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Denoising autoencoders for fast real-time traffic estimation on urban
road networks

Soham Ghosh!, Muhammad Tayyab Asif?, Laura Wynter?

Abstract— We propose a new method for traffic state es-
timation applicable to large urban road networks where a
significant amount of the real-time and historical data is
missing. Our proposed approach involves estimating the missing
historical data through low-rank matrix completion, coupled
with an online estimation approach for estimating the missing
real-time data. In contrast to the traditional approach, the
proposed method does not require re-calibration every time new
streaming data becomes available. Empirical results from two
metropolitan cities show that the proposed two-step approach
provides comparable accuracy to a state of the art benchmark
method while achieving two orders of magnitude improvement
in computational speed.

I. INTRODUCTION

Real-time traffic information is typically obtained from
fixed sensors such as loop detectors, cameras and microwave
signals on the roads as well as speed observations directly
from the vehicles themselves. Although such probe vehicles
can provide much higher spatial coverage than fixed sensors,
the resulting data is in general lacking in temporal coverage.
Most importantly, with probe vehicle-based traffic data, the
set of links having traffic information varies over time. To
address this, a number of methods for traffic state estimation
have been proposed in which the models are re-calibrated
as new data becomes available [1], [2]. Naturally, on-line
calibration requires non-negligeable computational power for
re-training and hence these methods may not be suitable for
large-scale deployments.

While the set of links with probe traffic data is variable, in
general, patterns tend to be dominated by a small number of
highly repetitive trends [3]. In particular, traffic conditions
across neighbouring roads tend to be highly correlated [4]
as they do across city-scale networks [5], [6], [2], [7], [8].
In this study, we exploit such network-wide relationships to
estimate missing traffic data in real-time.

Our contribution is the definition of a new method based
on denoising autoencodes embedded in a two-phased ap-
proach. In the first phase, matrix completion is performed to
recover missing traffic information from incomplete histori-
cal data. Then, a denoising autoencoder method is adapted
to learn network-wide relationships from the imputed data
for the estimation of missing real-time traffic data. Several
variants of the de-noising model are proposed. Our method
is compared against a state-of-the art benchmark method for
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online state estimation called Column based (CX) decom-
position [9], [10] on real-world data from two metropolitan
cities. Empirical evidence shows that the accuracy of our
proposed method is comparable to that of the state-of-
the art approach while offering a significant computational
advantage, of roughly two orders of magnitude.

The rest of the paper is structured as follows. In section II,
we provide a review of related work. Then, in section III, we
present the methods, both the benchmark CX decomposition
approach as well as our proposed method. In section IV, we
discuss the computational complexity of various models for
online estimation phase. In section V, we analyze empirically
the performance of our method against the benchmark ap-
proach for a number of different degrees of missing data and
across a number of other parameter variations. We conclude
with suggestions for future work.

II. RELATED WORK

Methods for road traffic estimation are typically divided
into off-line imputation of historical data and online es-
timation. For off-line imputation, matrix/tensor completion
methods have been shown to efficiently model dominant
traffic patterns for recovering missing historical information
[6], [11], [12], [13], [14]. The main advantage of multi-
way array completion methods is that they can handle
generic test networks with varying distributions of missing
data [15], [16]. In this study, we consider three variants
for our offline matrix imputation: iterative singular value
decomposition (SVD) [16], matrix factorization [14], [17]
and Softlmpute [15]. Iterative SVD is conceptually similar
to the Bayesian principal component analysis formulations
proposed for estimating missing values for incomplete traffic
datasets [11], [12], [6].

The key challenge in performing real-time estimation is
that the set of roads with missing data is likely to vary from
one time interval to the next. Hence, estimation methods
[18], [19] based on standard formulations of artificial neural
networks (ANN) and support vector machines (SVM) are
not suitable since the feature set is assumed to remain
constant. For this reason, the state-of-the-art approach for
such problems is based on models that can be re-calibrated
in on-line manner [20], [1], [21], [22], [23], [24].

