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Abstract

Intelligent Transportation Systems (ITS) have attracted an increasing amount of atten-

tion in recent years. Thanks to the fast development of vehicular computing hardware,

vehicular sensors and citywide infrastructures, many impressive applications have been

proposed under the topic of ITS, such as Vehicular Cloud (VC), intelligent traffic con-

trols, etc. These applications can bring us a safer, more efficient, and also more enjoyable

transportation environment. However, an accurate and efficient traffic flow prediction

system is needed to achieve these applications, which creates an opportunity for appli-

cations under ITS to deal with the possible road situation in advance. To achieve better

traffic flow prediction performance, many prediction methods have been proposed, such

as mathematical modeling methods, parametric methods, and non-parametric methods.

It is always one of the hot topics about how to implement an efficient, robust and accurate

vehicular traffic prediction system.

With the help of Machine Learning-based (ML) methods, especially Deep Learning-

based (DL) methods, the accuracy of the prediction model is increased. However, we

also noticed that there are still many open challenges under ML-based vehicular traffic

prediction model real-world implementation. Firstly, the time consumption for DL model

training is relatively huge compared to parametric models, such as ARIMA, SARIMA,

etc. Second, it is still a hot topic for the road traffic prediction that how to capture the

special relationship between road detectors, which is affected by the geographic corre-

lation, as well as the time change. The last but not the least, it is important for us to

implement the prediction system in the real world; meanwhile, we should find a way to

make use of the advanced technology applied in ITS to improve the prediction system

itself.

In our work, we focus on improving the features of the prediction model, which
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can be helpful for implementing the model in the real word. Firstly, we introduced an

optimization strategy for ML-based models’ training process, in order to reduce the time

cost in this process. Secondly, We provide a new hybrid deep learning model by using

GCN and the deep aggregation structure (i.e., the sequence to sequence structure) of

the GRU. Meanwhile, in order to solve the real-world prediction problem, i.e., the online

prediction task, we provide a new online prediction strategy by using refinement learning.

In order to further improve the model’s accuracy and efficiency when applied to ITS, we

provide a parallel training strategy by using the benefits of the vehicular cloud structure.
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Chapter 1

Introduction

1.1 Motivation

As noted in [1], there will be almost 7 billion people living in urban areas in the year

2050, comprising two-thirds of the world’s population. With the progress of urbanization

and the popularity of automobiles, transportation problems are becoming more and more

challenging: vehicles are congested on the road, traffic accidents are frequent, and the

traffic environment is deteriorating. How to improve the capacity of the road network

has attracted more and more scholars’ attention. The first solution that occurs to most
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of us is to build more highways and expand the number of lanes on the road to solve this

problem. However, according to the study done by Dechenaux et al. [2], the expanding

road capacity will cause more severe traffic conditions.

Many great ideas proposed easing the transportation system’s burden and improving

the traffic environment, where the smart city is one of the most famous ideas for future

urbanism [3, 4, 5, 6, 7, 8, 9, 10, 11, 12, 13, 14, 15, 16, 5, 17] . A smart city integrates the

urban resources by using big data technology, Artificial Intelligence (AI), cloud comput-

ing, the Internet of Things (IoT), communication technologies, etc [18, 19, 20, 21, 22,

23, 24, 25, 26, 27, 28, 29, 30, 31, 32, 33, 34, 35, 36, 37, 38, 39, 40, 41, 42, 43, 44, 45, 46,

47, 48, 49, 50, 51] . The smart city system can help the governor of the city regulate the

resources more efficiently and reduce pollution. Meanwhile, the smart city system can

also provide the citizen a more comfortable and more intelligent living environment. The

Intelligent Transportation System (ITS) is a vital part of the smart city system [52, 53,

54, 55, 56] . ITS is a complex system integrated by a variety of advanced technologies,

e.g., transportation communication systems. Meanwhile, by taking the advantages of

the development of the communication system [57, 58], abundant on-road sensors [59,

60, 61, 62], etc., ITS can provide real-time road infrastructure analysis, more efficient

road traffic control [63], and fast vehicular cloud (VC) service. With the help of ITS,

a safe, mobile, environmentally sustainable, and comfortable road environment can be

provided [64].

To achieve ITS, an accurate and efficient vehicular traffic flow prediction system is

needed [65, 66] . The role of the vehicular traffic flow prediction system to ITS is to

provide punctual continuous and precise road status information based on road conditions

(such as vehicular traffic flow trends and volume). That information can be helpful for

the applications involved in ITS, such as traffic congestion control, traffic light control,

vehicular cloud (VC), etc [67]. Here, we take VC as an example. One difficulty in

implementing and maintaining a VC is to computing the available redundant vehicular
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resources on a given road segment so as to better determine the possible workload of

the cloud. However, the on-road sources are mainly gathered from the high mobility

vehicles on the highway or an urban road, making it so important for the cloud system

to determine how many vehicles there will be on the given road segment in the future.

The traffic prediction system will provide highly reliable future traffic volumes to the

VC according to the historical traffic pattern and the spatial relation over the whole

road network. That will gives the VC opportunity to simulate the future workload and

possible computing capacity [68, 69, 70, 71, 72, 73] .

The difficulty with implementing a vehicular traffic flow prediction system into ITS

can be divided into the following three parts: accuracy, efficiency, and online prediction.

The origin of the accuracy problem for the prediction system is the feature of the ve-

hicular traffic patterns. The vehicular traffic patterns, as time-series, are non-stationary,

and their variations are affected by vehicular traffic lights, changes in weather, and other

factors. Some of these play a decisive long-term role, making the variation show specific

trends and certain regularities. Others play a short-term role, introducing some uncer-

tainty into the variation. The variation of time-series can be divided into the following

types: (1) Trend variation, which means that processes change with time and show a

trend of continuous rise, decline, or steadiness in a certain direction; (2) periodic change

(seasonal change), which let the processes show cyclical fluctuations at a fixed period,

it also refers to the unfixed periodic fluctuation of the processes; (3) random variation,

which means the processes are affected by accidental factors and exhibit irregular vari-

ations [74]. Time-series is generally a combination of the above variations. Because

road traffic is affected by many natural and human factors, it has complex nonlinear

characteristics, which bring great difficulties in accuracy in predicting vehicular traffic

flow.

As for the prediction model’s efficiency, it can be seen as the combination of cost of

implementation and prediction. The implementation cost is mainly caused by the train-
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ing phase of the prediction model and implementing this model into a large road network.

It takes much time to train a prediction model, especially for a Machine Learning-based

(ML) model with a Deep-Learning structure [75, 76] . Meanwhile, when implementing

the model to a large road network, the different pattern features on different road seg-

ments may require models with different parameters on each road segment, which is a

massive cost for training the prediction model for each road segment.

The last difficulty is to achieve online prediction. As one of the core components of

ITS, VC brings edge computing into the transportation system by utilizing the spare

computing and storage capacity on-road with the help of Ad hoc network [77, 78,

79, 80, 81, 82, 83, 84, 85, 86, 87, 88, 89, 90, 91, 92, 93, 94, 95, 96, 97, 98, 99, 100]

. This brings faster computation and communication speed in the VC, but it has a

smaller storage space and relatively weaker computation capacity than traditional center

cloud computing. Meanwhile, it is not cost-effective to update the vehicular traffic flow

information whenever new data arrives. The above features lead to the consequence

that vehicular traffic flow does not update in real-time. A realizable online prediction

strategy should be proposed for the vehicular traffic flow prediction system to overcome

this problem.

1.2 Objectives

According to the difficulty we addressed before, the objectives of our thesis are as follows:

• Evaluate the performance of several famous state-of-the-art non-parametric models

and their Deep Learning structures on both freeway dataset and urban dataset.

We focus on the model’s accuracy and training cost and the efficient optimization

algorithm, reducing the implementation cost of a prediction model with a complex

inner structure.

• Propose a new traffic flow prediction system using Machine Learning-based model
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that has better prediction accuracy than the other state-of-art models. Meanwhile,

the model should have high efficiency. Last but not least, the model should have

good features in dealing with the extraction of spatial-temporal features for a big

road network.

• Design and implement a system scheme that can help apply the prediction system

to a big road network. Meanwhile, it is better to utilize the benefits from the VC.

• Design and implement a strategy for online prediction, dealing with the data delay

and data loss.

1.3 Contributions

The main contributions of this paper are summarized as follows.

• We provide an off-line optimization algorithm called Desensitization, and its im-

proved version–Combined Training Strategy (CTS), reduces the time cost in the

training process. According to the experiment results, we can reduce lots of train-

ing time by using Desensitization while implementing the models to the whole

road network. The training time for implementation is reduced to less than 10%

compared to the training time while using the normal method. While using CTS,

the training time is longer than using Desensitization. However, the training time

using CTS is still half shorter than using the regular training strategy. Meanwhile,

the CTS process assures the pre-trained model’s qualification on basic feature ex-

traction by embedding the Desensitization process. The refinement process of CTS

can further improve the model accuracy. Furthermore, the three verification stage

reduce the model’s overfitting risk. CTS improves the model efficiency without

compromising on accuracy.

• We propose a new performance metric called Gain, which is used to evaluate the
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cost-effectiveness of the model.

• A hybrid prediction model is proposed. A Graph Convolutional Network (GCN)

using max diffusion is used at the beginning of the model. The following Attention-

based Sequence to Sequence model takes the outputs from the GCN as input to

further extract the spatial-temporal features in the original dataset. In the experi-

ment, we showed that the diffusion GCN is more effective and efficient than multi-

layer GCN. Meanwhile, by comparing our model with other models (S2S, SA2S,

DARNN, etc.), we showed that the spatial-temporal feature extraction phase is a

good way to improve the accuracy of the prediction model. Our model also showed

better robustness while used for online prediction tasks.

• An efficient training strategy is proposed, which can improve accuracy and imple-

mentation efficiency for a large-scale road network. According to the experience

results, the strategy can maintain the smellier accuracy rate than the traditional

training strategy by cost 1/5 training time on each grid.

• An online prediction process based on refinement learning has also been proposed.

With the help of the new prediction process, the model can maintain relatively high

accuracy when facing different lengths of time lag. According to the experiment

result, our proposed method can significantly improve prediction performance by

only costing a relatively small extra training time.

1.4 outline of the Thesis

This paper is organized as follows.

• Chapter 2 reviews the background and related works of Machine Learning-based

models.
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• Chapter 3 proposes the optimization algorithm, traffic flow prediction model, and

the strategies we designed.

• Chapter 4 provides the experiment results of the model and strategies we present

in Chapter 3.

• Chapter 5 concludes the advantages of the whole prediction system and discusses

planned future work.
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Chapter 2

Background and Related Work

To achieve better traffic flow prediction performance, many prediction methods have

been proposed, such as mathematical modeling methods, parametric methods, and non-

parametric methods. Among the non-parametric methods, the one of the most famous

methods today is the Machine Learning-based (ML) method. It needs less prior knowl-

edge about the relationship among different traffic patterns, less restriction on prediction

tasks, and can better fit non-linear features in traffic data. There are several sub-classes

under the ML method, such as regression model, kernel-based model, etc. For all these

models, it is of vital importance that we choose an appropriate type of ML model before
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building up a prediction system. To do this, we should have a clear view of different ML

methods; we investigate not only the accuracy of different models, but the applicable

scenario and sometimes the specific type of problem the model was designed for. There-

fore, in this section, we are trying to build up a clear and thorough review of different

ML models, and analyze the advantages and disadvantages of these ML models. In order

to do this, different ML models will be categorized based on the ML theory they use. In

each category, we will first give a short introduction of the ML theory they use, and we

will focus on the specific changes made to the model when applied to different prediction

problems. Meanwhile, we will also compare among different categories, which will help

us to have a macro overview of what types of ML methods are good at what types of

prediction tasks according to their unique model features. Furthermore, we review the

useful add-ons used in traffic prediction, and last but not least, we discuss the open

challenges in the traffic prediction field.

For further introduction convenience, we would like to give a clear mathematical

definition about the traffic flow prediction task, as follows:

A(X,F ,G)→ X̂, (2.1)

where A is the prediction model we choose for the task, X ∈ RCi∗Mi∗Ni is the input data,

F is the context features related to the task, e.g., the weather condition, the social media

information, etc. G is the spatial feature related to the location where the prediction is

made. X̂ ∈ RCr∗Mr∗Nr is the prediction results. To be more clear, Ci, Cr is the number

of the channel of the input and output, Mi,Mr is the number of spatial points in the

input and output, and Ni, Nr is the length of the time-steps in the input and output.

Furthermore, we can split the task into smaller parts according to its input and output

as follows, based on past researches:

• According to the type of X and X̂: Traffic flow prediction, traffic speed prediction,
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etc. For example, in [101], the authors took the traffic flow dataset collected from

the freeway in the Greater Tokyo Area as the input to the prediction model. The

output of the model was also traffic flow. While in [102], the model used traffic

speed information collected in Liuliqiao District, Beijing, to predict the value traffic

speed on each road segment in the next timestamp.

• According to the dimension of X and X̂:

– If Cr > 1: Multi-task prediction task. For example, in [103], the authors

predicted traffic flow and speed at the same time by adding a multi-task layer

at the end of a Deep Belief Network.

– If Nr > 1: Multi-step prediction task. For instance, in [104], the authors

predicted the traffic flow in the next six timestamps at the same time by

using the iteration method and the auto-correlation coefficient method.

• According to the time interval between X and X̂: Short-term prediction task, long-

term prediction. For example, in [105], the prediction intervals were from 30-min

to 120-min, which can be considered a long-term prediction. While in [106], the

prediction interval was set to be 5-min, which is a short-term prediction task.

As we know, ML is a very huge topic, and there are many kinds of classification

methods for ML models based on different perspectives. In this paper, the methods we

reviewed are categorized by different types of ML algorithm theories, as illustrated in

Fig 2.1 according to [107, 108, 109, 110], and are further clarified as follows:

• Regression model: By studying the relationship between the dependent variable

and the independent variable, the regression model tries to use a curve or a line to

fit the dataset.

• Example-based model: The example-based model solved the prediction task by

comparing the similarity between the input sequence and the historical data sam-

10



Figure 2.1: ML-based models

ples, and uses the found samples to make the final prediction. In this paper, we

mainly focus on the k-Nearest Neighbors (KNN) model.

• Kernel-based model: In the kernel-based model, we use kernel function to map the

input data into a high-order vector space, where the prediction tasks are easy to

solve. In this paper, we mainly focus on the Support Vector Machine (SVM).

• NN model: NN model is a type of model built up by simulating the way infor-

mation passes through neurons in the brain. The input data is passed through

different network structures in different types of NN models. In the network, the

input data will be transformed into an activation signal by using the activation

function. In the end, the final prediction is made based on the activation signal.

The basic NN models reviewed in this paper include Feed Forward Neural Network

(FFNN), Recurrent Neural Network (RNN), and Convolutional Neural Network

(CNN). Meanwhile, the basic NN models can be aggregated into DL models with

different structures, which we will also review in this paper.

• Hybrid model: In the hybrid model, the final prediction is made by combining two

or more prediction results from different prediction models.

This Chapter is organized as follows: In Section 2.1, 2.2 and 2.3, we will review

the existing ML models applied in traffic prediction based on the previously mentioned
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taxonomy. In Section 2.4, we will review the open-source datasets that can be used

for the traffic prediction task. In Section 2.5, several useful add-ons will be reviewed

according to their responsibility in the process of building up a traffic prediction model.

Then, we will review the existing open challenges in the traffic prediction task, as well

as in the application of the ML model in Section 2.6.

2.1 Machine Learning-based models - Regression mod-

els, Example-based models and Kernel-based mod-

els

In this section, we will review the Regression models, Example-based models and Kernel-

based models used for traffic prediction tasks. Although we will give you a general

introduction about each ML model type, we mainly focus on the prediction models

proposed in the recent ten years. In addition, we will review different organization

structures when we apply the model to a real prediction task.

2.1.1 Regression model

Regression models are considered as typical parametric methods. If a traffic prediction

method has pre-supposition about the distribution of the traffic pattern, we can consider

the method as a parametric method. Regression models are used for traffic prediction

tasks because they are easily implemented and suited for traffic prediction tasks on a

simple traffic network.

According to [111], in the parametric method, the mathematical model and related

parameters between inputs and outputs have been determined in advance, and the rela-

tionship between each parameter and the input data is relatively certain. The parame-

ters that are not determined in advance will be obtained by analyzing the training data.
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Therefore the choice of parameters and mathematical models largely influences predic-

tion accuracy. The parametric method has been proven by many researchers to give

fairly good predictions due to its reasonable mathematical and theoretical foundations.

The most famous regression model used in traffic prediction is linear regression. To

use a linear regression model, the prediction results are considered to be a linear combi-

nation of existing traffic variables, and the researchers obtain reliable prediction results

by selecting appropriate weight parameters and appropriate traffic variables. Many re-

searchers use linear regression models to design traffic prediction models. The exper-

imental results also show that linear regression models have higher efficiency and can

produce satisfying prediction results.

In [112, 113], Rice et al. showed the good performance of the linear regression model

while giving only a small training dataset. The authors provided a prediction method

that combined linear regression with time-varying coefficients. This method lets the

prediction model better select the parameters in the linear regression model based on

time variation. The authors claimed the model could perform better than the k-nearest-

neighbor (k-NN) method, which has a window size of 20-minutes and the number of

nearest neighbors to be 2. However, the authors did not give us specific prediction

accuracy data. As the authors were saying in their paper, they mainly focused on the

easy implementation and prediction efficiency, but not how can they get better prediction

results.

The linear regression can also deal with the spatial-temporal relationship in a road

network, and use this information for prediction. The authors in [114] tried to figure

out the relationship between future traffic flow on a given link, and the origin link’s and

adjacent link’s traffic flow records. It is intuitive to the authors that the upstream traffic

has a strong effect to the current traffic. Therefore, the authors provided three combined

prediction models, and each of these was combined with different traffic variables such as

upstream traffic, current traffic, and historical average, using predetermined weighting
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parameters. Meanwhile, the authors also proposed a method for dynamically selecting

weight parameters in a linear model based on current traffic information, and tested the

robustness of the model on peak-hour traffic data.

