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ABSTRACT
We develop an effective approach for non-linear and non-
periodic traffic speed prediction on urban road networks,
featuring convolutional neural networks enhanced by feature
selections based on traffic flow dynamics. The prediction
models we construct use convolutional neural network for
the recognition of the spatio-temporal patterns of potentially
congested (thus highly fluctuating) urban traffic. More im-
portantly, a specially designed cone-shaped binary mask in
the space-time domain is used to select relevant input fea-
tures, both for trainings and for predictions. The design of
the mask is based on the domain knowledge of the state-
of-the-art traffic theories, which characterise the universal
features on how perturbations to the road traffic propagate
in space-time, based on the non-linear vehicle-to-vehicle inter-
actions resulting from individual human driver responses to
the environment. We test our models with empirical sensory
data collected from highways in the city state of Singapore,
with the aim of predicting traffic speed during peak hours. In
addition to an average improvement of prediction accuracy
from 0.9% to 3.3% for highly fluctuating road segments given
different prediction horizons from 5 minutes to 20 minutes,
we can achieve up to 23.8% improvement in accuracy for
individual road segment, compared with the best results for
applying state-of-art models. Results demonstrate that the
proposed convolutional neural networks with masks can cap-
ture the non-linear spatio-temporal traffic dynamics and also
provide accurate short-term traffic speed prediction at time
with sudden changes of traffic conditions.
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1 INTRODUCTION
One of the most important information for human and for all
living creatures is the knowledge of where we are, where to go
and how to navigate. Historically, any predators need to know
where to find food, where the water resource is and how to
get there. The modern way of “hunting” in cities — working
as agents of social entities looking for food and shelters —
requires navigations to and from multiple points of interest
on a daily basis. The dynamics of urban mobility adds up
another layer of complexity to the problem, where the goal
of navigation is no longer in finding out a shortest path but a
fastest/most efficient path according to time, location and the
mode of transportation. To tackle this challenge, the first step
towards an effective navigation on road transportation is the
knowledge of traffic status at current state and in near future.
The knowledge of accurate and reliable traffic information
also provide fundamental building block for the management
and optimisation of urban transportation systems from a
larger perspective.

While the real-time traffic information can be monitored
by multiple sensors including loop detectors, surveillance
cameras, Global Positioning Systems, crowd sourcing, radars
and others, the short-term traffic prediction is still a central
topic of concurrent intelligent transportation research and
applications. The traffic dynamics emerges from complex
interplay among moving vehicles and commuters on road

https://doi.org/10.1145/3282834.3282836
https://doi.org/10.1145/3282834.3282836
https://doi.org/10.1145/3282834.3282836


networks. The complexity lies in the non-linear interactions
among three dynamic processes — travel decision behaviours,
routing of vehicles and traffic congestions occurrence in the
road network [18]. The innate non-linear and non-stationary
characteristics of traffic dynamics has made the prediction of
traffic speed a highly non-trivial problem.

The current methods for short-term traffic speed predic-
tion could be divided into three classes: naive, parametric
and non-parametric models [38]. The term “short-term” gen-
erally refers to a prediction horizon up to 1 hour, which is
an adequate amount of time for individual navigation and
global traffic planning in urban environment. Among the
state-of-arts, Neural Network as non-linear models is one
of the most frequently adopted methods to be used to cap-
ture the non-linearity of traffic dynamics. Detailed reviews
and comparisons of models can be found in [39, 41]. Among
the numerous models proposed and developed, there are
still three important challenges left unanswered: 1) the in-
creased average accuracy reported does not necessary reflect
the models’ ability to accurately and reliably predict the
strong non-linearity of congestion and phase transitions; 2)
the spatio-temporal dependencies of traffic variables in the
framework of data-driven prediction schemes are not estab-
lished; 3) the explanatory capacity of most computational
intelligence models (in terms of higher average prediction ac-
curacy) applied in traffic speed prediction is poor. In general,
to enhance the state-of-art models’ capacity in finding hidden
correlations (potentially non-local in space and time domain)
and making predictions in systems with strong non-linear
dynamics require more specialized approaches. Our study
focuses on trying to tackle these identified challenges.