In this vein, Shan et al. [1] proposed a multiple linear
regression model to exploit spatial-temporal correlations be-
tween links in the network; at each time step, a linear time
heuristic algorithm was used to choose a subset of neigh-
bouring node links, which along with available temporal data
from the current link was used as a feature set to estimate
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the current speed. Only a single small network of 12 links
was tested. Herring et al. [21] proposed a dynamic Bayesian
network approach using traffic conditions of past time in-
stances in the chosen link and its neighbours to estimate
traffic conditions as a binary state variable (congested vs. not
congested) along a small network of arterial roads. However,
this approach is limited to classifying the traffic conditions
into broad categories such as congested and not-congested.

Other model-based approaches try to estimate network-
wide traffic conditions from origin destination data [22].
The estimation step is usually performed by re-calibrating
a Kalman filter, thus limiting the scalability of such models.
Mitrovic et. al. [2] proposed using CX decomposition and
to recompute the relationship matrix using historical data
at each time step. This method has been shown to be very
accurate and is used as a benchmark for the method we
propose in this work.

An autoencoder is an unsupervised feed-forward neural
network that can learn lower dimensional representations
h from interconnected variables, such as traffic conditions
on neighbouring roads [25]. In this work, we consider a
variation of these models termed as denoising autoencoders
which can be applied to recover original input from its
corrupted version. Deep architectures composed of these
autoencoders (known as stacked denoising autoencoders)[26]
have been successfully used in various applications such as
image denoising [27], speech denoising [28], road traffic
prediction [29] and in missing data imputation [30].

III. METHODS

Let us denote the incomplete traffic states obtained by the
sensors (GPS probes) at time ¢ as XZ € RN, where N is the
number of links in the network, and the set of roads with ob-
served and missing data at time ¢ as ©! and ®?, respectively.
Our goal is to estimate the missing values {xfi’i}ieq;.t and
obtain traffic conditions &¢ for all links in the network. Thus
we seek the traffic relations {i};;}icor = f({zl;}jcor)-
The benchmarking method (CX decomposition) will re-learn
this relationship function at every time instance ¢, whereas
the de-noising autoencoder formulations will try to extract
the relationship from historical data.

A. Benchmark method

CX decomposition can be used to obtain the relation-
ship between different roads for different combinations
of (©',®") in an online manner. The method works
by re-computing the relationship function {.%g7i}ie¢t =
f'{z} ;}jeot) at each time step as new data becomes
available. We represent the relationship function as:

X = C'F?, (1)

where the matrix X € R™*¥ contains the historical traffic
data, the matrix C! € R7*I9°l contains the historical data
from links {i};co: for which real-time data is available at
time ¢ and F? represents the relationship matrix. The decom-
position in (1), called column based (CX) decomposition,
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Fig. 1: Proposed method architecture.

[9], provides a mechanism to estimate relationship function
efficiently for streaming missing data as follows:

Ft = [(Ct)TCt]_l[Ct]TX, (2)
%t = c'F?, (3)

where ¢t € RI€’| contains available traffic data at time # and
[(CHTC!L[C!T is the Moore Penrose pseudo-inverse of
the matrix C?.

B. Our proposed method

Figure 1 shows the components of our proposed method.
The historical data is sent through an offline matrix comple-
tion process at the initial deployment of the system. Then,
the real-time feed is estimated through the online model
trained on the completed matrix. The real-time completed
data is stored and used at subsequent time instants as the
complete historical feed. In this section we describe the three
offline matrix completion approaches used as well as several
variants of the online autoencoder model.

Matrix completion methods for network data implicitly
assume that the underlying network can be accurately mod-
eled as a low-rank system. It can be shown that all the
missing entries m in an incomplete matrix Q € R™*"
with rank r, where r < n can be exactly recovered if
O(nrlog(n)) entries are observed i.e. missing entries m <
n? — O(nrlog(n)) [31]. The following methods were used:

1) Offline estimation of historical data:

a) Iterative SVD: lterative SVD (or SVDImpute) was
proposed in [16] to find missing values in DNA microarrays.
The method works by first filling in all missing values in
the incomplete speed matrix X by some initial value and
then solving for the singular value decomposition (SVD) via
expectation maximization (EM).

b) Matrix Factorization: Matrix factorization involves
determining a decomposition of the traffic data matrix as
X = UV, where U € R"*", V € R™™™ and r represents
the rank of the suitable low-dimensional representation. Here
U and V can be solved by gradient descent with a loss
function given by the distance between the observed and
reconstructed entries and L, Lo regularization penalties on
their respective norms.
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c) Softlmpute: Softlmpute seeks to obtain a suitable
reconstruction X with minimum rank r*, of the incomplete
traffic data X subject to a non-negative regularization (z;; —
#;;)? < € where € is a non-negative hyperparameter that sets
a tolerance for the training error:

min Rank(X)

i N @
s.t.(xij - Iij) <€€2> O,V(l,]) €.