According to the authors’ experiments, although the model performed better in the

15-minute range than Historical Average (HA) and final decision rule, several drawbacks

for the simple linear regression model can be addressed. First, the model has difficulty

dealing with long-term traffic flow prediction task; the accuracy of the model dropped

lower than HA when the prediction interval exceeded 30-min; Second, it is costly to

find a set of adequate parameters to express the relationship between the traffic pattern

we choose, and the found parameter can only fit for the specific road section. Finally,

because the model has a time consumption problem dealing with complex road structures

and more traffic patterns, the computing time for determining parameters will increase

exponentially.

To solve the time consumption problem in finding the adequate parameters, Kwon

et al. combined linear regression with stepwise-variable-selection method and tree-based

method in [115]. The model makes a prediction using flow, occupancy and historical

travel-time information for I-880 freeway. Kwon et al. used cross-validation (CV) to avoid

intersection problem, and they tested the model in different prediction headway from 0-

to 60-minutes. The authors found that the more recent traffic information was very

helpful for short-term traffic forecasting, while historical data was good for longer-range

forecasting. The use of tree-based method can highly improve the efficiency of finding

the parameter by controlling the depth of the tree. However, the model’s accuracy is still

highly reliant on the search range we initialized, which requires in-depth understanding

about the prior knowledge of the given road section.

According to the papers we have reviewed, another drawback of simple linear regres-

sion model is that the model has difficulty capturing the non-linear vibrations in traffic

flow. To better predict the stochastic variation in the traffic pattern, researchers combine
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regression with other methods.

In order to better fit the nonlinear features in the traffic pattern, Fei et al. [116]

integrate a Bayesian inference framework with a dynamic linear model (DLM) for short-

term travel time prediction to better capture the non-stationary characteristics of the

traffic pattern, and adapt the Bayesian DLM into an adaptive control system to better

track travel time variation . The authors observed significant improvement from the

other prediction models in robustness and accuracy.

The authors of [117] demonstrated another approach to improving the model’s ca-

pability to capture the non-linear features in traffic records, by providing a dual Lasso

phase model with Granger causality theory to solve the traffic flow prediction. To make

the prediction, the data would first be preprocessed by using a historical average method

to find the residual trend of the original input sequence. Then, the first Lasso regression

model was used to filter the unrelated records. The second Lasso regression, i.e., the

robust Lasso regression, is used to minimize the influence from the extreme situations.

As pointed out in the paper, the second Lass regression phase was solved in a two-step

style by using the Alternating Direction Method of Multipliers.

To further solve the problem of the model’s robustness and accuracy for short-term

prediction, the authors in [101] combined latent factor model bi-linear Poisson regression

model for a short-term traffic flow prediction task by using the short-term historical

records from the related road segments. The base model was a bi-linear Poisson regression

model. The authors added the idea of a convolutive mixture to the model in order to

solve the time lag problem among different road segments. Meanwhile, the authors made

the model suitable for online updating and prediction tasks by introducing a stochastic

variations Bayes model to the regression model.

The regression models used for traffic prediction in the last ten years are found in

Table 2.1. As we can see from the table, there are not many traffic prediction models

based on the regression model present in recent years. The reason is that though the
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Table 2.1: Regression models used for traffic prediction in the past ten years

Papers Tasks Regression Model Input-Output Area Additions

Flow Multi-Multi Urban area

Online prediction;
Okawa et al. Bi-linear Regression Optimized by Stochastic

model variations Bayes method;
(2017) capture spatial

correlations use convolute
Li et al. Flow LASSO One-One Freeway Based on Granger causality
(2015) λ=50000 theory; Two Lasso phase.

regression model is easy to implement, the simple structure makes the model not good

at describing the continuous traffic records’ temporal features. However, the regression

model is still a choice for traffic prediction tasks for small and simple-structure traffic

networks for less computation. Meanwhile, regression functions such as LASSO can also

guarantee the model’s ability to capture the non-linear features among the traffic record.

As we can see in this subsection, the regression model has had great development in

a relatively long period. The adequate parameter set has great influence to the accuracy

of the model. Scientists in this area have tried different methods, from stepwise-variable-

selection method and tree-based method [114, 115] to the methods based on least squares

method. The improvement of the parameter-finding-method has highly improved the

model’s ability to capture short-term traffic vibration. We also notice that the authors

tried to utilize the spatial connection information between each road segment in their

model. According to the latest research [101], the regression can achieve high accuracy

and robustness on the multiple-road-section prediction task.

However, we also notice that the regression model has its own drawback. To build up

a traffic prediction model by using the regression model requires only a small historical

dataset. It is good for fast implementation tasks and tasks that cannot prove abundant

historical data. However, at some level it limits the accuracy potential of the model, for

the model does not show a microscopic view of the dataset, such as its seasonal changes,

and can easily have an overfitting problem.
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2.1.2 Example-based model

We focus on the KNN models for the example-based model. One of the main reasons

for using the KNN model for traffic prediction is that it has perfect features capturing

the spatial relationship between the road segment in the traffic network. Sometimes,

the model has also been used as the tool to eliminate unrelated traffic data to the

current prediction task. According to [118], the k-nearest-neighbor model is a data-based

non-parametric regression method. Instead of establishing a mathematical prediction

model, it searches for the K nearest neighbors that match the current variable values

and uses that K data to predict the value at the next period. In this method, the

information necessary for prediction is obtained from historical data. The historical

database contains various trends and typical patterns of traffic statuses. Each type

of data in the dataset represents a possible trend of traffic evolution. The algorithm

considers that the relationship between all factors of the traffic system is contained in

the historical dataset, therefore, the quality of the historical database, and specifically

whether it stored all the traffic states that may appear in the future, is of great significance

to the prediction results and accuracy.

Many researchers have implemented the KNN model to make traffic predictions. To

use KNN model for traffic prediction, four main challenges are pointed out in [119]: (1)

how to define an appropriate state vector, (2) how to define an appropriate distance

metric, which is related to how similarity between data points is determined, (3) how

to generate forecast, and (4) how to manage the potential neighbor database (when the

database is too small, it cannot contain enough useful data to make a prediction, but if

it is too large, the computation cost will be greatly increased). In this section, we will

focus on the above problems, and compare each of the existing traffic prediction models

using KNN theory.

The common way to use KNN for traffic prediction is to first select the K candidates

from the dataset by using the Euclidean distance, then output the result by using the
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weighted average algorithm. In [120], the authors used this method for traffic flow pre-

diction in different prediction intervals (15, 30, 45, 60-min). In this paper, the dataset

was made by historical data collection on Friday and Saturday on the given road sec-

tion. In their experiments, the authors provided a thorough study on the effect of the

length of the records in the dataset, and the number of neighbors for different lengths

of prediction intervals and different weekdays. Moreover, the correlation between the

hyper-parameters was also studied in this paper. The authors addressed how the num-

ber of neighbors affects the accuracy of the model following a concave trend. Meanwhile,

the number of k is relatively small while the effect from the length of the records is bigger.

To further improve the K candidates selection process, and to make time correlation

information play a more significant role in the prediction model, the authors in [121]

chose correlation coefficient distance as the distance metric to select the more related

neighbors. The distance of the neighbors was not only impacted by the data records

itself, but also the time interval from the current time, which will be infinite if the time

interval is more than the threshold preset (no more than one day). The candidates for

the prediction were selected by using the local minimal algorithm to avoid the influence

from the dimensionality reduction of k because of the phenomenon overlap while using

the normal selection process. To make the final prediction, the authors introduced a

Linearly Sewing Principal Component method (LSPC), which leads the final prediction

into a minimization problem. The model outperformed other models in the experiments

on different road segments.

In addition to the temporal features in the traffic flow dataset, we should also consider

the spatial correlation effect. In [122], the authors introduced a MapReduce-based KNN

model for traffic flow prediction. One big difference between this model and the above

KNN is that this model considers the spatial influence. The distance metric depends

on the given road segment, as well as its upstream and downstream. The authors also

used Distance Weighted Voting to reduce the influence from the number of K. As for the
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Table 2.2: KNN models used for traffic prediction in the past ten years

Papers Task State vector Distance Metric Prediction Method Additions
Chang et al. Flow Target detector’s Euclidean distance Weighted average Grid search for k and d(2012) historical records

Flow Euclidean distance

k=18, d=4;
Zhang et al. Target detector’s Weighted and Data preprocess use

(2012) historical records non-weighted average Mix-Max Normalization
and reasonable check

Zheng and Su Flow Target detector’s Correlation coefficient LSPC k=10(2014) historical records distance

Xia et al. Flow
Target road & upstream &

downstream Distance consider Weighted average K=4;

(2016) historical records spatial-temporaltraffic and trend adjustments MapReduced KNN model;

Speed

K=10;
Cai et al. Historical speed records. Gaussian weighted Gaussian weighted K first been reduced by
(2016) The grid distance information Euclidean distance average equivalent distance

based on grid distance.

final prediction, the authors used a weighted average method with a trend adjustment

algorithm. The model was tested during a peak hour on the freeway, and the results

were far better than the other models compared in the paper.

With the same purpose of utilizing the spatial-temporal features in the dataset, the

authors in [102] chose another strategy. In [122], the authors mainly focused on the

upstream and downstream of the given segment, and a weights vector was used to de-

termine how much influence the other road brings to the given road segment. However,

the authors in [102] first decreased the number of potential candidates by using equiv-

alent distances influenced by the grid distance between the given road segment and the

other. This spatial correlation ratio was compared to the preset threshold to filter the

less spatial-related road segment. Then, the Gaussian-based Euclidean distance was cal-

culated for finding the candidates for the final prediction. Finally, the prediction was

made by using the Gaussian weighted average algorithm concerning the distance metric.

The advantage of the method in this paper is that it can capture the useful information

not only on the adjacent road segment, but over the whole road network.

Table 2.2 shows the KNN models used for traffic status prediction in the past ten

years. By using the KNN model, the system can extract the interactions between road

segments from the traffic database. According to different types of the state vector, the

interaction can be described by geographical distance or by the distance of the continuous
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traffic records from different segments. Meanwhile, the elements the state vector com-

bined with is also essential for the accuracy of the prediction results. The historical data

from the target road segment and the data from its upstream and downstream are used

to enrich the information in the state vector [122]. However, the extension of the state

vector may increase computation, and the cost of maintaining the historical dataset. As

for the distance metric, if the state vector contains a single type of records, such as the

historical traffic flow records, Euclidean distance is the choice for most researchers [120,

123]. However, while there are different types of records, it is better to choose a weighted

distance function to balance each type of records’ influence. We also noticed that more

information added into the dataset of the KNN model increases the calculation time,

and in [102], authors tried to reduce the search space for the candidates’ selection ac-

cording to the spatial distance. Still, the calculation is much bigger. Also, we have seen

spatial-temporal features beginning to be considered in the distance calculation, but the

final prediction is still made for only one road segment, which will also lead to greater

consumption if the model is applied to a complicated road network.

2.1.3 Kernel-based model

In the kernel-based model, we focus on the Support Vector Machine (SVM). SVM is a

statistical learning theory for classification and regression problems which is proposed

by Vapnik [124]. Based on the principle of structural risk minimization, SVM can avoid

the disadvantage of being easy to fall into local optimum compared with other nonlinear

prediction models, and has a strict statistical theory foundation. SVM is widely used

in the classification problem; when applied to a regression problem, some people would

like to call it Support Vector Regression (SVR). The main idea of SVM when dealing

with regression problems is to establish a hyperplane as the decision surface for a given

training sample so that all sample points are close to the hyperplane, and the total

deviation of the sample points from the hyperplane is minimized.

20



Table 2.3: Common Kernel Function

Kernel Name Kernel Function
Linear k(xj, xk) = x′jxk

Gaussian (RBF) k(x′j, xk) = exp(−||xj − xk||2)
Polynomial k(x′j, xk) = (1 + x′jxk)

q, where q is in the set {2,3,...}

When the traditional SVM model deals with regression problems, the hyperplane is

generally generated by a linear function, while the traffic prediction belongs to the non-

linear regression problem. Therefore, the researchers transformed the traffic prediction

problem into a linear regression problem in high-dimensional space by using the kernel

function.

Here we replace Φ(xi) · Φ(x) with k(xi, x) which is known as kernel function. Kernel

function enables Φ(xi) · Φ(x) works in high-dimensional space using a low-dimensional

space data input, and we do not need to know the transform function Φ. The most

widely-used kernel functions are shown in Table 2.3.

SVR was first found to be used in the traffic prediction filed in [125]. SVR was

used to predict the traffic flow of one given crossroad. The prediction interval was set

at one hour, and the past five time steps were used to predict the next hour, which

can be seen as a long-term application scenario. The training time was 8 a.m. to 4

p.m., and the data used to test was collected from 6 p.m. to 10 p.m. on the same day.

The average errors were 6.03%. In [126], an SVR that used RBF as kernel function

was compared with Multi-Layer Feed-forward Neural Network (MLFNN) to forecast the

traffic speed aggregated in 2-minutes. The input data is the speed data of the past 10

minutes, and the output of the model is the speed data in the next 2-minutes, 4-minutes,

and 6-minutes. From the results provided by the authors, we can see that SVM can

outperform MLFNN when the training dataset is collected from the past two days. With

the expansion of the training set, the Mean Absolute Percentage Error (MAPE) of SVR

slightly increases, while the accuracy of NN increases and exceeds SVR, which shows

that SVR has advantages when the dataset is small. By introducing a new parameter

- v, authors of [127] tried to solve the optimization problem of SVR in a better way.
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The new SVR with additional parameters in [127] called v-SVR was used to forecast the

traffic volume on the freeway. The MAPE and RMSE of the new model were at the

range from 5.5% to 8.8% and 44.7% to 64.5% respectively, which were better than the

results given by MLFNN.

As we said, SVM is a type of kernel-based model. An adequate chosen kernel function

will greatly affect the accuracy of the model. The most famous kernel function is RBF.

The authors in papers [128, 129] both used RBF as their kernel function. Meanwhile,

some scientists have tried to consider seasonal features in the kernel function. In [130],

the authors introduced two seasonal kernel functions, i.e., seasonal RBF function and

seasonal linear function, to the SVM model; these were used to help the SVM model

make use of the seasonal information among the traffic records. Through the kernel

function, the time interval information will also be considered with respect to the preset

seasonal period. From the experimental results, the model performed better than most

of the other prediction models, such as ANN, ARIMA with Kalman filter, SVM with

the non-seasonal kernel. But the model did not perform better than the SARIMA with

Kalman filter, except in the morning peak time. The authors also studied the training

time and the prediction time for a different model, which shows that even though the

accuracy of the SARIMA model is little higher than the seasonal SVM model, it costs

twice as much training time than the seasonal SVM model, which makes the seasonal

SVM model more competitive than SARIMA.

After choosing adequate kernel function, it is important to optimize the parameters

for SVM. The difficulty for parameter optimization to avoid falling into a relatively lower

local optimal, while, keeping the time consumption at a low level. The authors in [129]

chose an algorithm called Continuous Ant Colony Optimization (CACO) to optimize the

parameters in their SVM model. CACO was developed from the idea of ACO [131]; the

difference is that in CACO, the search space is set to be successive. The SVM with a

Gaussian RBF kernel function was used to predict the traffic flow during the two peak
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times, i.e. the morning peak time (6 am to 10 am) and the evening peak time (4 pm to

8 pm). With the help of CACO, the model can easily decide the parameters depending

on different features of input data. The data was collected from urban Taiwan, and the

results showed that SVM with CACO can outperform SARIMA in all situations.

Another optimization algorithm was used in [132]. The authors introduced a method

called Genetic Particle Swarm Optimization (GPSO) by adding crossover and mutation

operation to the original PSO algorithm. Additionally, the author introduced Empirical

mode decomposition (EMD) to decompose the input sequence into several sub-frequencies

at different fluctuation levels. For different sub-frequencies, SVM with different kernel

functions were applied. In their experiment, the authors further proved that genetic and

decomposition thought can be helpful to improve the accuracy of the SVM model.

To further improve the accuracy of the SVM, some scientists have focused on the

data pre-processing progress. In [133], the authors provided a SVM model to deal with

the chaotic and non-stationary features in traffic speed records. The main thought of the

paper is to map the data into a high-level space, which can easily capture non-linear and

chaotic characteristics. To do that, first, the raw data input into the SVM model was de-

noised by decomposition and wavelet transformation. A soft-thresholding approach was

used to address the threshold, and for the transformation, the authors chose the Symlets

family of wavelets. After de-noising, the data was input into the SVM model after

normalization. According to the Phase Space Reconstruction (PSR) theory, the data

was further embedded into a higher dimension by using a G-P approach. The kernel

function to the SVM model was set to be Mexican-hat wavelet function. According to

the experiment results, the proposed model showed better performance than the regular

SVM model in an unusual situation, indicating that the model can better address the

non-recurrence time-series.

In [134], the authors chose another decomposition method, i.e., Discrete Fourier

Transform (DTF) for the RBF kernel SVM to deal with the traffic flow prediction tasks
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Table 2.4: The SVM model proposed in the past ten years

Papers Kernel Parameters I/O Area Additions
Castro-Neto et al. RBF One-One Urban Online prediction(2009)

Hong et al. RBF Optimized by CACO One-One Urban(2011)
Wang and Shi Mexican-hat a=6, α=0.0001, C=1000 One-One Freeway Embed input data

(2013) wavelet function by G-P approach.

RBF + Linear (Season)

S=480

One-One Freeway
Lippi et al. S-RBF: C=5, ε=0.01, γ=1,

(2013) γS=192, ω=3
S-Lin: λ=0.001, ε=0.01,

ω=3, T=150000
Mingheng et al. RBF Optimized by Grid search One-One Urban Online prediction(2013)

Duo et al. RBF, Polynomial, Linear Optimized by GPSO One-One Urban decompose the original
for different C=98.24, ε=0.021, σ=0.68 sequence by EMD(2017) frequency fluctuation

Luo et al. RBF One-One Freeway Make decomposition
(2019) using DTF

on the freeway. The method was used to decompose the input sequence into a common

stable frequency and the residual series, to make a better prediction on the burst situ-

ation in the traffic sequence (in this paper’s experiment, the burst situation means the

morning and evening peak hour). From the results proposed by the authors, the DFT

shows better performance than the EMD methods.