In this study, we propose a short-term traffic speed pre-
diction architecture featuring convolutional neural networks
(CNN) using the spatio-temporal dependencies of traffic dy-
namics for feature selection. We evaluate our models by
sensory data collected on highways in Singapore and predict
traffic speed at special time period during which the traffic
conditions fluctuates in seemingly unpredictable ways due to
strong non-linearity in its traffic dynamics. Results show that
by fusing the knowledge from traffic dynamics models and ad-
vanced computational intelligence models (such as CNN), we
enhance both the prediction accuracy of sharp non-linearity
spatio-temporal patterns and explanatory capacity of our
proposed model.

The rest of the paper is organized in this way. We first
review related works and the state-of-art research in Section 2.
The problem statement and the methodology are presented in
Section 3. Then we design our models according to real-world
scenarios and datasets at Section 4 and present evaluation
results. The results are discussed in Section 5 and Section 6
concludes this paper.

2 RELATED WORKS
The foundation of traffic speed prediction is the empirical
spatio-temporal analysis of traffic congestion patterns over
the last 80 years by several generations of researchers [9]. To

deploy the analysis techniques to applications, autoregressive
integrated moving-average(ARIMA) model was first used to
provide short-term forecasts of traffic from historical data
as early as 1970s [2]. Since then, a bunch of models includ-
ing naive models (instantaneous [31], historical average [8],
clustering [43]), parametric models (traffic dynamics models
[18], time series analysis [10], Kalman filters [32]) and non-
parametric models (k-Nearest Neighbour [5], locally weighted
regression [31], fuzzy logic [44], Bayesian networks [36] and
Neural Networks [7, 23, 40]) have been built to provide better
traffic speed prediction [39]. The comparison studies of traffic
speed prediction models have also be reported in [6, 24, 35].
While traditional models, such as time series prediction, are
having difficulties in modelling non-linear congestions and
phase transitions, we are particularly interested in related
research in traffic dynamics models and neural networks
especially deep neural networks in this study.

The traffic dynamics models were inspired by pioneer stud-
ies on Origin-Destination matrix prediction from network
equilibrium by Beckmann, MacGuire and Winsten at 1955
[3]. Since 1990s when Boris Kerner’s three-phase traffic the-
ory was proposed and validated [17], traffic flow prediction
models named Automatic Jam Recognition (ASDA) and Fore-
casting of Traffic Objects (FOTO) were developed to detect,
reconstruct and predict the future traffic phases [34]. Besides
the statistical models, macroscopic and microscopic traffic
simulation models have also been designed and developed
based on observed traffic variables, such as DynaMIT [4] and
SimMobility [29].

On a different track, Artificial Neural Network (ANN) as
one of the most popular methods adopted has been exten-
sively studied, implemented and extended to traffic speed
prediction problems. Representative researches include [7,
23, 40]. Hybrid models which combines parametric and non-
parametric models have also been proposed and analysed
such as [1, 37, 46]. To optimise the hybrid models built for
a better performance, various optimisation techniques have
been implemented including adaptive absolute shrinkage and
selection operator (LASSO) [15], simulated annealing [11],
genetic algorithms [12] and Bayesian [42]. Deep Neural Net-
works have also been applied to traffic predictions though
there are difficulties in implmentations on road networks of
large scales[33, 45]

3 SHORT-TERM TRAFFIC SPEED
ANALYSIS AND PREDICTION

3.1 Problem Statement and Research Questions
We limit the definition of traffic dynamics considered in this
study to the interactions among large amount of vehicles
on road transport system, with a particular emphasis on
the temporal-spatial patterns and distributions. Within this
definition, the traffic speed studied is defined as macroscopic
speed characteristics of traffic flow, related to the speed of
a collective number of vehicles passing through particular
places of interest or short road segments over a specific time
period. The traffic speed analysed and predicted in this study,



which is denoted as the traffic speed 𝑣 of road segment 𝑠 at
time 𝑡𝑛, refers to the average vehicular speed value of the
midpoint of road segment 𝑠 during a particular time range
𝑡𝑛 − 𝑡𝑛−1.

Let 𝑣𝑠
(︀
𝑡
)︀

be the traffic speed of a road segment 𝑠 at time
𝑡, the primary problem discussed in this study is how to
predict 𝑣𝑠𝑖

(︀
𝑡 + 𝛿𝑡

)︀
of a series of road segments 𝑠1, 𝑠2, ..., 𝑠𝑛

given the historical speed 𝑣𝑠
(︀
𝑡
)︀

of all road segments 𝑆 from
𝑣

(︀
0
)︀

up to 𝑣
(︀
𝑡
)︀
, where 𝛿𝑡 is a short-term range generally

less than one hour.
Given the prediction horizon 𝛿𝑡, the problem can be further

decomposed into the following sub-problems:
1) How much spatio-temporal information from the his-

torical speed is needed to characterise and forecasting traffic
state of a segment 𝑠 at particular time of day 𝑡 + 𝛿𝑡? To
be more specific, what is the spatio-temporal span of the
historical speed data needed for forecasting the road segment
𝑠 at time 𝑡 + 𝛿𝑡?