The optimization problem defined in (4) is NP-hard. A
convex relaxation is the minimization of the nuclear norm

of X represented as X , expressed as follows:
*

]x

min
* (5
s.t.(xij — i’i]‘)z <€ € > O,V(Z,]> €.

The stopping criterion (A) is a threshold on the relative
change in the Frobenius norm of X.
2) Online estimation for streaming data:

a) Denoising autoencoders: We consider network-wide
estimation as a de-noising problem where missing field data
is treated as observations corrupted by noise. We would like
to obtain a generalized relationship function {2} ;}icat =
f({#} ;}jeot), which can work for most of the combi-
nations of (O ®'). The key computational advantage of
using denoising autoencoders (DAE) is that a set of models
(weights and biases) can be learnt offline by simulating
different proportions of incomplete input x;, = x' ® 5t
through applying a corruption mask 6" € {0, 1} to train the
system and then comparing with ground truth data x* € R,
The online estimation can thus be done quite fast as it only
requires one forward pass through the trained network.

Consider first a simple single layer autoencoder. Suppose
that x € R” represents the traffic speeds along N links. The
autoencoder maps the traffic data x to a low-dimensional
representation as:

h =o(Wixq + by), 6)
x = 0(Wzh + by), (7)

where o is a non-linear activation function (typically the
logistic function) and by € R*, by € RV are the bias
vectors. The weights W1, W5 and bias terms can be learnt
by minimizing the following loss function:

argmin
W1, W3,b;,by

% ; |o(Wa[o(Wixh + b1)] + b2) — x'||2,

®
where |7] is the size of training set. The weights are coupled
by setting Wq = Wf [32].

To extract features in a more efficient manner, the model
described above can be extended by adding hidden layers
{h;}!,. However, such models tend to plagued by issues
such as vanishing gradient and poor local solutions. To avoid
these problems, we follow the procedure of training each
layer separately [33]. For instance, hidden layer h; will be
trained after the unit below it has finished training, taking
the hidden layer of h;_; as an input. The hidden layers h;
concatenate to form h, (12), which is later fed as an input
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Fig. 2: Stacked Denoising Autoencoder

to an artificial neural network (ANN). Hence the stacked
de-noising operation can be represented as follows (the bias
terms have been omitted for brevity):

Xg=x00 9
hy = c(Woxy) (10)
hy =0c(W,hy;_1) where 1 <k <n (11)
h, = hol[hy ... by (12)

The ANN is trained to minimise reconstruction loss as
described in (8). The hidden layers in the ANN are labelled
as 1;. The architecture used for the stacked denoising autoen-
coder (SDAE) (see Fig. 2) is different from the architecture
in [26] which unrolled the encoder part of the network to
form the decoder. The neural network estimation operation
works as follows (omitting the bias terms):

lp = o(W5Nh,) (13)
1, = o(W)""1,_1) where 1 < p < m (14)
x = o(WANNY,, ). (15)

This formulation offers the advantage of constructing grad-
uvally higher levels of representation, thereby extracting fea-
tures that are not locally constrained.

b) Temporal Denoising Autoencoder: In the previous
model (SDAE), we considered current available traffic data
X!, to estimate missing traffic information across the net-
work at time ¢, thereby modeling the spatial relationships
between different roads. Here we extend the model to include
temporal lags. This temporal denoising autoencoder (TDAE)
captures relationships between the current x(*) (h(*)) and past
network conditions x(*=*) (h(*~*)) to form h!. The final
reconstruction is done in the last layer from hy. This model
is expressed as follows:

xf[k =x'"%0 6% where k > 0 (16)
h'~* = o(Wx/F) (17)
he = hf|h!~ Y. .. ||hi* (18)
he = 0(Wp,h,) (19)

% = o(Wpshy). (20)

In our experiments k& < 2 is considered. First a DAE is
trained on the Xy.i,. The learned weights parameter W is
taken from the pre-trained DAE (17) and W, ¢ is initially set
to be W7, which is the decoder part of the original DAE.
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Fig. 3: Temporal Stacked Denoising Autoencoder.