In addition to the model’s accuracy, the scientists also paid attention to the problem

that occurred in the practical application. In [128], the authors provided an online-SVM

model (OL-Model) using RBF kernel to deal with the prediction task in unusual traffic

situations. The parameters were updated each time a new data record was added to

the dataset. The size of the moving window for the OL-SVM was set to be 10, and the

data resolution was set to be 5-min, containing more nonseasonal vibrations. The model

was compared with the Gaussian maximum likelihood (GML) approach on both usual

and unusual traffic situations in the morning peak time. According to the results, the

OL-SVM did not perform as well in the usual situation as the GML approach, but it

outperformed in an unusual situation.

Another practical problem is multi-step prediction. In [135], the authors tried to solve

the multi-step prediction problems. The difference of the model in this paper from the
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original SVM is the structure of the input data. The input data can contain historical

records such as the previous time interval, and can also contain the records from the

upstream. According to the experiment results, while the prediction interval was set to

be 1, the input with upstream records and the previous records perform better, because

in the short time interval, the traffic flow from the upstream can highly influence the

given road section. While the prediction interval went higher from 1 to 3, the accuracy for

all models taking different kinds of inputs went down, but the model that took historical

and upstream data performed better than the other models. When the interval increases,

more information in the historical record becomes useful to the prediction task. In the

end, the authors also pointed out that, considering the computation consumption, the

input with only the previous and historical records of the given road section was the best

choice for implementation.

In Table 2.4, we compared the SVM models used for traffic prediction tasks in the

past ten years. As we can see, most of the SVM models chose RBF as its kernel function,

which has great features for dealing with non-linear fluctuation. We also notice that the

data preprocessing, especially the decomposition process, can greatly increase the SVM

model’s accuracy. In [128, 135], authors chose the SVM model as the kernel of the online

traffic prediction system. The reason is that SVM has a lower computation requirement,

which is suitable for the quickly updated requirement in online traffic prediction tasks.

However, SVM has its problem; limited by its natural structure, it has difficulty dealing

with a big traffic network problem, which is one of the trends these days. Besides, the cost

of finding appropriate hyper-parameters is relatively big compare to KNN or regression

model while using grid search [135]. However, methods such as CACO [129] and GPSO

[132] are used to quickly find the hyper-parameters’ values.
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2.2 Neural Network-based models

The neural network-based (NN) models belong to the category of non-parametric models.

The term Non-parametric models does not refer to a model that requires no parameters

at all, but means that the parameters in the model do not need to be preset; rather,

they are obtained by learning historical data [119]. These kinds of models do not require

prior knowledge, but sufficient historical data, which is an advantage in the current era

of information explosion. By learning historical data, the model establishes an intrinsic

link between prediction aim and historical data.

According to several previous studies [136, 119] the non-parametric method can better

catch the non-linear feature of the traffic pattern compared to traditional linear regression

model, which highly increases the precision of the algorithm. But the non-parametric

method also has its disadvantages [137]. The model has high requirements for the quan-

tity and quality of historical data, and the cost of training a non-parametric model can

be large compared to other kinds of methods.

NN model was first proposed in the 1940s by Warren S. McCulloch and Waiter Pitts

[138]. NN model is an abstract mathematical model that can better identify the complex

linear system. Meanwhile, NN model uses the black-box learning model, which is very

suitable for traffic prediction. It does not require any empirical formulas to obtain the

inherent relationship of the data from the dataset. By learning a large number of input

and output samples, the NN model automatically adjusts and establishes the input and

output map model. The NN model has the features of associative memory, strong fault

tolerance, and robustness, so it is widely used in traffic prediction. Moreover, the NN

model can update the network according to real-time traffic information, which can

ensure real-time prediction. The traffic system is influenced by many factors, which can

be captured by ANN. It uses the historical data of the research road section as well as

the relevant road section and various factors affecting the transportation system, such as
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Figure 2.2: Typical structure of a neuron in neural network

weather, road construction, accident, road conditions, etc.

However, a large amount of data is needed in the training process of the neural

network, and insufficient data may lead to poor prediction results. The trained network

is only suitable for the current road section, and when the road conditions and traffic

conditions change, the network will no longer be applicable, so the promotion ability of

the NN model is poor. Another problem is that the number of neurons in each hidden

layer needs to be determined by experience. Too many neurons of each hidden layer will

result in a huge network structure and long calculation time. However, if the number

of neurons of each hidden layer is too small, it is difficult to ensure the accuracy of the

prediction results.

In this section, three different types of NN model will be discussed: Feed-Forward

NN (FFNN) model, Recurrent NN (RNN) model, and Convolutional NN (CNN) model.

2.2.1 Feed Forward Neural Network (FFNN)

Artificial neurons are the basic units of neural networks; a typical structure of a neuron

is shown in Fig. 2.2. If we assume that a neuron takes d inputs x1, x2, ..., xd, and the

input vector to the neuron can be defined as (x) = [x1, x2, ..., xd]. The output of the

neuron will be:

a = f(wTx + b) (2.2)

where w = [w1, w2, ..., wd] is a d-dimensional weight vector, b is the bias variable to the

neuron, and f(·) is the activation functions, which can enhance the expressive ability

and learning ability of the network. The most commonly used activation function are
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Table 2.5: Common Activation Function

Name Activation Function
Logistic σ(x) = 1

1+exp(−x)

Tanh tanh(x) = exp(x)−exp(−x)
exp(x)+exp(−x)

ReLU ReLU(x) = max(0, x)

Figure 2.3: Taxonomy of the analyzed state-of-the-art literature related to FFNN

listed in Table 2.5.

Each neuron in the FFNN is divided into different groups, according to the order of

receiving information. Each group can be be seen as a neural layer. Each layer takes

the previous layer’s output as input and output to the next layer. The information in

the entire network is transmitted in one direction, and there is no reverse information

transmission, which is different from the recurrent neural network. The calculation inside

of the FFNN can be seen in [108].

In this section, we will introduce several traffic prediction systems using FFNN. Mean-

while, we will also review several deep-learning structures for FFNN, which can highly

improve its accuracy. The a detailed taxonomy of the analyzed state-of-the-art literature

related to FFNN is shown in Fig 2.3.

The simplest and most user-friendly structure for FFNN is one-hidden layer structure.

In [139], the authors used a one-hidden layer FFNN for traffic flow prediction in a single

layer. Multi-Task Learning (MTL) layer was added to the end of the shallow FFNN

for a multi-interval prediction. The prediction targets were the traffic flow at future

time T and the one-time interval before and after. Meanwhile, the prediction for time

T is the main task; the other two tasks were used to improve the accuracy of the main

task by utilizing the correlations between different time intervals. As for the optimization
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method, the authors chose the Levenberg-Marquardt algorithm to make the NN converge

faster and more accurately. In the experiment, the authors compared the MTL FFNN

with the single task FFNN, which showed that MTL FFNN has better performance than

single-task FFNN on different road segments.

One-hidden-layer FFNN’s capability for both long-term and short-term traffic pre-

diction is further studied in [140]. The traffic volume records of the last time step, the

weekday, and the month are input to NN. The authors claimed to have encouraging

results, but there are a few drawbacks on the experiments: the first is that the training

data of the model is only 20% of the whole year, but the model was used to predict the

traffic flow in the rest of the years. From the analysis of the dataset, we can see there

are huge differences in the data from different months, particularly the total amount of

the volume. From the experiment results, we notice that the model has difficulty ac-

commodating the change in the volume; even the month information has already been

put into the input sequence. The second is that from the results, we can see the model

has a problem fitting an atypical situation in which the traffic flow reaches to the top of

the day; this could be because simple structure FFNN cannot capture all the non-linear

features among the dataset.

One way to improve the accuracy of the prediction model is to expand the dimension

of the input, i.e. adding more types of traffic records. In [141], there was a shallow FFNN

used for traffic flow prediction on a road containing different types of vehicles. In this

paper, beside the volume of different types of vehicles, the weekday and time of the day

information, the speed records of different vehicles were also taken into consideration.

From the experiment, the Sigmoid activation function performs better than the tanh

function. Meanwhile, Levenberg optimization works better than the Momentum opti-

mizer. Also, with more hidden neurons, the model will be more accurate. The author

further analyzed the influence of the speed records from the dataset. The results showed

that the accuracy of the model increased with more information.
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Until now, we only reviewed the FFNN in a one-hidden-layer structure, which is very

easy to implement. However, the higher needs in terms of model accuracy requires more

complicated network structure. In the rest part of this section, we will review some

famous Deep-Learning structures for FFNN.

2.2.1.1 Deep-Learning structure for FFNN

The simplest Deep-Learning structure for FFNN is the multi-hidden-layer structure,

which just adds more hidden layers into the network. In [142], the authors used a

multi-layer FFNN for traffic speed prediction by utilizing the spatial-correlated detectors’

records. A l1 trend filter was used in preprocessing to denoise the original input trend,

and a LASSO regression was used for choosing the spatial-correlated road segment. The

model was used for both prediction tasks in normal situations and on special days with

more atypical vibrations during the day. The model can perfectly handle these two

situations while maintaining a stable prediction accuracy. The filters used in the model

also proved useful for dealing with the spatial-temporal correlations.

However, when the network structure became deeper, the efficiency of the model

was reduced. To fix this problem, the authors in [143] trained the Multi-layer FFNN

in an unsupervised way by using the method called Wasserstein Generative Adversarial

Network (WGAN) [144]. The model was trained for prediction in both typical and

atypical situations. The input data was detrended by using the historical average method

before feeding to the NN. As shown in the results, the model can provide an acceptable

prediction result in either typical or atypical situations, but not better than LSTM in

the usual case, or SVR and ARMA in the unusual case. As pointed out by the authors,

the value of the model is that it may not be the best in only one situation, but it can

fit both situations without using only one method. Meanwhile, the training time for the

proposed model is much less than the other DL models, considering the number of its

parameters.
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In addition to multi-hidden-layer structure, there are Stacked AutoEncoder (SAE)

and Deep Belif Network (DBN) which are also deep-learning structures for FFNN.

SAE is one of the deep learning structures of FFNN, used widely in traffic prediction.

It is combined with multiple autoencoder (AE) layers. The basic structure of SAE is

shown in Fig. 2.4. The purpose of each AE layer is to extract high-order features, and

the dimension of the input data is reduced layer by layer. In the end, the high-order

features are used to make a prediction. Using SAE can help us to extract the most useful

features in training data, and reduce the computation cost [145].

According to [145], AE consists of three layers: an input layer, a hidden layer, and

output layer. The process of passing input to the hidden layer can be seen as an encoding

process, in which the features of the input vector are extracted. Then, from the hidden

layer to the output layer, AE tries to decode those features and to reproduce the input

vector. AE is trained in an unsupervised way; the idea is to minimize the difference

between input vector X and output vector Z. This difference shows how well AE extracts

useful features. If we assume the input vector is X = [x1, x2, ..., xN ], and the output of

hidden layer is Y , in AE we have:

Y = f(WeX + be),

Z = f(WdY + bd),

(2.3)

then, we can optimize the AE by minimizing the cost function defined as follows:

L(X,Z) =
1

2

N∑
i=1

||xi − zi||2, (2.4)

The AE model used in [145] is given additional sparsity constraints to restrain part

of the neuron in AE, which can help us to extract useful features when there are more

neurons in the hidden layer than the input layer. To do that, we have to define a sparsity

parameter ρ which is a number close to zero, and we define the average activation value
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Figure 2.4: Structure of stacked autoencoders

r̂hoj over the training set for the j-th neuron in the hidden layer as follows:

ρ̂j =
1

NT

NT∑
i=1

yj(X
(i)), (2.5)

where NT is the number of input data over the training set. Kullback-Leibler (KL)

divergence is added to the cost function, which can be calculated as follows:

KL(ρ||ρ̂j) = ρlog
ρ

ρ̂j
+ (1− ρ)log

1− ρ
1− ρ̂j

, (2.6)

KL divergence has the feature when ρ is equal to ρ̂j, KL(ρ||ρ̂j) = 0. Then we can rewrite

the cost function 2.4 to:

L(X,Z) =
1

2

N∑
i=1

||xi − zi||2 + γ

HD∑
j=1

KL(ρ||ρ̂j), (2.7)

where γ is the weights parameter for KL divergence, and HD is the number of neurons

in the hidden layer.

To train the SAE model, the model is first pre-trained in a bottom-up way. The first

AE layer takes the input vector as input; after the first AE layer is well trained, the

output from the hidden layer in the first AE layer is taken as the input to the next AE

layer. After all the AE layers are trained, we have to initialize a weight matrix and a

bias vector for the fully connected layer, which is also the prediction layer, then fine-tune
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the whole network in a top-down way using the BP method.

A comparison between the SAE model and other prediction models (SVM, FFNN,

RBFNN) was made in [145]. These models were tested by making 15, 30, 45, and 60

minute interval traffic flow predictions, and the results showed that SAE outperformed

other prediction models with Mean Relative Error at around 6.50%. The author also

claimed that the accuracy of SAE changes little, while the prediction interval is length-

ened.

Another Deep-Learning structure for FFNN is DBN. Similar to SAE, DBN can be

seen as a stack of Restricted Boltzmann Machines (RBM). RBM is a famous energy-

based undirected graph model [146, 147]. There are visible units and hidden units in

the invisible layer and hidden layer respectively, and there is no connection between each

variable in the same layer, similar to a fully connected network. If we define the visible

units as v = [v1, ..., vm]T and hidden units as h = [h1, ..., hn]T , the energy function of

RBM can be defined as:

E(v, h) = −
m∑
i=1

aivi −
n∑
j=1

bjhj −
∑
i,j

viwijhj,

= −aTv − bTh− vTWh,

(2.8)

Where W ∈ Rm×n, is the weight matrix for the connection between visible units and

hidden units, a and b is the bias vector for the visible units and hidden units, respectively.

The conditional probability for visible units p(vi = 1|h) and hidden units p(hj = 1|v)

are:
p(vi = 1|h) = σ(ai +

∑
j

wijhj),

p(hj = 1|v) = σ(bj +
∑
i

wijvi),

(2.9)
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The free energy of RBM can be calculated as:

F(v) = −aT −
∑
j

log(1 + e(bj+
∑

i wijv)), (2.10)

and the weights and bias can be updated by calculating:

− ∂ log p(v)

∂wij
= Ev[p(hi|v)]− vi · σ(Wi · v),

− ∂ log p(v)

∂bj
= Ev[p(hj|v)]− σ(Wi · v),

− ∂ log p(v)

∂ai
= Ev[p(hi|h)]− vi,

(2.11)

The units are updated by using Markov chain as follows:

h(n+1) ∼ σ(W T · v(n) + b),

v(n+1) ∼ σ(W · h(n+1) + a),

(2.12)

And the structure of DBN is quite similar to SAE. The next layer takes the hidden

units in the previous RBM as input. The way to train a DBN is the same as SAE.

Huang et al. introduced DBN used for traffic flow prediction in [103]. DBN was

tested with different prediction intervals, which all yielded pretty good results. The

accuracy of the model is more than 87% higher than ARIMA, SVR and FFNN based on

the experiments shown in [103]. In [148], the authors also used a DBN for traffic flow

prediction; the difference is that the authors adopted FireFly Algorithm (FFA) [149] to

optimize the size of the hidden neurons in each hidden layer and the learning rate for

the fine-tuning process. Meanwhile, according to the results, the DBN yielded the best

prediction result and also kept the lowest computation cost.

In [150], a parallel training schema had been applied to DBN to reduce the training

time consumption. The dataset was split into several small parts, and different DBNs

with the same NN structure will update the weights and bias at the same time; then, the
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Table 2.6: FFNN models used for traffic prediction in the past 10 years

Papers Task I/O NN structure Optimization Additions
Jin and Sun Flow One-One One hidden layer FFNN, Levenberg- The multi-task layer is

(2008) with Multi-task layer Marquardt for Multi-interval prediction
Çetiner et al. Flow One-One One hidden layer FFNN(2010)
Kumar et al. Flow One-One One hidden layer FFNN Levenberg- Sensitive analysis

(2013) (6-neurones) Marquardt
Lv et al. Flow One-One SAE(2015)

Polson and Sokolov Speed Multi-One Multi-layer FFNN SGD l1 trend filter
(2017) for data preprocessing

Lin et al.
Flow One-One

Five FFNN layer
Adam

Detrending for data preprocess;
(2018) (activator: Leaky ReLU WGAN for

; 128 hidden units) unsupervised training
Goudarzi et al. Flow One-One Three layer DBN Gradient FFA used for hyper-

(2018) descent parameters optimization
Zhao et al. Flow One-One Two layer DBN Parallel pre-training
(2019) (100 units each) and fine-tune

main DBN will integrate the weights and biases from the other DBN model, and finally

the updated weights and biases will be broadcast to the other DBN model from the main

model. The steps will be repeated until the loss of the model is acceptable. According to

the experiment results, the accuracy of the model is almost the same as the DBN trained

in a normal way, but the training time is only 25% of the normal training process.

The FFNN-based models used for traffic prediction in the last ten years are listed in

Table 2.6. According to the existing research, the FFNN with Deep-Learning structure,

such as SAE and DBN, can provide us a reliable prediction result. Meanwhile, the

efficiency problem was also considered by some scientists [143]. However, as we can see

from Table 2.6, the model is not a very popular choice for multiple road section prediction

tasks. In the meantime, the model does not have a clear process to extract the temporal

features in the traffic dataset.

2.2.2 Recurrent Neural Network (RNN)

In the feed-forward neural network, the information is passed forward, and there is no

connection between neurons in the same layer. The output in the feed-forward neural

network only relies on the current input. But in traffic prediction tasks, the prediction
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Figure 2.5: Taxonomy of the analyzed state-of-the-art literature related to RNN

Figure 2.6: Structure of a basic RNN and unfolded by time

output is related to the current state as well as the previous state. To overcome this prob-

lem, RNN was introduced. RNN can better describe the influences from a consecutive

traffic records [151].