2) How do we build models that could effectively and accu-
rately predict 𝑣𝑡+𝛿𝑡 of a series of road segments 𝑠1, 𝑠2, ..., 𝑠𝑛?
And how do we measure the effectiveness of the models built?

To answer the above research questions, we propose a data-
driven prediction scheme that integrates domain knowledge
extracted from traffic dynamics models into deep learning
models.

3.2 Traffic Dynamics Modelling
Traffic dynamics from empirical data is first analysed and
modelled according to traffic theory. In this study, we focus
on traffic phases, the identification of periodic/non-periodic
patterns and the speed of congestion propagation to enhance
our designs of deep learning models for traffic speed pre-
diction. In physics, the traffic flow could be modelled as a
many-body system with non-linear interactions among ve-
hicles. In particular, the complexity of traffic dynamics has
been associated with phase transitions between distinct dy-
namic states including free traffic flow (modelled as Laminar
Flow), synchronized traffic flow (characterised as a complex
spread of measurements across time on flow-density plane)
and jams (that the vehicles hardly move) [20–22]. By decom-
posing traffic states into regimes with qualitatively distinct
characteristics, Boris Kerner has proposed his three-phases
traffic theory which includes free flow, synchrnoised flow and
wide moving jams [18]. Wide moving jams may evolve from
the congested traffic due to the intrinsic instability of the
traffic flow at high vehicle density, in which vehicles come
to a complete stop for an extended period of time. Demon-
strations from our empirical analysis on highway speed data
for a moving traffic jam and synchronised flow are shown in
Fig. 1 and 2. The traffic system can exhibits sharp transition
between these three phases.
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Figure 1: A Moving Traffic Jam on Highway from Empirical
Data. A moving traffic jam can be observed from time point
200 (16:40pm) to 220 (18:20pm) at road segments 70 to 120,
where the red colour indicates low average traffic speed. The
detailed data description can be found in Section 4.1.

Figure 2: A Synchronised Flow State on Highway from Empir-
ical Data. Synchronised flow can be observed at consecutive
road segments 220 to 280 from all day long.

The spatio-temporal dynamics of the traffic speed can
include both long-term periodic patterns resulting from rou-
tine travels (e.g. peak hour/off peak hour traffic, or week-
days/weekends traffic), as well as short-term fluctuation pat-
terns that are more chaotic, resulting from traffic flow per-
turbation propagations (e.g. congestions and traffic light
effects) and intrinsic system stochasticity. An empirical anal-
ysis on periodic speed patterns from half a year highway
speed data has been shown in Fig. 3 and 4 for weekdays and
weekends respectively. The diagrams show that the general
traffic dynamics can be viewed as a combination of periodic
components and short-term fluctuations. The weekdays and
weekends also demonstrate distinct traffic speed patterns.

An important universal feature of the traffic flow dynam-
ics is the propagation of flow perturbations or fluctuations,
which is particularly useful for traffic speed predictions. A
perturbation to the traffic flow leads to two sections of traf-
fic, each with flows 𝐽1, 𝐽2, and vehicle densities 𝜌1, 𝜌2. The
propagation of the perturbation (which is important for the
prediction of the traffic speed) is given by the speed of the
interface (or the front) between the two sections, governed
by the following equation:

𝑣 =
𝐽1 − 𝐽2
𝜌1 − 𝜌2

(1)
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Figure 3: Periodic Traffic Speed Patterns (weekdays) on High-
way from Empirical Data. The detailed data description can
be found in Section 4.1.
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Figure 4: Periodic Traffic Speed Patterns (weekends) on High-
way from Empirical Data. The detailed data description can
be found in Section 4.1.