¢) Temporal Stacked Denoising Autoencoder: A natural
extension of the previous models is to define a Temporal
Stacked Denoising Autoencoder (TSDAE); in this model,
three SDAE architecures are used for each of the time
instances ¢, t — 1 and ¢t — 2. The combined hidden repre-
sentations from each time instance hf, h{~! and h’~? are
concatenated to give h.. Similar to the SDAE, an ANN is
then trained to reconstruct x from h.. An example structure
with one temporal lag is shown in Figure 3.

IV. COMPUTATIONAL COMPLEXITY

In this section we compare the computational complexity
of the benchmark algorithm with our proposed method.

The basic DAE unit consists of a forward pass which
involves two matrix/vector multiplication: W and x, where
x € R" and W € R"*"_ Here, n is the number of links, and
h is the number of hidden units. Hence the time complexity
is O(nh) for a basic DAE unit. The TDAE involves the
concatenation operation which we assume to be linear in
the sizes of the vectors being concatenated. Assume that
the TDAE (and the TSDAE) use ¢ time steps. Hence the
time complexity for TDAE is O(tnh + th). In our exper-
iments, we use t = 2. The SDAE requires a forward pass
through multiple levels which is O(nho + 37— hihiy1),
a final concatenation operation which is linear in the sum
of the hidden layers O(>-Y_, h;), and another forward pass
of the concatenated vector Wthh takes O((3_7_, hi)lo +
> 71[ ilit1 + lgn) (where [; is the size of the ]th layer
in the ANN). Assume that there are p hidden layers in the
SDAE, and ¢ hidden layers in the ANN. Therefore, the
overall complex1ty of the SDAE is O(nho+ 37—} hihis1+

Lhit( hi)lo+ Y2921 Ll +1gn). Slmllarly, the
TSDAE has a complex1ty of O(tnho + P P hihi +

Zz: h; + t(z hi)lo + Zq_ Liljtqa +1 n)

Note that the complex1ty of our method scales linearly
with the size of sub-network, while CX-Decomposition
requires the computation of pseudo-inverse at every time
instance to learn the relationship matrix between observed
traffic conditions at ¢ < n links and the rest of the network
(see (3)). This requires O(n3) and O(nc) (or O(n?/p),
where p is the compression factor) computations, respec-
tively.
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Fig. 4: RMSE values for offline imputation using matrix
completion models.

TABLE I: RMSE of real-time estimation when models were
trained on complete historical data (No imputation was per-
formed). CL refers to the ratio of missing traffic information
in real-time data only.

CL 0.3 0.5 0.7
Cityl | City2 | City1 | City2 | City 1 | City 2
CX 11.11 7.22 11.05 7.01 11.08 6.79
SDAE 11.29 5.99 11.30 6.01 11.44 6.04
TDAE 11.30 5.76 11.39 5.80 11.57 5.93
TSDAE | 11.20 5.72 11.22 5.78 11.31 5.90

V. NUMERICAL EXPERIMENTS

For analysis, we considered data from two metropolitan
cities. City 1 data consists of three weeks of traffic speed
information from the downtown area of the city in 2015.
The test network consisted of expressway sections as well
as major arterial roads carrying traffic towards and from city
centre and included p = 1152 road segments. We used 2
weeks of speed data for training and 1 week for testing.
While more training data could be used, 2 weeks was found
to be sufficient to achieve good accuracy. The aggregation
interval for this data set is 5 minutes.

The second dataset consists of occupancy data from major
arterial roads in the city center of City 2. The occupancy data
has an aggregation interval of 6 minutes, and the test network
was composed of 600 links. We used again 2 weeks of data
from 2015 for training and 1 week of data for testing.

Initially we examine the accuracy of the proposed model
when the training corruption level (missing data) is the
same as that of the test set. The performance is compared
in terms of root mean squared error (RMSE) given by
vy Yooy el = 28)%/ 300, S, ]2, where ¢ = 1
if the traffic information is missing for *" link at time ¢ and
¢! = 0 otherwise. The missing data ratio/corruption level
(CL) is defined as Pr(ct = 1).