The idea of RNN was proposed in the 1980s by M.I. Jordan et al. [152, 153, 154]. In

RNN, neurons can accept the output from the neurons in the previous layer in addition to

the neurons in the same layer, which gives the network a so-called "short-term memory".

Compared to FFNN, RNN can better catch the temporal relationships among the traffic

data. The a detailed taxonomy of the analyzed state-of-the-art literature related to RNN

is shown in Fig 2.5.

An RNN can be unfolded into several repeat modules based on time, as we can see

in Fig 2.6. Inside a standard RNN repeat module, there is only one gate. If we assume

the input time sequence is X = [x1, x2, ..., xt−1], where xi is the data observed at time

i, And the output vector is H = [h1, h2, ..., ht−1], and hi is the output based on the i-th
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Figure 2.7: Structure of the repeating module in LSTM

input and the output in previous timestamp, which can be shown as:

hi = F (W · [hi−1, xi] + b), (2.13)

where F is the activate function, and the weight W and bias b is reused in every time

steps, which is one of the main features of the RNN module that can highly reduce

the complication of the prediction model. As we can see, the current repeat module

takes the previous modules’ outputs and the current timestamp input data as its input

set. According to the output given by the gate structure lying in the module, the mod-

ule decides how much information in the previous timestamps could affect the current

prediction result, and how much information should be transited to the next timestamp.

The training method for an RNN also follows a back-propagation way. During the

optimization process, if the input series is too long, there might be a gradient explosion

or gradient disappearance problem [155]. To avoid this problem, people improve the

RNN model by adding gate control. The idea of gate control is to introduce the gating

mechanism to control the transmission of information inside each repeating module.

In 1997, Hochreiter et al. [156] proposed Long-Short Term Memory (LSTM) module

to solve the Long-Term dependency problem that occurred in basic RNN. Compared to

basic RNN, LSTM has two gates inside of one at first, the input gate and the output gate.

As pointed out by Gers et al. [157], the two-gates LSTM has limited when the input

time series lengthened. The two-gates LSTM tends to model a linear process, and the

non-linear aspect in the original dataset will be left behind. To solve this problem, Gers
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et al. added another gate, called forget gate, into the two-gates LSTM. The structure of

the three-gates LSTM module is shown in Fig. 2.7. We assume that Cj is the cell state

at time j, and there are three gates: forget gate fj, input gate ij and output gate oj.

When using LSTM, we must first calculate the gate output using hj−1 and xj.

fj = σ(Wf · [hj−1, xj] + bf ),

ij = σ(Wi · [hj−1, xj] + bi),

oj = σ(Wo · [hj−1, xj] + bo),

(2.14)

The gate will give us a number between 0 and 1, and we will use the output of the gate

to decide how much information we want to keep. The next step is to calculate the cell

state Ct:

C̃j = tanh(Wc · [hj−1, xj] + bc),

Cj = fj ∗ Cj−1 + ij ∗ C̃j,
(2.15)

And the output of the module at time t is:

hj = oj ∗ tanh(Cj), (2.16)

As we can see from the above functions and Fig. 2.7, the LSTM module takes the

current time input data and the hidden state from the previous timestamp as its input.

In [158, 159], Gers et al. proposed a new type of LSTM called peephole LSTM, which

has also been widely used in traffic prediction tasks. In addition to the two elements

in the input of the original LSTM, peephole LSTM also takes the cell state from the

previous timestamp as its input to calculate the value of the forget gate and input gate.

It then takes the current cell state into its input set to calculate its output gate value,
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as shown in the following functions:

fj = σ(Wf · [Cj−1, hj−1, xj] + bf ),

ij = σ(Wi · [Cj−1, hj−1, xj] + bi),

oj = σ(Wo · [Cj, hj−1, xj] + bo).

(2.17)

In [160], the authors provided a thorough analysis the performance of LSTM, and how

hyper-parameters will affect the performance of the model. In their paper, the authors

used an LSTM NN model with one hidden layer for a short-term traffic flow prediction

task. The authors set up the hyper-parameters, i.e., the length of the input traffic flow

record and the number of hidden units inside the hidden layer, for the prediction model

by using the grid search method. The proposed model was compared with Random Walk

(RW), SVM, FFNN, and SAE by using MAPE and RMSE. The prediction was made

for the 30 detectors one at a time, and the results showed that the LSTM NN model

outperformed the other models on every length of the prediction interval. The authors

also analyzed how hyper-parameters affected the prediction results. According to their

results, for the number of hidden units, from 5 to 20 the accuracy of the model increased,

but after 20, the accuracy decreased. As for the length of the input data, the accuracy

did not show many changes while the length increased for the LSTM NN model, but for

the other model, aside from RM, the accuracy increased. The authors explained that this

was because LSTM NN model can dynamically optimize the useful length of the input

data. One drawback of the experiment setting is that the training dataset from the first

200 workdays in 2014 mainly covered three different seasons, while the test dataset was

from winter. The traffic state is highly influenced by the seasonal changes, which makes

the experiment setting less firm.

Another variation of the LSTM module, which is also widely used in traffic prediction

task, is Gated Recurrent Unit (GRU). GRU was first proposed by Cho et al. in 2014

[161]. The structure of the GRU module is shown in Fig. 2.8. As we can see, there are
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Figure 2.8: Structure of the repeating module in GRU

three gates inside an LSTM module, but there are only two gates inside a GRU module,

i.e., reset gate and update gate, which can be calculated as follows:

ri = σ(Wr · [hi−1, xi] + br),

zi = σ(Wz · [hi−1, xi] + bz),

(2.18)

and the output hi of the module are calculated as follows:

h̃i = tanh(Wh · [ri ∗ hi−1, xi] + bh),

hi = (1− zi) ∗ hi−1 + zt ∗ h̃i.
(2.19)

The forget gate and input gate in LSTM are aggregated into one gate - the update

gate, and there is no cell state in GRU. These two main changes reduces the parameters

required by the model and gives it a simpler calculation structure, which means the GRU

module can be trained to predict in a faster way compared to LSTM.

The application of GRU in traffic prediction can be found in [104]. The authors

applied a GRU model for a multi-step short-term traffic flow prediction task both in an

urban area and rural area. Both of the data from urban and rural areas are collected

from May 31 to June 7, and the data from 0 am to 5:59 am were not included. As we can

see from the analysis of the two datasets, the urban data has one more huge vibration in

the morning peak time, and the traffic volume drops very quickly after the morning peak.

Min-Max Normalization method was chosen for the preprocessing stage. The model was
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compared with RBF by using MSE and MAE. The results of the experiment showed that

the MSE and MAE of GRU were twice as small than RBF both in urban areas and rural.

And with the help of the auto-iteration algorithm for the multi-step prediction task, the

accuracy of the model did not show much change in the rural area, but the accuracy of

the model decreased more while in an urban area, but still better than the RBF model

or the traditional iteration algorithm.

LSTM and GRU are famous types of RNN modules. The author in [162] compared

GRU and LSTM by using the traffic volume data collected by 30 random sensors from

the PeMS dataset. These two models were used to predict the highway traffic flow for the

next 5 minutes by using data from the previous 30 minutes. The models were trained and

tested on each sensor. As shown in the proposed experiment result, the RNN structure,

either LSTM or GRU, can perform better than ARIMA. Even though GRU can slightly

outperform LSTM, the overall difference between LSTM and GRU is not huge. Through

the histogram of the distribution of MAEs and MSE, GRU performs with more stability

than LSTM, and the difference of error rate on the different sensors is smaller than

LSTM.

While the RNN module and its variations above are good at dealing with time-series-

type problems, it has a problem capturing the spatial features among the detectors

inside the dataset. To capture both spatial and temporal correlation in the dataset, Shi

et al. provided a Convolutional LSTM Network (Conv-LSTM) based on the structure of

peephole LSTM in [163]. Inside of using multiplication, Shi et al. used convolution in
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each gate. The gates value, hidden states and cell states can be calculated as follows:

fj = σ(Wfc � Cj−1 +Wfh · hj−1 +Wfx · xj + bf ),

ij = σ(Wic � Cj−1 +Wih · hj−1 +Wix · xj + bi),

C̃j = tanh(Wc · [hj−1 + xj] + bc),

Cj = fj � Cj−1 + ij � C̃j,

oj = σ(Woc � Cj +Woh · hj−1 +Wox · xj + bo),

hj = oj � tanh(Cj),

(2.20)

where � represents the convolution operation.

Up to now, we have reviewed the some of the most famous RNN modules used for

traffic prediction tasks, and their performance in a single layer structure. However, RNN

also has its Deep-Learning structure. In the rest of the section, we will review several

widely used Deep-Learning structures for RNN.

2.2.2.1 Deep-Learning structure for RNN

To stimulate the RNN’s greater potential, Pascanu et al. [164] and Hihi et al. [165]

brought RNN into a Deep-Learning structure. As was pointed out in [166], applying

deep structure to the RNN module can highly improve the accuracy of the prediction

model. A deep structure can capture more abstract features among the dataset, which

is a benefit for the final prediction task.

One Deep-Learning structure of RNN is called stacked RNN (SRNN), the structure

of which is shown in Fig. 2.9. In SRNN, two or more RNN layers are stacked together,

and the information is passed in the same direction in each layer. As shown in Fig. 2.9,

Lji is the RNN module in layers j at timestamp i, N is the number of layer in SRNN. If
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Figure 2.9: SRNN structure and SRNN unfolded based on time series

we assume h(j)i as the output of the j layer at time i, h(j)i is calculated as follows:

h
(j)
i = f(U (j)hj(i−1) +W (j)h

(j−1)
i + b(j)), (2.21)

where U (j) and W (j) are weight matrices, and b(j) is bias vector, and h(0)i is xi.

The performance of SRNN is studied in [167]. The authors used an SRNN DL struc-

ture to integrate three-layers LSTM. The proposed model was used for a long-term

prediction traffic flow prediction in the urban area of Beijing. The input data was aggre-

gated based on the geographical information while the area was split equally by straight

lines (8*16), and the predictions were made one at a time on each grid. Meanwhile, the

prediction interval was set at 1 hour. To avoid the computing delay caused by redundant

layers in the structure, the authors chose a three-layer LSTM SRNN as the prediction

model. The authors used a 24-step time sequence as the input data. The experiment

results showed that the model performed well. In the meantime, the authors studied the

influence of the learning rate according to the distribution of RMSE of the prediction

result, while using different learning rates. The authors found that a smaller learning

rate could better help the model converge to a higher accuracy status.

However, a complex network structure will easily lead to an overfitting situation. To

avoid this, the authors in [168] used a two-layer-structure SRNN to integrate LSTM with

one dropout layer at the end of the SRNN. The model was used to predict the short-term
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Figure 2.10: Bi-RNN structure and Bi-RNN unfolded based on time series

traffic speed in two areas. One of the areas had a high conjunction rate and the other

one had a low conjunction rate. The dataset was aggregated into a 5-min interval. In

their experiment, they focused on the influence while changing the length of the input

sequence, and the dropout rate. First, from the experiment results, the use of the dropout

layer can help reduce the gap between the training accuracy and the validation accuracy,

which means the method can help the model avoid overfitting problems. According to

the results, while using data from the high conjunction area, lower dropout rates perform

better; otherwise, higher dropout rates perform better. Meanwhile, the model using high

conjunction area data is more sensitive to the changes in the dropout rate. The authors

also pointed out that longer input sequences can perform better.

Another Deep-Learning structure of RNN was proposed in [169] called Bidirectional

Recurrent Neural Network (BRNN), as shown in Fig. 2.10. In each of its layers, it is

combined with two RNN layers, and the information is passed in a different direction in

each layer, which is the primary difference between SRNN. Assuming Y j
i is the output

of the BRNN at time i for layer j, which can be calculated as follows:

h
(j1)
i = f(U (1)h1(i−1) +W (1)xi + b(1)),

h
(j2)
i = f(U (1)h1(i+1) +W (2)xi + b(2)),

Yi = Concatenate(h
(j1)
i , h

(j2)
i ).

(2.22)

Because of the structure of BRNN, this model can make predictions reliant on the
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previous time step as well as the time step behind. In [170], a comparison among single-

layer RNN, multi-layer RNN, and BRNN was made. Meanwhile, the authors provided

a deep-learning neural network combined with stacked BRNN, multi-layer RNN and

Masking layer. In addition to model’s accuracy, the author also focused on its scalability

and the robustness. The authors also pointed out that adding more layers in a deep

learning neural network would not always give us a better result.

Let us take a step further to look at the application of BRNN in traffic prediction

task. In [171], the authors solved the traffic flow prediction task by using a stacked

BRNN with an additional pooling layer before the prediction layer. In the paper, the

authors provided a multi-layer BRNN LSTM (DBL), in which all of the BRNN layers

were aggregated in an SRNN way. The data input to the model will first be passed

to an embedding layer, then to the multi-layer BRNN. Then, the model will collect all

the output data in each time-step. All the output data will be passed through a mean

pooling layer to calculate the mean value over the output in all time-steps. In the end,

the mean output is passed to a linear regression layer to make the final prediction. In

the experiment, we can see that the deep hierarchy structure of BRNN can improve the

prediction accuracy compared to a normal BRNN. The authors addressed that the NN

should be deep enough to extract useful high-level features in the dataset. Meanwhile,

the authors also tested the scalability of the model by predicting traffic flow in different

lengths of time intervals (15-min, 20-min, 25-min, and 30-min), the results show that the

DBL performs the best in all situations.

Beside using BRNN as the core of the prediction model, a BRNN can also be used to

provide periodic features to other parts of the prediction model. In [172], the data from

different detectors was aggregated into one temporal-spatial matrix. The historical data

in the input set contained the data in previous T time-steps, as well as the T time-steps

from one day before and one week before. The model in this paper can be divided into two

phases; the first is the feature extraction stage, which is combined with one Conv-LSTM
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Figure 2.11: Structure of Seq2seq structure

model and a BRNN model. In the Conv-LSTM model, the input in each time-step to

the SRNN LSTM model will first be processed by a one-dimensional CNN and a pooling

layer, which is used to extract the spatial features among different detectors. As for the

LSTM BRNN, there is only one BRNN layer, which is combined with an LSTM layer of

two different directions. The BRNN layer in this paper was used to extract the temporal

features. Then, the second phase is the prediction phase. The spatial and temporal

features from the previous phase were combined with a concatenate layer, then through

a fully connected layer, the final prediction was made. The model was tested in both

freeway and urban areas, and the results show that the performance is better in the

urban area. The authors compared the model with ARIMA, SAE, LSTM, SVM, and

CNN-LSTM, and the model outperformed all those models. Meanwhile, according to

the results, the addition of BRNN to the model can improve the accuracy of the results

(0.8 higher in MAE, 2.6% higher in MAPE, and 1.7 higher in RMSE).

Besides SRNN and BRNN, the Sequence to Sequence (seq2seq) structure is also an op-

tion for building up a Deep-Learning structure for RNN. The idea of seq2seq learning has

been widely used in machine translation and claimed to have perfect performance [173,

161]. The structure of seq2seq is shown in Fig. 2.11. As we can see, the model can

be divided into two main parts, i.e., Encoder and Decoder. In the Encoder phase, the

Encoder will encode the input source sequence into a vector C = [h1, ..., ht] by using the

hidden states h from the RNN modules inside the Encoder in each timestamp, which can
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be calculated as follows:

hi = R(xi, hi−1), (2.23)

where R can represent a single layer RNN or RNN in Deep-Learning structure. The

vector C is believed to contains the high-level features in the input sequence. Then, the

RNN modules inside the Decoder will not only take the previous timestamp’s output

and hidden state, but also the vector C to calculate its output. The reason for using the

seq2seq structure is to output an indefinite length of the sequence, which is important

in machine translation. Recent research found that it also performed well in time-series

prediction tasks [174, 105].

The application of seq2seq can be seen in [105]. The authors provided a model called

Spatio-Temporal Attentive NN (STANN). The main structure of the model is based on a

seq2seq structure, with the addition of a fully connected layer as an attention layer to the

encoder and decoder. The attention layer in the encoder is used to extract the spatial

features in the input data, and the attention layer in the decoder is used to extract

the temporal features. The length of the input sequence was set at 12, which means

the model took data from the past 120 minutes to make a prediction. The prediction

intervals were set at 30, 60, 90, and 120-min, which can be seen as including both short-

term predictions and long-term predictions. There were two-layers of LSTM in encoder

and decoder. In the experiment, the authors compared the model with SVR, Random

Forest (RF), seq2seq with no attention layer, STGCN, and DCRNN. The model showed

better accuracy and scalability than the other models. Then, the authors analyzed the

performance between the models, which has only one attention layer in either encoder

and decoder, SANN and TANN respectively. The results showed that the two attention

layers can be helpful in feature extraction. The authors pointed out in the experiment

that with the increase of the attention layer, the training time and testing time were

much greater than SANN and TANN, but are still shorter than STGCN and DCRNN.

The model’s main structure in [174] is very much like the STANN model, in that
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they both have a seq2seq base model and both have two attention layers. However, there

were still two main differences: First, in STANN, the spatial attention layer takes the

historical traffic speed data directly without any preprocessing, but in this paper, the

historical data will first be aggregated into an adjacency matrix; then, the attention layer

will take the input as a graph but not a sequence. The second difference is the RNN used

in the encoder and decoder is not longer than LSTM but Conv-GRU. As we reviewed

before in this subsection, the structure of Conv-GRU is very like Conv-LSTM except

that the gate structure of Conv-GRU is based on GRU, and the Conv-RNN can better

capture the special features in the input dataset. The authors compared their model

with SVR, RF, FFNN, SAE, GRU, LSTM, DCRNN, DNN-BTF, and evaluated by using

MAE, RMSE, and WMAPE. The results show the model performs the best in 5, 15, 30,

60-min prediction intervals. The authors also showed that the model will perform better

when the resolution of the input data is higher, which has more detailed features in the

data set.

One disadvantage of the seq2seq structure is that, although the vector C contains all

high-level features in the input sequence when applying C into the decoder, C will have

the same effect on the outputs for RNN in the different timestamp. This will waste the

features extracted from the input while we face a multi-step prediction task.