The extreme case of the traffic flow perturbation is the evo-
lution of wide moving jams, where all vehicles come to a
complete stop. Existing research showed that an almost sta-
tionary moving jam could last for as long as 50 minutes with
13.1km length at longest for observed highway sections[20].
Even when all vehicles in the jam have zero velocity, both
the upstream and downstream front of the wide moving jam
do move in the opposite direction of the traffic flow. The
velocity of the moving fronts is a quite universal feature of
the traffic flow, as shown in Eq. (1). To ensure the safety
distance between vehicles, the time delay for starting up
𝜏𝑑𝑒𝑙𝑎𝑦 ≈ 1.7s. 𝜌𝑚𝑎𝑥 represents the maximum density which
is ≈ 140vehicles/km [16]. Therefore, it is estimated that the
average propagation rate of congestions (either wide moving
jams or synchronised flow) is < 20km/h. In Singapore, the
observed average propagation rate is around 15km/h [18].

𝑣𝑔 =
−1

𝜌𝑚𝑎𝑥𝜏𝑑𝑒𝑙𝑎𝑦
(2)

This is very useful for the feature selections we will employ
in Section 3.4, in which the maximum propagation speed of
the traffic flow disturbance is given by Eq.(2).

3.3 Deep Learning for Traffic Speed Prediction
Neural networks with non-linear activation functions are
natural to be used to predict traffic dynamics resulting from
non-linear interactions between vehicles. By applying a series
of non-linear transformations to the input space, deep neural
networks can learn a high dimensional function to represent
complex phenomena, denoted as Eq. (3).

𝐴

[︀
0
]︀
= 𝑋

𝑍

[︀
𝑙
]︀
=𝑊

[︀
𝑙
]︀
𝐴

[︀
𝑙−1

]︀
+ 𝑏

[︀
𝑙
]︀

𝐴

[︀
𝑙
]︀
= 𝑔

[︀
𝑙
]︀
𝑍

[︀
𝑙
]︀
= 𝑌

(3)

where 𝑙 represents the number of layers, 𝐴

[︀
𝑙
]︀

is the acti-
vations in layer 𝑙, 𝑔

[︀
𝑙
]︀

is the non-linear activation function.
Let 𝑁

[︀
𝑙
]︀

be the number of units in layer 𝑙, weights 𝑊

[︀
𝑙
]︀

with dimension 𝑁

[︀
𝑙
]︀
, 𝑁

[︀
𝑙−1

]︀
and bias 𝑏

[︀
𝑙
]︀

with dimension
[𝑁

[︀
𝑙
]︀
, 1] needs to be learned. It was proved that deep neural

networks (also known as multilayer feedforward neural net-
works) are capable of approximating any measurable function
to any desired accuracy [13].

In our problem, the input feature 𝑋 is all the available
previous speed 𝑣 of all road segments 𝑆 from 𝑣

(︀
0
)︀

up to
𝑣

(︀
𝑡
)︀
, and the output prediction 𝑌 is 𝑣

(︀
𝑡 + 𝛿𝑡

)︀
of a series of

road segments 𝑠1, 𝑠2, ..., 𝑠𝑛.
Existing solutions have already applied shallow artificial

neural networks to traffic prediction problem [7, 23, 40]. In
our study, we would like to show the advantage of a deeper
neural network in its capacity of capturing the complexity
of traffic dynamics especially phase transitions and sudden
congestions. However, to apply a densely connected deep
neural network directly is neither practical nor effective, as
traffic variables are locally dependent both spatially and
temporally. To minimize the weights to be learned, improve
efficiency and enhance interpretability, Convolutional neural
network (CNN), as a special form of deep neural network,
can better approximate the problem.

As existing researches show, free traffic flow is metastable
state and can lead to traffic congestions through “local clus-
ter effect” — indicating localized perturbation with finite
amplitude which is physically shown as a local cluster of ve-
hicles with a different state as the surrounded homogeneous
flows [19]. The propagation of moving jams is also in good
alignment with local cluster effect. Besides, experimental fea-
tures suggest homogeneous traffic patterns can be found in
the whole possible vehicle density range at spatio-temporal
domain [16]. According to the above features from traffic flow
dynamics, instead of feeding into the network all the input fea-
tures 𝑋, we are more interested in the patterns derived from
features geographically and temporally close to each other,
and the homogeneous patterns derived from spatio-temporal
information. CNN could be mathematically modelled using
a “REctified-COrrelations on a Sphere” (RECOS) model,
where filter weights estimated from gradient descent and
back-propagation (also called anchor vectors) generate strong
correlation with geodesic close input features and represent
frequently occurred patterns (or spectral components) [26].
To make it simple, CNN is comprised of convolutional and
sub-sampling layers which could are used to capture local
and non-local dependencies as shown in Fig. 5.
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Figure 5: Convolutional and Pooling Layers to Capture Local
and Distant Dependencies

In distinguish with existing studies, we design deep learning
models using CNN with masks to integrate the advantages of
spatio-temporal dependencies of traffic dynamics and compu-
tational intelligence. The architecture of the proposed model
is shown in Fig. 6.

