 4, the proposal achieves relatively high accuracy most of the time, except
the traﬃc ﬂow is very low early in the morning or late at night.
For these cases, small prediction error still causes a large related
error. Fortunately, we are more likely to care about the forecasting
accuracy when the traﬃc is really heavy.
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Fig. 4. Fig. 4a–d are the predictions of proposal and the measurements in a week, and the prediction related error (the difference between the measurements and the
predictions divided by the measurements), respectively. (For interpretation of the references to color in this ﬁgure, the reader is referred to the web version of this article.)

T. Zhou et al. / Neurocomputing 247 (2017) 31–38

4. Conclusion
In this paper, we propose a novel ensemble method to improve
the accuracy traﬃc ﬂow forecasting by integrating stacked autoencoders that have been proven promising for traﬃc ﬂow forecasting,
but still suffer from some shortcomings in certain conditions. In
order to eliminate the short-sight of an individual stacked autoencoder, we propose a boosting-up scheme to improve the forecasting accuracy. In this scheme, a training samples replication strategy is introduced to train a series of stacked autoencoders and a
boosting algorithm is proposed to ensemble the trained SAEs. Extensive experiments demonstrate the proposal outperforming the
stacked autoencoder in dealing with traﬃc ﬂow forecasting, and
achieving better forecasting performance. Future investigations include evaluating the method on more real traﬃc ﬂow datasets and
promoting its applications in intelligent transportation systems.
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