The papers in the past ten years whose models used RNN as its main module are

listed in Table 2.7. As we can see from the table, the number of research studies on using

RNN for traffic prediction is larger than the other models we introduced before. The main

reason is that the inner data processing structure of the RNN model can better explain

the interaction from the data on different timestamps. Meanwhile, most of the prediction

models these days try to use a DL structure, which further improves the accuracy of the

prediction model. The RNN-based model can capture thanks to the Convolutional,

seq2seq, and attention-based structures, the spatial-temporal correlation of the traffic

network. However, researchers need to consider computation during training and real-
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Figure 2.12: An example of a simple convolution process for which the size of the input
layer is 7*7, the size of convolutional kernel is 3*3, the size of moving step is 1, and the
size of convolutional layer is 5*5

world prediction tasks. Due to the repeat module structure of each RNN layer, it will

cost much more time to train an RNN model, which is a severe problem to consider when

deciding to use the RNN model in real applications. Meanwhile, high time consumption

will also increase the difficulty of maintaining the prediction model, while the network’s

traffic patterns are changed.

2.2.3 Convolutional neural network (CNN)

CNN model used for traffic prediction has excellent features describing the spatial in-

teractions among road segments within a big traffic network. The concept of the CNN

was first introduced by Yann LeCun in the 1990s [175]. A CNN consists of at least one

convolutional layer and a fully connected layer after the convolutional layer, and may

also have at least one pooling layer. Due to the local link and the pooling process, the

features learned from CNN include translational and rotational invariance. Through the

methods of weight sharing and local perception filing, the number of weights is reduced,

which significantly reduces the complexity of the network and improves the generaliza-

tion ability of the network. CNN model has often been used in pattern recognition. In

traffic prediction, some researchers use CNN to extract the spatial features between the

related road sections.

The convolutional layer is obtained by moving the convolutional kernel according to

a specified step size on the previous layer. The main purpose of convolution is to extract
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Table 2.7: RNN based models in the past ten years

Type Papers Task Prediction Area I/O Structure AdditionsInterval

LSTM

Luo et al.

Flow 5-min Freeway

KNN (K=10 for S339, Use KNN for
Multi (36 K=6 for S448) & extract spatial features.

(2019)
Regression layer Classfiy the historical data

detectors) -One Single LSTM by different workdays.

Yi et al.
Speed 5-min Freeway One-One SRNN (LSTM)

GRU outperforms LSTM

(2019) while the input
length is shorter

Yang et al.
Flow 15-min Freeway One-One

Attention layer & Use Attention layer

(2019) SRNN (LSTM) & to deal with super
Regression layer long (29 steps) input

He et al.
Speed Urban Multi-Multi

Seq2seq (LSTM) The first Attention layer
30, 60, 90, with attention layers is used to extract

(2018) 120-min in encoder & spatial correlations
decoder from the input data.

Yao et al.
Flow 1-day Urban

CNN Multi-task.
Region-based (kernel size=3*3) & Context features

(2018) road network Single LSTM & in the input
Attention layers

Zou et al. Flow 1-hour Urban One-One SRNN (LSTM)(2018)
Tian et al. Flow 5, 15, Freeway One-One SRNN (LSTM-M) Using extra parameters
(2018) 60-min (6 layers) to deal with data lost

Wang et al.
Flow 15, 20, 25, 30-min Freeway One-One

Embedding layer & The BRNN layer is
BRNN (LSTM) & associated in a

(2017) Mean pooling layer & stacked style
Regression layer (6 layers).

Liu et al.
Flow 5-min Multi-Multi

(1D-CNN & 1D-CNN preprocess
Freeway & SRNN(LSTM) or the input data for

(2017) Urban BRNN (LSTM)) & SRNN at each time-step
FFNN one at a time

Dai et al.
Flow 5-min Freeway One-One

Single layer FFNN Use FFNN to calculate
(128 units) & the residual series.

(2017) single layer LSTM Pre-train all parts
of the model separately

Tian and Pan Flow 15, 30, 45, Freeway One-One Single layer LSTM(2015) 60-min

GRU

Zhao et al.

Speed Freeway Multi-Multi

Use GCN to extract
15, 30, 45 GCN & the spatial features.

(2019)
The effect of the

, 60-min Single layer GRU number of units in
GRU was studied.

Guo et al
Flow 5 30 -min

Freeway &
One-One Single layer GRU

Online multi-step

(2017) Urban model

ConvRNN

Yu et al.
Speed

15, 30,
Freeway Multi-Multi

Pooling layer & Use U-Net to

(2017) 60-min Seq2seq (Conv-GRU) & implement Seq2seq
Un-Pooling layer

Do et al.
Speed

5, 15, 30,
Urban Multi-Multi

Seq2seq (Conv-GRU)

(2019) 60-min with attention layers
in encoder and decoder
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high-order features. A simple convolution process is shown in Figure 2.12. If we assume

the input data as X ∈ RM×N , and W ∈ RI×J is the weights matrix for convolutional

kernel, b ∈ R, the length of the step is l, and C ∈ RP×Q is the output of the convolutional

layer where P = (M − I)/l + 1 and Q = (N − J)/l + 1, we can get:

Cp,q =
∑
i,j

Wi,j ∗Xi+p∗l−1,j+q∗l−1 + b (2.24)

The aim of having a pooling layer is to reduce the dimension of the feature from the

convolutional layer, which can reduce the number of parameters and avoid overfitting.

There are two common pooling methods: max pooling and mean pooling. In max pooling,

the sample value will be the maximum value in the pooling window, and for mean pooling,

the sample value will be the average value overall number in the pooling window.

The structure of CNN can help us capture the spatial features in the dataset. How-

ever, there is a drawback to using traditional CNN in traffic prediction tasks; when traffic

records are input into the CNN, we must integrate the data into a graph-structure. How-

ever, the traditional CNN can only fit for the grid-structure. To overcome this problem,

Defferrard et al. [176] provided a Graph-Convolutional NN (GCN) by introducing the

Laplacian matrix into Convolutional NN. In [177], the authors used the GCN in their

prediction model to mine the spatial correlation in a graph-structured dataset. The au-

thors provided an ST-Conv block, which contains two gated-Conv layers for temporal

correlation extraction and a 3D GCN layer in between for spatial correlation extraction.

The model was tested on three big traffic networks, which have 12, 228, and 1026 road

detectors respectively. The results showed that the model outperforms the other state of

the art models in all datasets, and has a lower time consumption than Conv-GRU.

In [178], the authors added an Attention layer to the ST-Conv block to further extract

the spatial-temporal features. Moreover, the authors split the model into three parts,

with each part taking historical records from the current day, one day ago and one week

ago, respectively. In the end, a fusion layer combined the output from each part by
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weights. According to the results of the experiment, adding an attention layer can be

helpful for improving the accuracy of the prediction model.

The above two papers used GCN to aggregate the traffic records by using the ad-

jacency matrix, according to the spatial correlation. The problem is that the spatial

correlation is influenced by the time changes in one day. To solve this problem, in [179],

authors provided a 3D-GCN model by considering the time series’ distance into the gen-

eration of the adjacency matrix. According to the result of the experiment on a big road

network, the new model outperforms other state-out-the-art models.

The CNN-based model used in the past ten years are shown in Table 2.8. As we can

see, the model is widely used for traffic prediction in a big road network. Meanwhile,

according to past research, the GCN is more qualified than standard CNN when dealing

with traffic prediction in a large transportation system. As we have addressed before,

the main reason is that the spatial connection among road segments is not the same as

the connection among pixels in a 2D picture. The spatial relationship of a transportation

system is represented by the graph, i.e., adjacency matrix, where GCN is more suitable

than standard CNN. The limitation of CNN models is that the spatial correlations ex-

tracted by the model only based on geographical information. The spatial correlations

may change during different periods in one day or weekdays and weekends. Researchers

should modify the structure of the model to suit the temporal change of spatial corre-

lations, such as changing the adjacency matrix into the temporal adjacency matrix in

[179].

2.3 Hybrid Model

In this section, we will review the hybrid models used for traffic prediction. The results

from multiple models are integrated by a combination method to make final prediction.

Compared to normal ML model, a hybrid model can capture complicated relationships
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Table 2.8: CNN-based models used for traffic prediction in the past 10 years

Papers Task I/O structure Additions

Yu et al.
Speed Multi-Multi

Two ST-Conv Block GCN is in a 3D structure,
( = 1 Gated-Conv + Kernel function is

(2017) GCN + Chebyshev Polynomials
Gated-Conv) Approximation.

Guo et al.
Speed Multi-Multi

3 * Attention based Use Fusion layer for
ST-Conv concatenate features from

(2019) ( = Attention + GCN) + different sets of
Fusion layer historical records.

Yu et al.
Speed Mutli-Multi

3D-GCN Using Temporal
with GLU adjacency matrix;

(2019) activate function Train the model based on
both MAE and MSE

by using a relatively shallow model structure which has less computation consumption.

The difficulty for using a hybrid model lies in finding an appropriate combination of

methods to balance the influence of each models’ results to the final prediction.

The hybrid model can be further separated into two small classes. Sub-models in the

first class can make the prediction individually; the aim of the combination layer is to

choose the best results, or choose the main results from one model, while the rest of the

results are used to adjust the main results. In the second subset each sub-model is used

to focus on one specific dataset feature. Meanwhile, each sub-model runs in a parallel

way: the combination layer is used to combine the extracted feature, then it can make

the final prediction [180].

We will first take a look at the first type. In [181], the authors chose NN as the

aggregation layer for the three separate models, i.e., Moving Average (MA), Exponential

Smoothing (ES), Autoregressive MA (ARIMA). The sub-models were given historical

data collected in different periods, i.e., weekly, daily, and hourly. The NN is one hidden

layer FFNN with a single output. The model performs very well at different predic-

tion intervals. Meanwhile, the authors also pointed out that exchanging ARIMA with

SARIMA does not improve the accuracy of the model.

In addition to using NN, the authors in [182] provided a more intuitive way to choose
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the prediction result between the sub-models. The authors combined a Historical Aver-

age method (HA) with assembled FFNNs. To assemble the FFNNs, the authors chose

the Bagging method to dynamically distribute the training dataset for each FFNN to

generalize the assembled system. Then, an Adaboosting method was used to decide the

weights for each prediction result of the FFNNs to the final prediction result of the as-

sembled system. In the end, the final prediction results will be given by the sub-model,

which was chosen concerning the error in predicting the current traffic flow. If the error

is beyond the threshold, assembled FFNN is chosen; otherwise, HA. According to the

experiment results, the Bagging method can highly improve the prediction results, and

the hybrid model outperforms the model with only the assembled FFNN.

There are also some examples of the second type of hybrid model. In [183], an

attention-based hybrid model was proposed. The model starts with an attention layer, to

determine how much weights the flow from different correlated positions on the previous

time step will affect the prediction result. The sub-models will take the data from both a

day before and one week before, in addition to the output from the attention layer. The

final prediction will be carried out by using a regression layer. The model was tested

on a dataset collected by a set of detectors on one freeway line. The model was used

to predict traffic flow at different prediction intervals, and it outperformed the other

state-of-the-art models. The authors further proved that by using the Attention layer,

the model can better capture the useful correlations among the dataset.

The hybrid model has been used to capture seasonal features from different record

periods or spatial-temporal features separately, as well as dealing with the prediction

task in different traffic situations. In [184], the authors provided a hybrid method com-

bined with GRU, ARIMA, and RBFNN to deal with the predictions in different traffic

situations. The sub-models were chosen based on the Improved Bayesian Combination

Method concerning the error rate of the prediction on the current time step. Meanwhile,

the authors added a correlation analysis to select the most related historical data to
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Table 2.9: Hybrid models used for traffic prediction in the past 10 years.

Papers Task Sub-Models Combination Method Additions

Tan et al.
Flow

Moving average,

NN

Separated model
exponential smoothing, used for historical

(2009) ARIMA records collected
in different periods.

Moretti et al.

Flow

Based on the error on
A-FFNN the prediction result for the Three FFNNs were assembled

(2015)
current time step. by using the Bagging algorithm

historical average (HA) HA, if smaller than the threshold, and Adaboosting method.
otherwise A-FFNN

Wu et al.
Flow Regression layer

Use attention layer
CNN, in the beginning to extract the

(2018) GRU spatial-temporal correlation
for the sub-models

Gu et al.
Flow

GRU, Improved Bayesian Correlation analysis

(2019) ARIMA, Combination method for choosing records
RBFNN for prediction.

input to the hybrid model to reduce the influence from the length of the input window.

According to the results, the model was tested in different traffic scenarios and different

prediction intervals, and showed better robustness, scalability, and accuracy.

Table 2.9 shows the hybrid model used for traffic prediction in the past ten years. The

best feature of the hybrid model is that the model can take care of different dataset fea-

tures by combining different types of models. For example, sub-models in [181] are used

for predicting traffic flows containing different amounts of random vibrations; while in

[183], sub-models are used to extract spatial and temporal features, respectively. Mean-

while, the combination method is also an essential part of the hybrid model. Some

combination methods are used to select the most appropriate prediction result among

the outputs of the sub-models [182]. In contrast, the other combination methods are

used to decide how many efforts should output from one sub-models contributes to the

final prediction. Despite the benefits of using a hybrid model, the user should consider

the combination method and each sub-model’s role to avoid redundant computation and

unnecessary time costs.
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Table 2.10: The overview comparison of different ML model type.

Model Regression Example- Kernel- NN Hybridbased based FFNN RNN CNN
Implementation Low Middle Middle Middle High High Highdifficulty

Cost of Low Low Low Middle High High Highimplementation
Dataset Low Middle Low High High High Highrequirement

Deep-learning No No No Yes Yes Yes Yesstructure
Temporal feature No No No No Yes No Yesextraction
Spatial feature No Yes No No No Yes Yesextraction

Prediction Low Middle Low Middle High Middle Hightime cost
Maintain cost Low High Low High High High High

2.3.1 Summary

In this section, we will give you an overall comparison of the ML model types we have

discussed. As we can see from Table 2.10, we compare the models in the following aspects:

• Difficulty of implementation: How difficulty to implement the model, including

figure out the structure of the model, the parameters or the hyper-parameters

of the model. The accuracy of the Regression, example-based and Kernel-based

models heavily depends on the parameters. It will cost much effort to find an

adequate set of parameters. However, by using a proposed Machine-Learning kit,

such as sci-learn kit [185], we can reduce the implementation difficulty. As for the

NN-based model, depending on the complex network structure, we have to define

the hyper-parameters for the model. There are also correlations among the hyper-

parameters, such as the learning rate and the number of neurons in each layer. It

means we will need more effort to find a perfect hyper-parameter set.

• Cost of implementation: It takes the training time and hardware dependency of

the model into consideration. Usually, the NN model spends more time on model
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training and the computing capacity of the hardware will affect the performance

of the model.

• Dataset requirement: Does the model need a big dataset to guarantee the model’s

performance? The NN model always needs a big dataset to adjust the parameters

inside the model in a supervised way. Meanwhile, the Example-based model, i.e.,

the KNN model, also has a relatively high requirement on the dataset to build up

a reliable candidates search pool.

• Deep-learning structure: Does this type of model has a Deep-Learning structure.

All models under the NN category can be aggregated into a DL structure. For

FFNN, we have multi-layer FFNN. There are multi-layer structures, bi-direction

structures, sequence-to-sequence structures for RNN. As for CNN, we have multi-

layer CNN combining CNN with several pooling layers. For the hybrid model, the

DL structure is based on the sub-models we chose for the complete model.

• Ability of spatial feature and temporal feature extraction: As for this, we mean

whether the model has a clear structure to extract a specific feature. For example-

based models, the spatial features can be represented by combing historical data

from interrelated road sections. For the CNN model, especially the Graph Con-

volutional Network (GCN), the spatial features can be represented by and learned

from the adjacency matrix generated based on geographic information of road de-

tectors. Meanwhile, for the temporal feature extraction, the RNN model extracts

information from the time series using its recurrent structure.

• Time cost of Prediction: How much time will the model cost make the final pre-

diction. Usually, it is highly related to the structure of the model. The more

complex the structure is, the longer time it will cost. The prediction time cost of

the example-based model depends on the size of the candidate database. While

for the NN-based model, it depends on the number of parameters of the network.
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Meanwhile, the recurrent structure of RNN will also increase the model calculation

time.

• Maintain cost: It includes the update difficulty of the model hyper-parameters; for

KNN, it also includes the updates of the candidate search pool. As for NN-based

mode, usually, it will require a re-training process to update the parameters.

2.4 Open source datasets

The need for sufficient data is very important for implementing an ML model. The

data will be used to train the ML model to make the model converge. A good data set

must provide sufficient types of traffic pattern information according to different traffic

prediction tasks. The basic information is the traffic flow, traffic speed information, or

both. When studying the spatial-temporal relationship, the dataset should have the

geographical information of each data collection, and the traffic direction and connection

between the collectors. In some cases, when studying the influence of holidays, special

events, or weather changes, the dataset should have enough related information either.

The other thing we must pay attention to is the aggregation interval of the dataset. A

smaller aggregation interval will have more random and non-linear features, while for a

longer aggregation dataset, the trend of the time-series is smoother, which will highly

affect the structure of the prediction model.

Generally speaking, a dataset that has been used a lot is more credible than others,

and has more experiment results to compare with. There are some open-source datasets

used for traffic predictions, and a short introduction about each dataset will also be

proposed.
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2.4.1 Datasets collected from real-word

First, we will focus on the datasets collected from the real-word on-road sensors [186,

187, 188, 189, 190, 191, 192, 193, 194, 195, 196, 197, 198]. These datasets contain traffic

data collected by on-road loop detectors, toll gates, or other on-road/road-side devices.

These datasets are then published by the government or organizations for research use.

• PeMS [199]: PeMS collected real-time data from more than 39,000 individual de-

tectors on freeway network in California. PeMS provides the information including

flow, occupancy, speed and other useful data of each lane for each detector point.

The minimum interval of the data is 5 minutes, which is very suitable for short-

term prediction. The data is collected from mainline, on-ramp, off-ramp, and from

freeways to freeways intersections; the position of the detector and the length of

each road section helps us to better understand the spatial relationship between

different detectors. PeMS automatically fills the lost data using the historical av-

erage method. In the prediction task for a big road network, some subsection of

PeMS such as PeMS (M/L), PeMS-Bay, PeMS-D4/D8, etc, can always be used as

the datasets.