As shown in Fig. 6, the historical speed data organised
according to Eq. (5) and (6) is analysed spatio-temporally
to find binary masks for feature selection. The masks can
be used to reduce redundant input features to enhance both
prediction accuracy and efficiency in deep learning process.
Three convolutional layer and pooling layers of CNN is used
to extract and aggregate local and non-local dependencies
from the masked input features. The patterns learned from
convolutional and pooling layers are transformed as models’
output through two fully connected layers to predict traffic
speed of each road segment in the near future. The designs of
the masks and CNN structure are explained in the following
sections 3.4 and 4.2.

3.4 Mask Representation
3.4.1 The Spatio-temporal Boundaries of Masks. Besides

the “local cluster effect”, the propagation rate of traffic con-
gestions also defines the spatio-temporal boundaries of traffic
variable dependencies, where the features outside the bound-
aries (both temporally and spatially) have no physical impacts
on the prediction. In order to propose a more efficient and
effective architecture for prediction, we design masks at the
first layer of our deep learning architecture to include the
most relevant training features.

From traffic dynamics modelling in Section 3.2, the spatio-
temporal boundaries of designed mask can be determined
to exclude input features irrelevant to the prediction. Given
a specific segment located at 𝑠, to predict traffic speed at
𝑡 + 𝛿𝑡, the spatio-temporal boundaries for feature selection is
a rectangle matrix shown in Eq. (4), considering 𝛿𝑡 as integer
time points averaged every 5 minutes as in our empirical
dataset. The average length of a road segment is ≈ 81 meters.

𝑋𝑖
=

⎡⎢⎣ 𝑣𝑠−92𝛿𝑡𝑡 − 12𝛿𝑡 ... 𝑣𝑠−92𝛿𝑡𝑡
𝑣𝑠−92𝛿𝑡+1𝑡 − 12𝛿𝑡 ... 𝑣𝑠−92𝛿𝑡+1𝑡

... ... ...
𝑣𝑠+92𝑡 − 12𝛿𝑡 ... 𝑣𝑠+92𝑡

⎤⎥⎦ (4)

3.4.2 Light Cone Mask Representation. In image process-
ing, a mask is usually a matrix worked as a filter for image

denoising, blurring, sharpening, edge detecting, etc [28]. In
the context of this study, binary mask is proposed to separate
“the region of interest” and “the background” from training
data. By extracting patterns only from relevant inputs and
excluding “the background” (as a common practice in im-
age classification), the proposed model can both enhance
efficiency and accuracy in making the predictions. Histor-
ical studies in traffic speed prediction also suggest similar
observations that by zeroing-out irrelevant features through
L1 regularizations, the models can better capture spatio-
temporal patterns from historical observations [15, 33].

We design binary masks following the speed and directions
of congestion propagation, as shown in Fig. 7. The yellow
areas within trapezoid represent the most relevant spatio-
temporal information for pattern extraction to predict the
speed of target road segment (in red). As the prediction
horizon moves further into future, the size of the trapezoid
increases due to the increase of uncertainty. The size of the
mask (simulate a light cone) is selected by specifying an
appropriate trapezoid’s short parallel side 𝑎, long parallel
side 𝑏 and breadth ℎ within spatio-temporal boundaries. The
designed masks for feature selection are used to enhance the
prediction accuracy and reduce non-significant input features
in the learning process.

4 EMPIRICAL STUDIES AND RESULTS
4.1 Traffic Speed Data Description
To build models for traffic speed prediction, we use empirical
traffic speed data collected over half a year (182 days) by loop-
detectors installed on the highways of Singapore including
Ayer Rajah Expressway (AYE), East Coast Parkway (ECP),
Marina Coastal Expressway (MCE) and etc., as shown in
Fig. 8. The 182 days include 130 weekdays and 52 weekends
and public holidays.