For each city, imputation of historical data was performed
by applying the method which achieved the highest accu-
racy. The autoencoder architectures were implemented in
theano[34]. Figure 4 illustrates the error of the offline
matrix completion methods. In general, the three offline
methods provide similar performance. Traffic on arterial
roads with traffic signals and traffic occupancy data tends
to be more volatile than speed data and expressway traffic.
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TABLE II: RMSE of real-time estimation when models were
trained on imputed historical data. CL refers here to the ratio
of missing traffic information in both the real-time and the
historical data.

CL 0.3 0.5 0.7
Ciyl [ City2 | City I | City 2 | City 1 | City 2
CX 11.25 7.30 11.35 741 11.59 7.82
SDAE 11.24 5.96 11.35 5.99 11.53 6.06
TDAE 11.26 5.81 11.42 5.88 11.61 6.02
TSDAE 11.17 5.77 11.27 5.84 11.38 5.96
12 10
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Fig. 5: Estimation RMSE by day of the week with missing
data 50%.

As such, Softlmpute which uses nuclear norm regularization
performs somewhat better on the City 2 dataset.

For each city, we conducted two sets of experiments: In the
first case, we trained the estimation models (CX, de-noising
autoencoders) with complete historical data (see Table I).
In the second case, historical data is also missing so we
imputed the data using the best offline method for each and
then trained the real-time models on the imputed data (see
Table II). Figure 5 shows the estimation error of the real-
time methods for different days of the week. In the City
1 dataset all methods provide roughly equivalent accuracy,
whereas on the occupancy data from the urban network of
City 2 the proposed methods achieve lower error.

Next, we allow the corruption level of the online data to
vary with respect to the offline calibrated models, as would
be the case in an online implementation of the proposed
method. We calibrate a set of 6 models trained on corruption
levels 0.2, 0.3, 0.4, 0.5, 0.6 and 0.7. For testing, we test
datasets in the range [0.2,0.4] on all three models calibrated
in that range, and similarly for the range [0.5,0.7]. Recall that
the benchmark CX method is recalibrated online and is hence
optimal with respect to the online corruption level. Figure 6
provides the RMSE, in this case using the TSDAE formula-
tion, when there is missing data rate mismatch between the
training and test set. A perfect match between training and
test missing data rate gives the boxes on the diagonal of the
matrix, having the lowest RMSE.

To assess the computational advantage of the proposed
method, a set of 10 synthetic networks was generated by
replicating up to 104 copies of the network and data of City
1 from the original 1152-link network for network sizes of up
to 120,000 links. The experiments were run on a Macbook
Pro 2014 (2.6 GHz Intel Core i5, 8GB RAM). Figure 7
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Fig. 6: RMSE values over multiple missing data ratios
training vs. testing.
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Fig. 7: Computation time of real-time traffic estimation (ms)
for synthetic graphs of increasing size.

shows how computation time scales for each method with
the size of the network. The main observation is that while
all methods scale similarly, the proposed methods based
on the de-noising autoencoders achieve around 2 orders of
magnitude improvement over the benchmark CX decompo-
sition method. Hence the accuracy of the proposed method
is comparable to that of the state-of-the-art benchmark CX
decomposition while affording a significant computation
advantage.

VI. CONCLUSION

We proposed a two-step offline-online procedure based
on de-noising autoencoders to estimate network-wide traffic
conditions from limited real-time data and incomplete his-
torical data. The first step is required only at initialization
of the method, whereby a matrix completion is performed
to fill in missing historical data. A set of trained models
generated with varying levels of missing data in the offline
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phase is subsequently used online, where the appropriate
model is selected based on the missing data rate in the real-
time sample.

We compare the proposed approach against the state-
of-the-art online-calibrated CX decomposition method. Our
results show that the proposed approach achieves comparable
accuracy to CX decomposition while offering a two-order-
of-magnitude improvement in computational time, due to the
fact that the calibration is performed offline.

A main source of difficulty in traffic state estimation and
prediction is handling non-stationary or incident conditions
on the road. Hence a valuable extension of this work would
involve incorporating information about unplanned events
such as accidents or extreme weather conditions.
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