• CityPlus Smart City datasets [200]: The traffic data is collected from Denmark

both in urban and rural areas in 2014 from February to November, with the excep-

tion of July. There are records about average speed, and the number of vehicles

every 5 minutes. In addition, the dataset includes the geographical information of

each detector, and the dataset also provides pollution, weather, and special events

information, which is very useful for creating an ML model that takes hybrid in-

formation as its input.

• RTMC [201]: The traffic flow and occupancy information were collected every 30

seconds and aggregated into 5 minutes. The dataset provides data from 2011 to

2017. Meanwhile, the dataset also contains the location information in the dataset.
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For more open-source real-word datasets can be found in [202].

2.4.2 Simulators for traffic network

A real-word dataset is essential for training a model. However, the existing real-word

datasets may not correspond with the needs of the experiment. Such as the scale of the

traffic network of the given real-word dataset is not large enough, or maybe we need more

drive behaviors that are not provided by the real-word dataset. To solve these problems,

a traffic simulation system is required to enrich the traffic dataset.

The traffic simulation system simulates a realistic traffic system by establishing a cal-

culation model. The simulation models can be divided into macroscopic and microscopic

simulation models [203].

In macroscopic traffic simulation, traffic flow is considered continuous compressible

fluid, composed of many vehicles [204]. It focuses on the volume, density, and speed

of the traffic flow and ignores the interactions between the vehicles inside the traffic

flow. So, the macroscopic traffic simulators require fewer computer resources, and the

simulation speed is faster. Here are some famous macroscopic traffic simulators are:

TransCAD [205], EMME [206].

As we said, the interactions inside of the traffic flow are not described in macro-

scopic traffic simulators. On the contrary, microscopic traffic simulators focus on the

location and speed of every vehicle inside the traffic flow [207]. The system simulates

the traffic flow by modeling the behavior of each vehicle. In a microscopic traffic sim-

ulation system, the user can define the car following behavior, lane change behavior,

destination information, etc. These features give the user opportunity to modeling a

more elaborate and real traffic environment. Here are some famous microscopic traffic

simulators: SUMO [208], VISSIM [209], SimTraffic [210], CORSIM [211], Paramics [212],

MITSimLab [213], TransModeler [214].
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2.5 Useful add-ons

The ML model has great features for capturing complicate correlations, dealing with the

non-linear vibration in time-series, and building up a complicated model structure. In

this section, we will discuss situations that arise in traffic prediction while using the ML

model. Meanwhile, we will review and compare the existing solutions for these problems.

2.5.1 Data preprocessing

Data preprocessing is a very important step before feeding into the model. Data prepro-

cessing will highlight the specific features we want the model to learn, help the model

converge faster, avoid the model to be affected by the useless information, etc. How-

ever, there are still difficulties in choosing a suitable preprocessing method; the chosen

method should cooperate with the model and the task itself. In An unsuitable prepro-

cessing method, for example, the preprocessing is not sufficient; too much noise and too

many outliers will mislead the model in the wrong direction. On the other hand, if the

preprocessing cut off too many vibration features in the dataset, the model will not be

able to fit the time-series.

The first and most important type of data preprocessing method, especially for re-

gression models and NN models, is the Normalization method. One of the reasons we

need a Normalization method is the activation function we use in the NN model. The

output of the activation function usually belongs to a certain range; for example, the

output range of Sigmoid function is from 0 to 1, the output range of Tanh function is

from -1 to 1. If the dataset exceeds this range, it will highly reduce the meaning of using

the activation function, resulting in a model that is harder to converge. The other reason

to use a Normalization method is to make sure the ranges of different types of data are

at the same level. For example, if the input contains both flow and speed information,

the highest speed on a road will not exceed 200 in a normal case; however, the highest
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value of traffic flow can easily exceed 300, sometimes even 1000. This will also drag the

model convergence speed.

The second type of preprocessing method is the denoising method. The denoising

method aims to remove the outliers in the dataset and make the time-series smoother.

The most used method is the Moving Average method. In [215], the authors provided a

denoising method that used historical average value to find outliers and used the historical

average value on the previous timestamps to generate a new value for the outliers. In

[142], the authors chose a median filter as their way of denoising the input data.

Another way of preprocessing data is by detrending. By using the detrending method,

the original time-series will be decomposed into a seasonal trend and residual trend. The

mostly frequently used detrending method is to subtract the historical average from the

original time-series. In [134], the authors chose the Discrete Fourier Transform (DFT) as

the detrending method. In [216, 132], Empirical Model Decomposition (EMD) was used

as the decomposition method. Compared to DFT, EMD can decompose the time-series

into high-frequency to low-frequency trends. Higher frequencies contain datasets with

more original features.

Finally, we address the method of dealing with missing data. A situation in which

data is missing can be classified based on the length of the missing time interval, i.e.,

long-term missing and short-term random missing. The most commonly used method

to impute the missing data is the historical average. A time interval that has no record

will be replaced with the average value of the record at the same time of the day/week.

Although the historical average method is easy to implement, it is a very rough method

and sacrifices many high-level features. In [217], Probabilistic Principal Component

Analysis (PPCA) is used to deal with the missing data.
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2.5.2 Model design

A well-designed model should satisfy the aim of the task, such as a multi-step prediction,

a multi-task prediction, a prediction for a road network, etc. The difficulty here is how

to get more accurate prediction results without introducing more time consumption; in

the meantime, the model can make use of the correlation from different types of input

or the spatial-temporal correlation.

First, we focus on the multi-step and multi-task predictions. One famous method is

to add a Multi-task layer at the end of the model [103, 218]. In [104], the authors solved

the multi-step prediction task by taking the last prediction results as the new record,

adding them into the end of the input sequence for the next step’s prediction.

As for the spatial-temporal relationship extraction, KNN is used to find the most

correlated detectors over the dataset. The drawback of the KNN method is that when it is

used there will be a huge time consumption if the number of detectors is very big, and the

set of detectors can only be used for one specific point, which is less efficient. Therefore,

some papers provided the model using traditional CNN combined with RNN [172, 219].

As pointed out in [148], the original CNN cannot deal with the graph information. To

use the graphed spatial features (adjacency matrix), [178, 177] used GCN to replace

the original CNN. Meanwhile, the addition of an Attention layer to extract the special-

temporal features has also been used in many papers [178, 174, 105]. The drawback of

using the adjacency matrix to extract spatial correlations is that the spatial relationship

between different detectors can be different at different times of the day [220, 221]. In

[179], the authors provided a temporal adjacency matrix to overcome this problem.

After determining the basic structure of the model, it is very important to choose

suitable hyper-parameters, such as that number of neighbors for a KNN model, param-

eters for the kernel function for an SVM model, number of layers and number of hidden

units for a NN model, adequate learning rate, etc. One of the easiest ways is the grid

search method [167, 160]. The problem for the grid search method is that it will lead to
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great time consumption. There are some other ways to solve the problem, such as ALS

[103], FFA [149], ABC [222], etc.

2.6 Open challenges

In this section, we will discuss the open challenges for traffic prediction by using the

ML model. We categorize the challenges under two main topic: traffic prediction-related

issues and model-related issues.

2.6.1 Traffic prediction-related issues

Under this topic, we will discuss the challenges caused by the features of the traffic

patterns. Firstly, the short-term prediction task for a traffic network, which has traffic

lights, is difficult. First of all, the traffic light on the road will cause short-term traffic

condition changes, which will lead to significant flow fluctuation. Meanwhile, the traffic

light will also cause the spatial relation change between two road segments. Besides, one

city may change the way of controlling the traffic light. That will require the evolution

of the traffic pattern learned by the model, which will increase the implementation cost

of the prediction system.

Another challenge belongs to the prediction task in the urban-freeway region. The

traffic patterns in the urban area are different on the freeway. The spatial relationship

between these two regions is more complicated than in a single traffic environment. This

led to the prediction system applied to the conjunction area of the urban road, and

the freeway should have a clear distinction between these two different sets of traffic

patterns. Meanwhile, the interactions between these two sets of traffic patterns should

also be studied in the traffic prediction system.

Besides, the prediction scale of the system is also a challenge. Most state-of-art

prediction systems focus on the macroscopic prediction of the traffic network, which helps
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congestion detection and route planning. However, different types of traffic participants

have different on-road behaviors and diverse needs of prediction information. Meanwhile,

the lanes within a road may have utterly different traffic features. For example, the speed

limit may be changed, or the allowed vehicle type may differ on separate lanes in one

road segment. The traffic prediction system should also consider these factors.

2.6.2 Model-related issues

There are also some model-related challenges. As we can see from the above review, the

accuracy of the ML-based prediction models is very high. However, the final aim for

developing a traffic prediction system is to use it in reality, e.g., provide real-time traffic

information for ITS, or provide useful information to a vehicular cloud for the potential

computing power calculation. To embed a traffic prediction into a complicated traffic

system, there are some challenges.

The first challenge is from the update time interval of the real-word dataset. In

general, there are two types of dataset, i.e., real-time and historical datasets. When we

aggregate the traffic prediction system into a real-time system, the prediction interval

should be relatively small, especially for a complicated road section. The dataset we use

in the experiment environment guarantees that the predictor can use the data collected

from the recent past; however, the dataset of a real-word implementation environment

cannot guarantee a very short time interval update. Sometimes, we have to predict the

next 5-min by using the historical data collected from 40-min ago, which will highly

decrease the accuracy of the model.

Another challenge is to balance the cost of the computing hard device, the depth of

the prediction model, and the accuracy of the model. One big restriction when using

an ML-based model is the computing hard device. Nowadays, the ML-based models

are always implemented on a GPU, which costs a lot to make sure the model can be

trained and predict at a relatively high speed. However, to use the predictor in a real-life
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situation, it is very difficult to guarantee such a big computing center, especially for a

big traffic road network; the cost will be extremely large if we keep the same standard

for the hard devices as in the lab. It is therefore very important to provide a model that

can deal with a big traffic road network while keeping a small time consumption.

Finally, it is very important to provide an efficient way of updating the parameters for

the prediction system. First, it is important to decide when to update the parameters.

One drawback of ML-based prediction models is that the accuracy of the model is highly

related to the training dataset. If the frequency to update the model is too low, the model

will lose sensitivity for the changes in the traffic patterns of the given road section. On

the contrary, if the frequency is too high, it will make the model lose the learned seasonal

features of the given road section. Secondly, it is important to decide how to update the

parameters. The method should keep the model sensitive to the new changes of the

traffic patterns, but should also keep the seasonal features learned from the historical

dataset. Meanwhile, the time consumption for the update method should be small.
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Chapter 3

Methodology

In this chapter, we will introduce the methods used to build up the prediction system.

Inside of just proposing a prediction model, we also provide the strategies which can be

helpful for implementing the model into ITS.
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3.1 Data preprocessing

3.1.1 Moving Average

As pointed out in [134, 223], vehicular traffic flow records that have too short record

interval will contain too many unstable vibrations, which is not only useless for making

driving or control decisions, but also affects the accuracy of the prediction model. How-

ever, an interval that is too long will lose many seasonal features for vehicular traffic

data. In order to transform a short interval record into the desired interval duration, the

Moving Average (MA) method is used in this paper. The MA for the first n records can

be calculated as follows:

X ′1 =
1

n

1∑
i=n

Xi, (3.1)

where Xi represent the record at time i. To calculate the following records, we use

X ′m = X ′m−1 +
1

n
(xm − xm−n). (3.2)

3.1.1.1 Data normalization

The role for the normalization method is to map the original data records into a given

range. The reason to do so is that most of the activation functions used in NN model,

such as Sigmoid function or Tanh function, map the input into a fixed range. However,

the range for the original records varies indeterminately. Thus, we use the normalization

function to make the original records fit for the activation functions, and can help the

model converge faster. In our work, we use MinMaxScaler function to normalize the

vehicular traffic flow data, which can be represented as follows:

Xstd =
(X −Xmin)

(Xmax −Xmin)
,

Xscaled = Xstd × (Xmax −Xmin) +Xmin,

(3.3)
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where X is the original data and Xstd is the data after scaling. This standardized method

is to scale the data between 0 and 1.

3.2 Training optimization algorithm

We need to consider the time cost implementing a prediction system using ML-based

models, especially when it is in a DL structure. Usually, a model trained for a given

dataset can only be used for the specific dataset; the model’s accuracy will be highly

decreased if we force the model to predict other datasets. It means the model for all

detectors on a given transportation network may share the same structure. The time

cost will be huge if the system needs to create a new model for each detector and then

train each model on a relative dataset one at a time to ensure the whole prediction

system’s accuracy.

To reduce the overall training time while implementing an ML-based model, we pro-

vide an off-line optimization algorithm called desensitization in [109], as shown in Alg. 1.

The algorithm tries to avoid redundant training process during the implementation. As

we can see in [109], even though different detectors’ records collected at the same time of

the day may be different, the overall traffic flow trend is almost the same in one-day dif-

ferences can be further minimized by using normalization algorithms. This feature allows

us to reuse a well-trained model’s parameters over the whole network with appropriately

fine-tuning the parameters.

However, the desensitization algorithm still has its disadvantages. As we can see

in 1, to ensure the model’s accuracy for one specific dataset, the model is trained inside

a while loop to meet the threshold requirement. However, focusing on the training

accuracy will easily cause an overfitting problem, especially when the training dataset’s

size is small. This situation will be more general when the model’s structure is relatively

complicated. To further improve the desensitization algorithm’s performance, we proved
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Algorithm 1 Desensitization algorithm
Input: : mList: list of untrained models, dList: datasets for untrained models, th:
value of threshold, ne: number of retrain epochs;
step 0: Train base model using historical average dataset -> trained parameters tPara.
for model in mList and ds in dList do

step I: copy tPara into model;
step II: Test model on ds.test − > PE // Predict error;
if PE > th then

step III.a Update the parameter in model using Back propagation in ne epochs;
step III.b Go to step II;

end
end
Return mList

a new optimization algorithm called Combined Training Strategy (CTS).

As we can see in Fig. 3.1, CTS combines the Desensitization algorithm with the idea

of model refinement. For each detector, The pre-trained model is first verified by using

both its training dataset (Xtrain) and verification dataset (Xverify), and we can get R-

square values Rb
train and Rb

verify for the base model, respectively. Then, the process will

first inspect whether Rb
train is higher or equal to the training gate value Gtrain. This

process is to check whether the pre-trained model fits the basic requirement extracting

the overall dataset trend. If not, the pre-training will be sent to the Desensitization

process; otherwise, the model goes directly into the next stage. After the model finishing

the Desensitization, CTS will test the model using Xverify to get Rd
verify. Then, CTS

compares Rd
verify with Rb

verify, and the model with higher R-square value goes to the next

step. The CTS test whether the model’s Rverify meets the verification gate requirement

Gverify. If yes, the model can be used for future prediction task; otherwise, the model

will go to the refinement stage.

As shown in Fig. 3.2, the basic idea of model refinement is to train an assistant

model with a simple structure, using the reconstructed training data. There are two

main stages inside the model refinement process. Firstly, the base model is only used

for reconstructing the training data. We remove the record on the first timestamp and

append the prediction result on n + 1-th timestamp at the end of the input sequence.

70



Figure 3.1: Overview on the CTS process.

Figure 3.2: Overview on the model refinement process.
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Figure 3.3: Overview of the basic structure of the prediction model

This new sequence is used for training the refinement layer. Secondly, we tune the

parameters inside the refinement layer using Back Propagation based on the model’s

loss. The prediction will require both the base model and the refinement layer, while the

training process in model refinement is limited to the refinement layer. By doing this, we

can further improve the model’s accuracy without spending too much time. Moreover,

by treating the refinement layer as an independent part of the original base model, we

can reduce overfitting risk while performing additional training loops.

After model refinement, we get Rr
verify by verifying the model on Xverify. Then, we

compare Rr
verify with Rverify, the model with higher R-Square value will be used for

the final prediction. As we can see, CTS keeps an eye on the model’s verification value

whenever the model finishes a training process. It will help us to avoid the overfitting

caused in each training process.

3.3 Model design

In this section, we will take a look at the prediction model. As we can see from Fig 3.3,

the model can be divided into two main parts, i.e., the GCN layer, and the Attention-

based sequence to sequence structure using bi-directional GRU kernel. The first layer

is used to extract the spatial relationship among different data collectors based on their

geographic information. Then, in the following part, the spatial-temporal feature is

further extracted based on the vehicular traffic flow records.
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3.3.1 GCN

As we have said at the beginning of the section, the task for the first part of the model

is to extract spatial correlations in the road network. As we know, the vehicular flow in

a given road section is affected by the road traffic changes on its neighbors and other,

more distant road section; thus, closer correlations in the road section result in greater

vehicular traffic change affection transported to the given road section. The traditional

method is to use a weighted matrix to represent the connection relationship between

detectors. However, this method is challenging to apply to large and complicated road

network. As we know, CNN is widely used for extracting space relation for a given

picture. However, one drawback of using traditional CNN in road traffic prediction tasks

is that the geographic relation information we use is represented by adjacency matrix.

However, the traditional CNN can only fit for the grid-structure picture, and has difficulty

processing non-Euclidean structure data. To overcome this problem, Defferrard et al.

provided a Graph-Convolutional NN (GCN) in [176].

The core of traditional CNN is the convolution compute, which can be defined as

following:

(f ∗ g)(t) =

∫
R
f(x)g(t− x)dx, (3.4)

where g is the filter on f . According to the definition of Fourier transform, inverse Fourier

transform, and Convolution theorem, we could get:

f ∗ g = F−1{F{f} · F{g}}, (3.5)

where F and mathcalF−1 are Fourier transform and inverse Fourier transform.