The traffic speed data used in this study are expressed as
speed bands collected by loop-detectors at every 5 mins of
327 road segments covering entire eastbound side. The speed
bands classify the average traffic speed into 4 different class

— 1 for < 20𝑘𝑚ℎ, 2 for 21 − 40𝑘𝑚ℎ, 3 for 41 − 60𝑘𝑚ℎ and 4
for > 60𝑘𝑚ℎ.

In order to better model spatio-temporal traffic speed
patterns for prediction, the experimental data needs to be
organized to preserve both geographical structure of the road
network and temporal sequences. Let 𝑥−𝑎𝑥𝑖𝑠 and 𝑦 −𝑎𝑥𝑖𝑠 of
a matrix represent temporal sequence and spatial connectivity
of road segments respectively, 𝑣𝑠

(︀
𝑡
)︀

as the traffic speed band
of a road segment 𝑠 at time 𝑡 can be uniquely fit into an
element of the given matrix. Given the prediction horizon
𝛿𝑡, the input predictor 𝑋 and output 𝑌 of our proposed
model can be mathematically represented as the following
Eq. (5) and (6). This representation preserves both spatial
and temporal dependencies of traffic speed in a compact way.
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𝑋𝑖
=

⎡⎢⎢⎣
𝑣1

(︀
1
)︀

𝑣1
(︀
2
)︀

... 𝑣1
(︀
𝑡
)︀

𝑣2
(︀
1
)︀

𝑣2
(︀
2
)︀

... 𝑣2
(︀
𝑡
)︀

... ... ... ...

𝑣𝑛
(︀
1
)︀

𝑣𝑛
(︀
2
)︀

... 𝑣𝑛
(︀
𝑡
)︀
⎤⎥⎥⎦ (5)

𝑌 =

⎡⎢⎢⎣
𝑣1

(︀
𝑡 + 𝛿𝑡

)︀
𝑣2

(︀
𝑡 + 𝛿𝑡

)︀
...

𝑣𝑛
(︀
𝑡 + 𝛿𝑡

)︀
⎤⎥⎥⎦ (6)

Figure 8: The Highways in Singapore

where 𝑖 denotes the 𝑖𝑡ℎ sample of the input set. 𝑛 represents
the number of road segments, and 𝑡 is the nearest time of
observation from input. Here in this empirical study, there
are 𝑛 = 327 and 𝑡 = 288 for the entire day.

4.2 Training and Validation
4.2.1 Dataset. We have used 130 weekday traffic speed

data from our dataset to train and evaluate our proposed
models. The speed data is collected every 5 mins so there
are 288 data entries per day and 37440 entries for the work-
ing dataset. The dataset is randomly split into 90 days for
training (70%), 20 days for validation(15%) and 20 days for
testing(15%). The validation set is used to select the size of



the mask and to tune the hyper-parameters. The evaluation
results on the testing set are reported.

4.2.2 Metrics. Our proposed models are evaluated by the
following metrics.

Prediction Horizon: we have tested on multiple prediction
horizons including 5mins, 10mins, 15mins and 20mins using
previous 60mins as predictors.

Accuracy: we use Mean Absolute Percentage Error (MAPE),
Mean Absolute Error (MAE) and Root Mean Squared Error
(RMSE) between the predicted speed and speed from testing
sets as accuracy indices.

Benchmarks: we compare our models with Historical Aver-
age (HA), seasonal ARIMA (SARIMA), Vector Autoregres-
sion (VAR) and ANN.

4.2.3 Implementations. The experiments are conducted
on a server with Intel(R) Core i7-7700HQ CPU @ 2.80GHz*8
and GeForce GTX 1070. The RAM size is 32 GB. The OS
is Ubuntu 16.04 LTS. We implement our methods in python
3.5.2. The version of the main libraries used are Tensorflow-
gpu 1.6.0 and Keras 2.1.5.

4.2.4 Hyperparameter Tuning. The hyper-parameters in
this study are classified into three classes — the hyper-
parameters to optimalise network structure, those for learning
process, and those for preventing over-fitting.

The hyper-paramters for optimalising network structure
including the number of hidden layer 𝐿, the filter size, and
the choice of non-linear activation functions were selected
by referring to the famous LeNet [27], AlexNet [25] and an
existing effort on CNN models for traffic speed prediction
[30]. We select three convolutional layers for our model, filter
size 3, 3, the max pooling of size 2, 2 and RELU function as
activation functions, as shown in Fig. 6.

The size of the masks are selected by grid search on vali-
dation set. For different prediction horizons, the selected size
of the masks are shown in Table 1. As the prediction horizon
increases from 5mins to 10mins (and similar to 20mins), due
to the congestion propagation described in Section 3.2 and
Eq. (1)(2), the length of the short and long parallel side of the
light cone shape of masks will be doubled and the selected
features for prediction will be significantly increased.

Table 1: Size of the Masks Used for Different Prediction Hori-
zon

Mask Size 5 (mins) 10 (mins) 15 (mins) 20 (mins)
Breadth 12 12 12 12

Short Side 12 24 36 48
Long Side 40 80 120 160

The learning rate, momentum, batch size, and optimizer
are selected by randomised search. Early stopping was applied
to prevent over-fitting. The number of epochs is determined
by observing the changes of the loss functions as the number
of epochs increases during the training process. When the

loss increases or remains unchanged for a certain number of
epochs, the training process will be terminated.

Batch normalization as a common practice to enhance
prediction accuracy was applied to normalize inputs for each
convolutional layer [14]. Dropout was applied to the fully
connected layers to prevent over-fitting. In together with
masks, we also apply L1 regularization to add “absolute
value of magnitude” of coefficient as penalty term to the loss
function, so that it pushes the less important features to
zeros to achieve feature selection through large amount of
features. The regularization parameter 𝜆 and dropout rate
were estimated through randomised search.

4.3 Testing and Results
We tested our proposed model and the benchmark methods
on our testing set. The testing errors measured by MAPE,
MAE and RMSE over all road segments with prediction
horizon 5mins, 10mins, 15mins, and 20mins using previous
60mins data as predictors are shown in Table 2.

We are particularly interested in predicting non-linear and
non-periodic congestions and phase transitions, which are
harder to be modelled and predicted using traditional meth-
ods. An empirical analysis from Fig. 3 shows that during most
of the time the traffic patterns exhibits periodic characteris-
tics and are similar from one day to another. But there are
time period where one day might great differs from another
day due to flow density, on- and off-ramps, break-downs,
special events and occasions. We choose morning peak at
8:25am (time point 100) and the standard deviation of speed
at 8:25am away from periodic patterns during weekdays is
shown in Fig. 9.

Time Interval in 5 minutes
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Figure 9: The Mean and Standard Deviation of Traffic Speed
at 8:25am for all Road Segments. The mean (dark blue line)
could be viewed as periodic patterns which are similar from
one day to another, and the standard deviation (light blue
shadow) represent transitional components induced by flow
density and events. We can see from the figure that at 8:25am
the speed is significantly differed from day to day especially
for consecutive road segments around 80 to 150 and 210 to
270 where on- and off-ramps exist.



Table 2: Average Prediction Errors of Proposed Methods Against Baselines

Time 5 (mins) 10 (mins) 15 (mins) 20 (mins)
Metrics MAPE MAE RMSE MAPE MAE RMSE MAPE MAE RMSE MAPE MAE RMSE

HA 9.234% 4.892 0.315 9.234% 4.892 0.315 9.234% 4.892 0.315 9.234% 4.892 0.315
SARIMA 8.107% 3.439 0.334 12.169% 4.990 0.483 17.159% 6.948 0.709 21.284% 8.201 0.959

VAR 6.778% 2.876 0.249 7.069% 3.003 0.261 7.234% 3.072 0.268 7.265% 3.090 0.270
ANN 8.654% 4.710 0.391 9.568% 5.247 0.423 10.228% 5.618 0.441 10.368% 5.719 0.444

CNN(NoMask) 7.113% 3.813 0.287 9.049% 4.929 0.321 9.397% 5.131 0.352 9.013% 4.832 0.339
CNN(Mask) 5.249% 2.994 0.245 5.944% 3.259 0.227 6.249% 3.418 0.237 6.299% 3.484 0.241

Particularly we analysed the prediction on morning peak
8:25am with prediction horizon 5 mins, 10 mins, 15 mins, and
20 mins using previous 60mins speed data. The comparison
between our proposed models (CNN with masks) and the best
practice of benchmark models (VAR) are shown in following
Fig. 10. The prediction error averaged for identified road
segments (which has non-linear and non-periodic congestions
and phase transitions) from 80 to 150 and 210 to 270 is shown
in Table 3, where there is an improvement of prediction
accuracy up to 3.3% compared to the results of VAR model.
The prediction accuracy for each individual road segment can
achieve up to 23.819% of increment compared to the results
of VAR model in predicting non-linear and non-periodic
patterns.