The base for traditional Fourier transform is e−2πixv, while for the Fourier transform

a graph, the base is the n dimensional eigenvector U−1 = [u1, ·, un]−1 ∈ Rn∗n, where n

is the number of nodes in the graph. So that, we can rewrite the Fourier transform on
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graph as:

GF{f}(λl) =
n∑
i=1

f(i)u∗l (i), (3.6)

where f(i) is the signal on the i-th point, and ul is the l-th line in U . If we define

x = (f(1), . . . , f(n)) ∈ Rn, we can rewrite Equation 3.6 as follows:

GF{x} = UTx. (3.7)

Meanwhile, we can rewrite the inverse Fourier transform as follows:

IGF{x} = Ux. (3.8)

By using 3.7 and 3.8 we can rewrite 3.5 as follows:

g ∗ x = IGF{GF{g} · GF{g}},

= U(UTg · UTx),

(3.9)

where g is the filter in Graph Convolution compute. To give the filter function the

ability to aggregate the information from the adjacency nodes of the node in graph, the

Laplacian matrix L is introduced to the function as g(L), where L can be represented as

L = UΛUT and Λ is the diagonal matrix built up by the characteristic vector. UTg(L)

can be further written as gθ(λ). Then, Equation 3.9 can be rewritten as follows:

gθ ∗ x = Ugθ · UTx, (3.10)

which is Equation (3) in [224]. According to the simplification process in [224], in the

end we get the convolution function used for graph:

gθ ∗ x = θ(D−
1
2 ÃD−

1
2 )x, (3.11)
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Table 3.1: Commonly used Laplacian matrix representations

Type of L Representation
Combinatorial Laplacian L = D − A

Symmetric normalized Laplacian Lsys = D−
1
2LD−

1
2

Random walk normalized Laplacian Lrm = D−1L

where Ã = I + A, and A is the adjacency matrix of the graph, D is the degree matrix,

which can be calculated as follows:

D =


n∑
t=1

Ait i = j,

0 otherwise,

(3.12)

The most commonly used Laplacian matrix representations are shown in Table 3.1,

and in [224], the authors chose symmetric normalized Laplacian. In the end, by adding

the activation function to equation 3.11, we get the final GCN function for layer l:

H l = σ(D−
1
2 ÃD−

1
2H l−1W l−1) (3.13)

In [225], the author provided the Diffusion CNN [226] on graph; by using the random

walk normalized Laplacian, the diffusion convolution compute can be represented as

follows:

x ∗ gθ =
K−1∑
k=0

(θk,1(D
−1A)k + θk,2(DA

T ))x, (3.14)

where k is the number of truncation steps of the diffusion process

3.3.2 Attention-based sequence to sequence neural networks

With the help from GCN, the influence from geographical correlation can be perfectly

captured. However, as pointed out in [179], the spatial correlation between each road

section is changed with time. To face this challenge, an Attention-based sequence to

sequence neural network is proposed, as shown in Fig. 3.4. The neural network can be
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Figure 3.4: Legend of Attention-based sequence to sequence neural network

divided into two parts, i.e., the encoder with Attention layer, and the decoder. The

data processed by the diffusion GCN is input into the Attention-based encoder, and

the Attention layer in this part is used to extract the spatial correlation based on the

time-series itself. The output from encoder will be inputted to the decoder. The final

prediction will be made by a fully connected layer using the output from the decoder.

According to the research in recent years, the sequence to sequence model performs

well in time-series prediction tasks[174, 105]. As we can see from Fig. 3.4, the model

can be divided into two main parts, i.e., encoder and decoder. In the encoder phase, the

Encoder will encode the input source sequence into a vector Ce = [h1e , ..., hte ] by using

the hidden states h from the RNN modules inside the Encoder in each timestamp, which

can be calculated as follows:

hie = Re(xi, hi−1e), (3.15)

where Re can represent a single layer RNN or RNN in Deep-Learning structure inside

the encoder. In our work, we choose GRU in a bi-directional structure to get a relatively

faster computing speed; meanwhile, the bi-directional structure will let each hidden state
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contain information not only from the previous timestamp, but also the timestamp be-

hind it. The vector C is believed to contain the high-level features in the input sequence.

Then, the RNN modules inside the Decoder will not only take the previous timestamp’s

output, but also the vector C to calculate its output as follows:

hid = Rd(h1e , hi−1d). (3.16)

The purpose of using the Attention layer is to determine how much information will be

taken from each element in the input, by using normalized exponential function, which

is shown as follows:

atten(X) = Softmax(σ(WX)), (3.17)

where w is the weight matrix for the Attention layer. Adding Attention layer to encoder

and decoder, we can rewrite Equation 3.15 and 3.16 as follows:

hie = Re(attene(xi, hi−1e), hi−1e),

hid = Rd(attend(h1e , hi−1d), hi−1d).

(3.18)

3.4 Efficient training strategy

Traditional road traffic prediction systems, usually work for a large road network, and are

built in a central computing center where all historical data is stored and updated; it is

also where the prediction model is trained. This kind of system requires a huge computing

capacity, and there will be a high frequency and large amount of network occupation for

data updates. To overcome these problems, we co-opted ideas from parallel computing

and distributed computing [227, 228, 229, 230, 231, 232, 233, 234, 235, 236, 237, 238, 239,

240]. We provide a efficient training strategy, which will highly reduce the dependency

on hardware. Meanwhile, the strategy takes the benefits from vehicular cloud (VC) and

makes faster and more accurate predictions.
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Figure 3.5: Legend of efficient training strategy

The overview on the strategy is shown in Fig. 3.5. As pointed out in [241, 242],

a VC is a type of an edge cloud which is built by the road side units (RSU) and the

vehicle on the road. The on-wheel resources and roadside infrastructures are aggregated

by using cellular communications, Wireless Access in Vehicular Environment (WAVE),

Dedicated Short Range Communication (DSRC), etc. Meanwhile, a centralized Cloud

is set for providing necessary service. This kind of cloud structure is suitable for our

training strategy.

In our design, the large road network will be separated into small grid, and each

grid will have the same number of prediction points. A base model will be trained in

the central cloud by using the historical data from all data detectors. The difference

compared to tradition prediction system is that the size of the base model is the same

with each small grid. After pre-training, the parameters of the base model will be

broadcast to the local cloud in each grid. The prediction model in each local cloud has

the same structure as the base model in the centre cloud. Then, each local cloud will

fine-tune the parameters of the model with the data collected in their own grid. The

central dataset is updated by taking the data stored in each local cloud with each preset

updated time interval, such as every week or longer. By doing this, we can first reduce

the network load between local and centre cloud. Second, we can achieve a flexible data

update strategy. Last but not the least, the local model will be updated based on the
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latest data, while the base model can keep good seasonal features by training with older

but longer data collections.

3.5 Online prediction strategy

For road traffic prediction, the online prediction is an important topic to face. This is

due to data transport and update delay. Meanwhile, the online prediction strategy is

also useful for data loss.

To achieve online prediction, we use the continuous prediction method, where current

prediction results are used for data completion and prediction for the next timestamp,

which can be represented as follows:

Ỹt+n = P (Yt+n−i, .., Ỹt, P (Yt−i+1, .., Ỹt+1), .., Ỹt+n−1), (3.19)

where i is the length of the time-series we use for prediction, and n is the number of time

intervals by which the data is delayed.

3.5.1 Refinement learning

Furthermore, to get a more accurate prediction result, we provide the idea of a refinement

learning. The aim of refinement learning is to improve the non-stationary of the model,

without change the main structure of the trained model. Refinement learning gives the

trained model to adapt the time interval length shift.

A refinement layer is added to the end of the original model, which is already well

trained. The mechanism of the refinement layer is to learn the difference between the

predicted data and the real data. As we can see from Fig. 3.6, the refinement layer takes

the prediction results from the trained model as its input. The refinement layer is trained

to learn the distance between the prediction from the give trained model to the real data

records. The predicted distance and the real distance are used to calculate the loss value
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Figure 3.6: An overview of refinement learning mechanism.

as follows:

Loss =
1

2
(frf (Ỹ )− (Ỹ − Y ))2, (3.20)

where frf represents the ML model calculation inside the refinement layer. The loss is

used for back-propagating the refinement layer. The training process for the refinement

layer is isolated from the main model, and will not change the parameters inside the main

model. This will avoid us from spending lots of time re-training the based model, whose

model structure is more complicated than the refinement layer. After the refinement

layer is well trained, the trained model and refinement layer work together to make the

final prediction for the test cases.
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Chapter 4

Experiments and Evaluations

In this chapter, we will present the details of the implementation of our work. There will

be two main parts of the experiments.

The first part will give a comprehensive analysis of the performance of the ML-based

models and the deep-learning structures used for One-One traffic flow prediction task.

The performance of a model includes the accuracy of the model and the efficiency of the

model. Moreover, we will further discuss the cost of using deep-learning structures in

traffic prediction tasks. In the end, we will give a short analysis of the Desensitization

algorithm’s performance.
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The second part will test the new hybrid model we have proposed used for Multi-

Multi traffic prediction tasks. The model is tested on two real-world data from PeMS [199].

We will first present the analysis of the dataset. Meanwhile, the data preprocessing pro-

cess will also be presented in Section 4.3.1. In Section 4.3.2, there will be a thorough

analysis of the experiment results of our work.

4.1 Performance metrics

To compare the performance between different prediction models, we use three perfor-

mance metrics to evaluate the prediction results: Mean Absolute Error (MAE), Root

Mean Squared Error (RMSE), and R-Squared (R2) which can be expressed as follows:

MAE =
1

n

n∑
i=1

|Ŷi − Yi|,

RMSE =

√√√√ 1

n

n∑
i=1

(Yi − Ŷi)2,

R2 = 1−
∑n

i=1(Ŷi − Yi)2∑n
i=1(Y − Yi)2

= 1− MSE

V ar(Y )
,

(4.1)

Each of the above metrics has their own features. MAE shows the difference between the

real data and the prediction results, while RMSE expands the error when the difference

between the real data and prediction results is bigger. As for R-Squared, we can see

it as the comparison between the prediction model and the baseline model. When the

value of R-Squared is closer to 1, the accuracy of our model is higher. When the value of

R-Squared is 0 the accuracy of our model is equal to the baseline model. If R-Squared

is less than 0, it means the model does not learn any linear features from the dataset.

Beside the above metrics, we also focus on the time we spend on training and predic-

tion phases, which is important for implementing a prediction model in the real world.

To further evaluate the cost-effectiveness of different methods, we provide a new metric
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called Gain, which can be calculated as follows:

Gain =
R2
N −R2

B

TNTrain
− TBTrain

∗ 100%, (4.2)

where R2
N , R2

B represent the R-Squared value for the new model and benchmark respec-

tively, and TNTrain
, TBTrain

are the training times for the new model and benchmark,

respectively. Normally, we choose the model with the shortest training time as the

benchmark. The higher value of Gain means the method is more cost-effective.

4.2 Experiments on One-One traffic prediction model

and optimization strategy for training process

4.2.1 Datasets

In our experiment, we have used two datasets, i.e., PEMS-bay and NY-urban. These two

datasets contain traffic flow data both collected from real-world datasets, PeMS [199],

and NYC Open data [243], respectively; and a short comparison of the two datasets in

Table 4.1. These two datasets represent different traffic flow prediction tasks. According

to the dataset’s time interval, PEMS-bay is used to evaluate the model’s performance

on short-term traffic prediction tasks, while NY-urban is used for the long-term traffic

prediction task. Meanwhile, due to the number of records in the dataset, PEMS-bay can

help us see the model’s efficiency dealing with a large dataset, and NY-urban can help

us compare the models’ dependence on the size of the dataset.

Last but not least, these two datasets are collected from different road environments.

In Fig. 4.1, we compared the average traffic volume of the 30 detectors in each dataset

collected in the first week. As we can see, the overall traffic volume in NY-urban is way

more than the traffic volume in PEMS-bay, which means that even though the traffic

flow trend seems similar, the changes in NY-urban are more significant in PEMS-bay.

83



Table 4.1: Comparison on the datasets used in the experiment

PEMS-Bay NY-urban
Road type Freeway Urban road

Time Interval 5-min 1-hour
Record Length 4-month 1-week

Number of Records 1e6 6e3
Number of Detectors 30

Data Type Traffic flow

Figure 4.1: Overview on the first week’s traffic flow in PEMS-bay (up) and NY-urban
(down).
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4.2.2 Experiment results

4.2.2.1 Experiment setup

In our experiment, we compared several famous non-parametric models:

• SVM: Linear kernel SVM (L-SVM), RBF kernel SVM (RBF-SVM), and Polynomial

kernel SVM (P-SVM)

• FFNN: Single layer FFNN

• RNN: Single layer LSTM and single layer GRU

Furthermore, we analyze the following deep-learning structures for the traffic prediction

models:

• FFNN: SAE and DBN

• RNN: Multi-layer RNN, bi-direction RNN, seq2seq RNN, and attention-based seq2seq

RNN

• DeepTrend structure

Each model will be trained and tested on both datasets, and all models will use the

past five continuous records to predict the traffic flow in the next time interval. There are

70% of the dataset used for training will be randomly shuffled before training the model,

and the rest are used for the model test. By random shuffling the dataset, we try to avoid

the training inertia caused by the regular vibration in the original dataset. Meanwhile,

we use the average of the cross-validation method’s results to avoid evaluation deviation.

4.2.2.2 Performances of non-parametric models

First, we will take a look at the performance of each non-parametric models. As we

can see in Table 4.2, from a macro perspective, all models perform better on PEMS-bay
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Table 4.2: Average experiment results on the two datasets for each non-parametric mod-
els.

Models PEMS-bay NY-urban
RMSE MAE R2 Training time/s Test time/s RMSE MAE R2 Training time/s Test time/s

L-SVM 16.833387 14.11306 0.982679 2.437065 0.003616 153.756602 119.012254 0.863381 0.043204 0.000115
P-SVM 16.804553 14.071188 0.982709 1.289892 0.004437 153.657461 118.939087 0.863689 0.00742 0.000085

RBF-SVM 21.632685 17.755842 0.970151 0.091694 0.019289 145.859605 116.773003 0.867022 0.000419 0.000113

FFNN 12.129377 8.141788 0.990523 1.830242 0.001698 116.064889 86.491541 0.894535 1.888411 0.000149

LSTM 8.957064 6.123733 0.994689 18.063892 0.003543 117.099682 86.471353 0.899088 3.61464 0.000435
GRU 8.964779 6.150099 0.994679 17.508204 0.003253 113.87133 84.328828 0.902511 3.542995 0.000456

than on NY-urban. All R-square values in PEMS-bay are higher than the same model’s

R-square value in NY-urban. The main reason is that the size of PEMS-bay is much

bigger than NY-urban, which means more data can be used for model training. The

models can capture more features in the traffic flow series.

Meanwhile, the RMSE and MAE value in PEMS-bay is much smaller than in NY-

urban. It is because that the overall volume in PEMS-bay is smaller than in NY-urban,

the same degree of forecast volatility will cause more significant error results in NY-

urban. Moreover, the training time is longer when the models are used for PEMS-bay.

One reason is that the models need more time to go through all data in the training set.

Another reason is that if the training process is too long for a model trained on a small

dataset like NY-urban, it is easy to cause an overfitting problem, significantly affecting

its accuracy.

Now, let us take one step further, analyzing the performance of each model. As we can

see from Table 4.2, the RNN-type models, i.e., LSTM and GRU, have the best accuracy

over all of the models. However, LSTM and GRU have slightly different performances

on different datasets. LSTM has a better performance than GRU on PEMS-bay, while

the models’ performance on NY-urban is just the opposite. It means LSTM has a better

ability to handle a large dataset than GRU, while the GRU’s simpler two-gate structure

is beneficial for training on a small dataset. In the meantime, we also notice that GRU’s

training time is shorter than LSTM’s, which is also due to GRU’s simpler inner structure.

From Table 4.2, we can see that ML-based methods (FFNN, LSTM, and GRU) have
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Table 4.3: Experiment results of different deep-learning structures on the two datasets.

Models PEMS-bay NY-urban
RMSE MAE R2 Training time/s Test time/s RMSE MAE R2 Training time/s Test time/s

SAE 10.949906 8.234334 0.991878 11.795200 0.000867 139.889328 105.901834 0.855887 13.721058 0.000686
DBN 10.321363 7.611481 0.993029 24.875117 0.000816 123.099012 90.952072 0.892961 18.422307 0.000639

Dual-layer RNN LSTM 8.997613 6.129228 0.994709 25.504078 0.004037 120.365883 88.203106 0.885006 4.784408 0.000545
GRU 8.951501 6.137933 0.994696 24.309060 0.003768 120.634479 88.488250 0.882972 4.723473 0.000512

Triple-layer RNN LSTM 8.968567 6.164366 0.994671 32.780753 0.004865 122.768399 92.307754 0.876474 5.941472 0.000679
GRU 8.931924 6.147366 0.994711 30.745161 0.004428 134.661207 101.302997 0.879068 5.709832 0.000627

Bi-drection RNN LSTM 8.925625 6.113713 0.994709 26.154155 0.003947 128.277454 94.341071 0.876036 4.849733 0.000601
GRU 8.941581 6.124832 0.994669 24.902018 0.003764 118.797130 86.087539 0.884587 4.682895 0.000528

Seq2seq 10.104538 7.069788 0.993378 20.812815 0.716703 173.877403 135.734316 0.771880 9.549930 0.002336
Attention-based seq2seq 10.520587 7.533946 0.992741 85.711398 1.213986 218.344456 175.590382 0.868432 20.317136 0.003916

DeepTrend 9.730399 6.670463 0.993728 69.398025 0.006623 - - - - -

better accuracy than the traditional non-parametric model, i.e., SVM. The ML-based

models have advantages in extracting complicated pattern relationships from historical

data. However, we also notice that the traditional non-parametric model’s training time

is much shorter than the training time for ML-based methods, a useful feature for real-

world implementation. It is because the scale of the inner parameters in an ML-based

model is much bigger than a non-parametric model, which will take more time to train

the model. Moreover, as we can see that RBF-SVM spend the shortest time to converge

in both datasets, the other two types of SVM have higher accuracy on PEMS-bay, and

NY-urban just the opposite, which means RBF kernel if not fit for the task on a large

dataset. Another thing is that although the training time is shorter for SVM compared to

ML-based models, the tensor-based implementation environment for ML-based models

reduces the prediction time of the model.