Table 3: Average Prediction Errors of Proposed Method
Against Baseline on Non-Linear and Non-Periodic Speed Pat-
terns

Time 5mins 10mins 15mins 20mins
Metrics MAPE MAPE MAPE MAPE

VAR 13.243% 13.748% 13.972% 13.876%
CNN(Mask) 9.967% 11.958% 12.445% 12.984%

Improve 3.275% 1.790% 1.526% 0.912%

5 DISCUSSIONS
The results in Table 2 show that on average, our proposed
model and VAR model outperform all benchmark metrics
in comparison according to the results on the whole dataset,
including both periodic and non-periodic traffic pattern. How-
ever, Table 3 indicates that our models’ ability to predict
the non-periodic traffic patterns is significantly better than
all other models. These non-periodic patterns include strong
non-linearity of congestion and phase transitions at morning
peak time, which are the pain points of short-term traffic
speed prediction problem. This demonstrates the overall ad-
vantages of our proposed traffic speed prediction scheme with
CNN adapted for spatio-temporal traffic dynamics compared
to traditional methods.

As shown in Fig. 9 and 10, the prediction errors (mea-
sured by MAPE) of the proposed models is significantly
smaller than the compared model (VAR) especially for road
segments around 80 to 150 and 210 to 270 where on- and

off-ramps exist. This observation demonstrates the effective-
ness of our proposed model in predicting non-linear and
non-periodic traffic dynamics by combining the advantages of
both knowledge from traffic dynamics and deep learning. The
feature selection layer as binary masks and the extraction of
local/non-local dependency patterns through the designing of
convolutional/pooling layers increase the prediction accuracy
by around 2% to 3% on average. The integration of knowledge
from traffic dynamics also enhance the interpretability of the
proposed model, especially in comparison with other deep
learning based models [33] and L1 Regularization to force a
sparse input structure [15].

6 CONCLUSIONS
In this study, we propose an innovative short-term traffic
speed prediction model with convolutional neural network
adapted for spatio-temporal dynamics recognised by traffic
dynamics models. Convolutional neural networks are applied
for the recognition of highly fluctuated spatio-temporal traffic
patterns. In particular, we design a cone-shaped binary mask
to select input features from state-of-art traffic theories. The
proposed model outperforms the best results for applying the
state-of-art models especially in predicting non-linear and
non-periodic speed patterns by an average improvement of ac-
curacy from 0.9% to 3.3% given different prediction horizons
from 5 minutes to 20 minutes, and up to 23.8% improvement
for individual cases. To the best of our knowledge, this is
the first practice to apply domain knowledge from traffic
dynamics in designing convolutional neural networks with
masks to achieve better short-term traffic speed prediction.

To address the three main challenges left unanswered from
existing researches presented at Section 1, first we specifically
analyse and predict peak time traffic speed that differs greatly
from day-to-day, instead of presenting an increased grand
averaged prediction accuracy on all road segments at all
conditions. There are situations in traffic prediction when
traditional methods from time series predictions already work
good, but the challenge of short-term traffic speed prediction
actually lies in the strong non-linearity of phase transitions
and non-periodic patterns that is difficult to be characterised.
In this work, we demonstrate the advantages of integrating
convolutional neural networks for spatio-temporal pattern
recognition and cone-shape binary masks designed from traffic
dynamics for input feature selection in predicting fluctuated
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Figure 10: The Comparison of Prediction Errors between Proposed Model and VAR Measured by MAPE at 8:25am.

urban traffic, compared to existing methods. Second, we
integrate the researches in traffic dynamics and data-driven
prediction schemes to enhance the prediction accuracy of our
proposed model and also reduce the input features used for
learning. At last, we also demonstrate in this study by using
domain knowledge to enhance the interpretability of one of
the most widely used deep learning models in applications.

For future work, the explanatory power of the current deep
learning models can be further enhanced by developing rep-
resentations of the inputs/outputs of each layers and analyse
extracted patterns comparing with physical models. Further
studies can also be conducted to work on traffic prediction
on larger road networks with more complex topology. An
adaptive model that integrates simple-and-fast parametric
models and complex non-parametric deep learning models
can be designed for the next stage research and applications.
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