4.2.2.3 Performances of deep-learning structures

In this section, we will discuss the performance of different deep-learning structures. We

have to point out that the implementation requirements of the DeepTrend structure, a

week’s historical data need to be used to calculate the historical average trend. However,

due to the NY-urban dataset’s size, which only has one-week records, it is not suitable

for testing the DeepTrend structure, so there is a missing experiment result for the

DeepTrend structure on NY-Urban.

Let us start with the analysis of RNN-related deep-learning structures’ performance.
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As we can see from Table 4.3, multi-layer RNN structure, including Dual- and Triple-

layer RNN structure, and bi-direction RNN structure outperform other deep-learning

structures on PEMS-bay. In contrast, the DBN structure outperforms others on NY-

urban. It shows us that the deep-learning structure for RNN is more suit for large data

traffic prediction tasks, while DBN is relatively more suitable for a small dataset. While

we have a close look at the experiment results of the multi-layer RNN structures, we

can see that although the number of layers is increasing, the model’s accuracy does not

have a significant improvement. In the meantime, the model’s accuracy is decreasing

on NY-urban while the layer is increasing. The reason is that although a more complex

model structure will learning more features from historical data, the model is also easier

to overfit the training dataset, especially for a small dataset. We also notice that, while

the R-square value of dual-layer RNN is very close to bi-direction RNN, the overall error

of bi-direction RNN is lower than dual-layer RNN. It means the bi-direction RNN has

better performance while the traffic volume is large such as in peak hour. As we can also

see from Table 4.3, although there is the same number of layers of RNN in dual-layer

RNN, bi-direction RNN, and seq2seq, the performance of the models are very different

from each other, especially on NY-urban. The seq2seq structure has a more significant

overfitting problem compared to others. Meanwhile, the performance of attention-based

seq2seq has a similar performance than the structure without the attention layer on

PEMS-bay, while the attention layer can highly improve the model’s accuracy on NY-

urban.

After discussing the performance on deep-learning structures for RNN, let us take a

look at the other deep-learning structures. As we can see in Table 4.3, the DeepTrend

structure outperforms SAE and DBN. However, the training time of DeepTrend is much

more than SAE and DBN because of the more complicated model structure. Meanwhile,

we also notice that, although DBN and SAE use the pre-training strategy, SAE converges

faster than DBN, according to the training time of the models. Nevertheless, in the
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Figure 4.2: Comparison of the R-Square values of models using different training strate-
gies on NY-Urban dataset

meantime, the DBN structure can bring more accuracy to the base model.

By comparing Table 4.2 and Table 4.3, the training time is much longer while using

a deep-learning structure than using the base model, especially for FFNN. The reason

is that the fully-connected layer in DBN and SAE requires more weights and biases

parameters, which will increase the computational burden. Meanwhile, we also conclude

that the deep-learning structure can amplify the features of the base model. By taking

LSTM and GRU as an example, the differences between LSTM and GRU’s training cost

are more significant, while the number of deep-learning structure layers is increasing.

However, we can see that, although the overall accuracy is higher while using the deep-

learning structure on PEMS-bay, the accuracy of the model drop on NY-urban. This

result reminds us that a deep-learning structure is not fit for handing a small training

dataset. The converge process of the deep-learning structure model is longer than the

base model, requiring more data to train the model. A deep-learning structure model

trained by a small dataset with insufficient training epochs will not converge. However,

if the training data are used in too many epochs, the model will overfit the training

dataset, which will also affect the model’s accuracy.
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Table 4.4: Comparison of the training time of the model by using different training
strategies on NY-Urban dataset. (D-LSTM represents dual-layer LSTM, B-LSTM rep-
resents bi-direction LSTM, S2S, represents seq2seq structure model, and AS2S means
attention-based seq2seq structure)

Normal/s Desensi/s CTS/s
LSTM 3.614640 1.165748 1.733389

D-LSTM 4.784408 1.536375 1.784391
B-LSTM 4.849733 1.669032 1.809935

S2S 9.549930 1.249903 5.593644
AS2S 20.317136 2.037045 6.203454

4.2.2.4 Performance of optimization algorithms

As we can see from Table 4.2, the RNN model costs at least two times longer than the

other base model. It will highly affect the system’s overall implementation cost, while the

number of detectors is huge. Meanwhile, in Table 4.3, we noticed that the DL structure

ML-based models have difficulty improving the base model’s performance when there are

no adequate training records. It is vital for us to reduce the implementation time for the

RNN-based model and its DL structure models.

In this section, we will focus on the two optimization algorithms’ performance, i.e.,

Desensitization algorithm and CTS. We will test the training algorithm using the NY-

urban dataset for both the RNN model (LSTM) and its DL structures. In Table 4.4 and

Fig. 4.2, "Normal" means the models are trained by the traditional Back-Propagation

method, while "Desensi" means the models are trained using the Desensitization strategy,

and "CTS" means the models are trained using CTS.

As we can see from Table 4.4, both Desensitization strategy and CTS can highly

reduce the model’s training time. However, due to the more complex structure, CTS’s

average training time is higher than the Desensi strategy. Even so, the training time

for models training with CTS is at least close to half of the models’ training time using

regular training strategy.

Meanwhile, according to Fig. 4.2, using either of the two optimization algorithms can
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Table 4.5: Comparison of the models’ RMSE value under high-volume traffic situations
while using different training strategies on NY-Urban dataset.

Normal Desensi CTS
LSTM 136.498583 144.956763 139.182466

D-LSTM 128.781329 132.596861 142.277346
B-LSTM 135.541532 131.664661 141.005951

S2S 216.750922 226.531404 172.365872
AS2S 175.594376 184.266120 184.843788

obtain acceptable accuracy. By using Desensitization, the model is trained on the base

dataset first, which will help the model learn the overall data features. Meanwhile, on the

second broadcast stage, the model is trained on different sub-datasets to learn specific

traffic pattern features of a given detector, which will help the model avoid overfitting

problem.

Meanwhile, although the CTS takes a longer time to train the model, its overall

accuracy is better than Desensi. Except for LSTM, the accuracy drops a little, the

other models all have better performance than the situation training in the normal way.

CTS process assures the pre-trained model’s qualification on basic feature extraction

by embedding the Desensitization process. Then, the model refinement process further

improves the accuracy of the model. Meanwhile, the three verification stage reduce the

model’s overfitting risk. CTS improves the model’s efficiency without compromising the

model’s accuracy, which is significantly improved compared to the Desensi strategy.

Still, these two optimization methods has a same disadvantage. As we can see from

Table 4.5, the models’ performance drops during high-volume situation. The main reason

is that the pre-trained model is trained by using historical average data on each detector,

which will inevitably lead the model to bias towards conservative predictions on high-

volume situation.
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4.3 Experiments on proposed hybrid ml-based predic-

tion system for Multi-Multi traffic prediction tasks

4.3.1 Data preparation

The vehicular traffic flow data we use is collected by using loop detector on two large-

scale traffic networks from PeMS [199], i.e., METR-LA and PEMS-BAY. The detectors’

geographical information is provided in [225]. PeMS collected the real-time from more

than 39,000 individual detectors on freeway in California. It provides us the information

including flow, occupancy, speed and other useful data of each lane for each detector

point. Meanwhile, the raw time interval we collected from PEMS is set to be 5 minutes

which contains more nonlinear features, and also gives us more space for subsequent data

processing. The data of the above two road networks are both from the highway. There

are 200 sensors in METR-LA network, which are located in Los Angeles County. As

for PEMS-BAY, there are 300 sensors located in the Bay area of California. Both of

these two datasets were collected between April 1, 2018 and July 31, 2018. To have an

intuitive impression of these two datasets, we take the data of the first week from all

detectors, and calculate the mean value on each timestamp. As we can see from Fig. 4.3,

the peak road traffic volume on METR-LA is much higher than on PEMS-BAY, as well

as the vehicular traffic volume on each timestamp. Meanwhile, we can see that the two

peak-time vibrations on weekdays are more apparent in PEMS-BAY.

The weighted adjacency matrix is built by using threshold Gaussian kernel method

according to [244] based on the distance between each other. The raw data is smoothed

by using moving average, and the window size is set to be 3. As shown in Figure 4.4,

we can see that when the size of smooth window is set to be 3, we can smooth the raw

data without losing a lot of useful non-seasonal vibrations. After the data is smoothed,

it is normalized by MinMaxScaler before inputted into the prediction models. 7/10 of
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Figure 4.3: Mean value over all detectors in two datasets in the first week of April
(Sunday to Saturday).

Figure 4.4: Comparison of the data smoothed with different window size from April 2
on detector 400001

the data is used for training the prediction models, which are shuffled randomly to avoid

the overfitting situation and to ensure the generalization of the models; 2/10 of the data

is used for validation; and the rest of the data is used for model testing. As for the

evaluation of the parallel strategy, half of the validation data is used for validation tasks,

while the remaining half of the data is used for fine-tuning the model parameters.

In the remainder of the section, we will analyze the performance of the prediction

system we proposed by using the real-world data records.
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Table 4.6: Accuracy, time consumption and cost-effectiveness for all models on two real-
world datasets

Models PEMS-BAY METR-LA
MAE RMSE R2 Ttrain(s) Gain MAE RMSE R2 Ttrain(s) Gain

S2S 22.16 35.59 0.9423 93 - 27.41 38.65 0.9567 85 -
SA2S 25.31 41.75 0.9201 127 -6.53e-4 29.70 43.19 0.9456 145 -1.84e-4

DARNN 22.05 36.81 0.9408 369 -5.43e-6 25.99 37.61 0.9592 307 1.13e-5
DCRNN 20.11 31.24 0.9574 3640 4.26e-6 22.97 32.55 0.9695 3449 3.81e-6

M1 21.23 34.88 0.9477 2352 2.39e-6 24.489 34.99 0.9643 2230 3.54e-6
M2 17.72 28.22 0.9657 367 8.54e-5 20.74 29.20 0.9751 350 6.94e-5

4.3.2 Performance of the prediction model

4.3.2.1 Models and experiment environment setting

The models we selected in our work are as follows:

• S2S: Sequence to sequence model using GRU kernel [161].

• SA2S: Sequence to sequence model using GRU kernel with Attention layer in en-

coder.

• DARNN: Dual-stage Attention-based recurrent neural network provided by Qin et

al. [245]

• DCRNN: Diffusion convolutional recurrent neural network provided by Li et al. [225]

• M1: The model we proposed with three-layer GCN in the first part of the model.

• M2: The model we proposed with Diffusion GCN in the first part of the model.

All models are tested on the same hardware environment (System: Ubuntu 16.04

LTS, CPU: I7-8700k, GPU: GeForce GTX 1080 Ti).

4.3.2.2 Accuracy and efficiency of the models

The results of the experiments are shown in Table 4.6. Generally speaking, the training

time of the models trained for PEMS-BAY is longer than the models trained for METR-

LA. This is because the size of the METR-LA dataset is smaller than that of PEMS-BAY.
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Meanwhile, from the value of R2 we can see that the accuracy of the models trained for

METR-LA is higher than the models for PEMS-BAY. We mainly believe that is because

the vibration during the daytime in PEMS-BAY is more abundant than in METR-LA,

which is more difficult to fit.

Now, let us focus on the performance of different models. The first thing is that

the model we proposed with diffusion GCN in front of the Attention-based sequence to

sequence structure outperforms other models in any dataset in terms of accuracy, time

efficiency and cost-effectiveness. By comparing M1 and M2, we can see that diffusion

GCN is more effective and efficient than multi-layer GCN. By comparing M1, M2 and

SA2S, we can see that the spatial extraction phase is a valid way to improve the accuracy

of the prediction model. By comparing models S2S, SA2S, and DARNN, we noticed that

the complexity of the model does not always have a positive affect on its accuracy, while

the time consumption normally increases in congruence with the complexity of model.

Another point is that models’ performance varies when applied to different datasets. For

example, the Gain value of DARNN is relatively bigger than other models except M2

on METR-LA; however, the Gain value is negative when applied to PEMS-BAY. This

is related to the complexity of the dataset, where PEMS-BAY has more complicated

non-linear features than METR-LA, as we addressed in the first part of this section.

4.3.2.3 Online prediction performance

In this part, we will focus on the accuracy of the models for online prediction tasks.

The prediction interval is set to be 15 min, 30 min, and 1 hour; meanwhile, we choose

PEMS-BAY as the test dataset. The performance of online predictions for each model

without using a refinement layer is shown in Fig. 4.5. As we can see from the picture, the

accuracy of the model deteriorates, when the prediction interval increases. The models we

propose, i.e., M1 and M2, show better performance when the prediction interval increases,

particularly when the prediction interval is 60 min. Meanwhile, M2 retains the lowest
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(a) RMSE (b) R-Squared

Figure 4.5: The online prediction results of the models without using the refinement
learning method. Here, R2 value that is less than 0 or RMSE bigger than 150 is omitted.

Figure 4.6: Prediction results for July 31 by S2S, M1, and M2 while the prediction
interval is set to be 60 min
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accuracy deterioration speed, which indicates the model is more stable than the other

models; in another words, the model has better robustness. One thing we also notice is

that although S2S shows strong prediction results when the prediction interval is small,

the model’s performance becomes unacceptable when the interval is larger. The Fig. 4.6

gives us an intuitive expression of what has happened to the prediction models when

the prediction interval becomes bigger. As we can see, all prediction models have more

incorrect vibrations, especially when the vehicular traffic flow is low. The model tends

to give a much bigger value when the current vehicular traffic volume is small, partly

because the model is too sensitive to the vibration. While the current vehicular traffic

volume is small, the vibration caused by the small prediction loss has bigger influence

compared to the time when the vehicular traffic volume is bigger. This negative influence

will be accumulated until the next data update, which will lead to a large prediction error.

As we can see, the S2S almost lost all its seasonal features; meanwhile, M1 and M2 can

make a reasonable prediction during the peak hours. Besides, we also notice that M2

can keep a relatively stable prediction performance when the vehicular traffic volume is

small.

To further improve the robustness of the model, we apply the refinement learning

strategy to the models. Here, we take M2 as an example, and we use a single-layer

FFNN as the refinement layer. The comparison of online prediction results between the

model using refinement learning and what the model does not use is shown in Table 4.7.

From the Table, we can see that the refinement learning strategy can highly improve the

robustness of the prediction model, and make the prediction results much more stable

than the traditional method. Meanwhile, according to the value of Gain, we can see that

the refinement learning is more useful when the prediction interval is bigger.
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Table 4.7: The comparison of the model using refinement strategy and the model that
does not. Each value of R2 and RMSE represents the value of the model not using
refinement learning, and the model that does, respectively.

15-min 30-min 60-min
R2 0.9534/0.9607 0.9077/0.9606 0.8543/0.961

RMSE 33.07/30.15 46.59/30.14 58.75/29.98
T 59 114 216

Gain 1.23e-4 4.64e-4 4.93e-4

Table 4.8: Prediction results of M2 using parallel training strategy and M2 using inde-
pendent training, where TcTrain

is the time we spend training the central system, and
TsTrain

is the time we spend updating and training the parameters on one sub-system.

Model Parallel Separated

PEMS-BAY

MAE 12.16 11.47
RMSE 18.91 17.98
R2 0.9867 0.9860
TcTrain

353 -
TsTrain

50 261

METR-LA

MAE 14.38 14.71
RMSE 20.36 20.97
R2 0.9881 0.9873
TcTrain

367 -
TsTrain

35 185

4.3.2.4 Parallel training strategy performance

In this part, we compared the parallel training strategy with independent training strat-

egy. For independent training strategy, i.e., the traditional training method, each sub-

system kept their own parameters and does not get pre-trained model parameters from

the central system. As can be seen from Table 4.8, the parallel training strategy perform

as well as the independent training strategy. In addition, the model using parallel train-

ing strategy can update the parameters in a really short time, giving us the opportunity

to update the parameters of the prediction system based on the more recent vehicular

traffic records.
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Chapter 5

Conclusions

In our work, firstly, we reviewed and tested several famous non-parametric traffic pre-

diction models and their deep-learning structures on traffic prediction tasks both on the

freeway and urban areas for One-One traffic prediction tasks. Our experiment compared

the accuracy and the implementation time cost for the base models and the deep-learning

structures. From the experiment results, we can see that ML-based models and their

deep-learning structure have an advantage in prediction accuracy, especially while the

model has sufficient training data. However, the traditional non-parametric model, such

as SVM, has advantages on implementation cost. We need to choose a suitable model
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according to the size of the dataset. Moreover, we also introduced a new optimization

strategy, i.e., CTS, for the traditional training process. In the experiment, we proved

that the CTS has a better overall performance than the Desensitization algorithm. We

proved that CTS could reduce the training time for the whole prediction system and

improve the model’s accuracy, significantly improved compared to the Desensitization

algorithm.

Secondly, we provided a new hybrid deep learning model integrating GCN with

Attention-based sequence to sequence model with bi-directional GRU kernel. Meanwhile,

we proposed a new performance metric called Gain, which can help us evaluate the cost-

effectiveness of the new methods. We also introduced a new online training strategy

by using refinement learning. Furthermore, we provided a training strategy that could

further use the vehicular network structure to improve the efficiency and accuracy of the

model. Using the new training strategy, we can easily update the model by using the

most recent records without losing the seasonal features. According to our experiments,

we have proved that the model has good accuracy and efficiency. In the meantime, we

have proved that the model has high robustness when facing online prediction tasks. We

also provided the efficiency of the new prediction strategy and the training strategy.

There are many possible research directions in the future.

Start with the Desensitization and CTS training strategy. It is essential to provide

a more thorough analysis for Desensitization based on experiments to see whether the

method can maintain the high performance for a more complicated model, such as a Deep-

Learning model. Furthermore, we want to evaluate how data loss affects the performance

of the training strategy.

For large transportation network prediction, it is interesting to seek the combination

of our model with our ITS applications, such as VC or congestion control system, to

see how our system can improve their performance. Secondly, it is essential to consider

the spatial relationship change at different times of the day and find a way to use this
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feature. Moreover, we would like to provide models for traffic prediction on the combined

transportation network, such as freeway and urban road. Last but not least, we think

that it is necessary to reduce the prediction interval further so that we can include the

accident situation on the road and provide more useful information for road management.
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