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Abstract— In this paper, we compare the road travel time 

prediction performance of the regularized least squares (RLS) 

and sparsity-based regularization (SBR) methods. Using real 

travel time data gathered by probe vehicles connected to a GPS 

sensor network, we demonstrate that SBR methods show a better 

prediction performance than simple RLS algorithms. We further 

suggest that feature mapping be applied in the SBR algorithm, 

which results in even better prediction performance. 

 

Index Terms— Vehicular network, Traffic estimation, GPS, 

Sparsity-based Regularization. 

 

I. INTRODUCTION 

CCURATE traffic prediction is important for intelligent 

transport systems. Previous studies focused on highway 

traffic prediction where traffic data are available [1]–[6]. 

However, this type of research is limited by the amount of 

accessible data. Since most traffic monitoring is performed by 

using sensors installed on the roads and there are not many 

sensors, the available data are limited to those for a small set of 

road segments. 

In this study, large-scale data gathered by probe vehicles 

equipped with GPS sensor nodes were used. The probe 

vehicles—more than 20 taxis operating in the Boston area— 

reported their location and time information almost every 

second while they were traveling. We used this information and 

underlying map information to determine the length of time it 

took a car to travel along specific road segments, which yielded 

a large amount of travel time information for a large set of road 

segments in the Boston area. The scope of the information was 

unlimited, since the probe vehicles could travel wherever roads 

exist, and the GPS sensor nodes recorded their trajectory for 

every journey. Furthermore, the dataset thus acquired can be 

expected to grow as the number of probe vehicles increases. 

Thus, a prediction model that can handle a large amount of data 

is required. In this paper, we therefore propose a prediction 

method that can utilize a large dimension of data. 

In particular, the goal of this study was to predict the travel 

time for a road segment using the historical and current 

information of the given road segment, as well as of other 

spatially related road segments. The input vector of the learning 
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system was historical and current travel time information for 

spatially related road segments and the output was the travel 

time for the given road segment. 

One of the most general approaches for time series prediction 

is the regularized least squares (RLS) method [7], [8]. 

However, the RLS approaches that are frequently used can 

result in over fitting when the number of samples is smaller 

than the number of features. Since the travel conditions of a 

road segment are considered to depend on those for a subset of 

all the road segments, sparsity-based regularization (SBR) is a 

good approach for addressing this problem [9]–[12]. SBR 

benefits in terms of prediction performance from the fact that it 

shrinks the value of some features to 0 rather than retaining 

their lower values. It also benefits in terms of computational 

performance from the fact that it retains a small set of features 

when the original input space domain is very large. 

We used SBR algorithms for prediction and compared their 

performance with that of RLS methods. We further extended 

the input space to incorporate a higher order relationship 

between the elements of the input space. 

 

II. GPS DATA AND A MAP 

A. GPS data 

In [13], a vehicular sensor network system called CarTel was 

developed that uses GPS and wireless communication to collect 

position and time data from cars. In this study, CarTel nodes 

were deployed in more than 20 taxis operating in the Boston 

area and used to collect travel data. These data were organized 

per road segment to create a historical database of traffic delays. 

The parameters of the data points acquired from a sensor node 

consisted of latitude, longitude, and the time stamp. We 

acquired a large amount of this kind of data point collected by 

the taxis’ CarTel nodes. 

B. Data organized on a map 

The taxis’ GPS trajectories were matched to the corresponding 

road segments on the underlying map obtained from Navteq 

[14]. By matching GPS samples with points on a map, we could 

determine the amount of delay for each road segment. We 

acquired about 6 million such delay samples spanning a year. 

Although Navteq data (Fig. 1) include information for about 

600,000 road segments, we combined them by using statistical 

similarities to generate only 40,000 groups of road segments, 

which is a sufficiently large amount to retain the 

meaningfulness of the delay data. 
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Fig. 1. Navteq data for road segments in Boston. 

 

 

III. PROBLEM SETTING 

A. Objective 

The goal of this study was to predict the road travel time for a 

road based on the knowledge about the road itself, as well as 

about other roads. In particular, the travel time of the road 

indicated as Road 0 in Fig. 2 was predicted based on the travel 

time information of the roads indicated as Roads 0 to 5. While 

many prediction problems assume that traffic data can be 

acquired at regular intervals, this assumption does not hold for 

our data gathering system, since the taxis with GPS sensor 

nodes traveled randomly according to the directions they 

received. Thus, we could not expect to acquire travel time data 

samples for a certain road segment at regular intervals. To 

simplify the prediction problem, we used the most recent N 

samples from a certain time period, regardless of the frequency 

with which the information was observed in a given time 

interval.  

 

B. Input and output 

The input and output pairs are described as follows. 

Input x: a vector with the following elements: 

 Recent 𝑁 time and delay pairs of the road in question 

 Recent 𝑀 time and delay pairs of the other R roads 

 Recent 𝐿 time and delay pairs of the other R roads for the 

same hour of day 

 The time of the observed delay. 

Output y: a scalar representing the observed delay for the 

road in question. 

Here, “time” is defined as the seconds from the start of the 

day and “delay” as the travel time in seconds. The dimension p 

of the input vector 𝑥 is𝑝 =  2𝑁 +  2𝑀𝑅 +  2𝐿𝑅 +  1 . For 

example, when 𝑁 =  10,𝑀 =  10, 𝐿 =  10, and 𝑅 =  10 , 

the dimension is 421. This is relatively large considering that  

 
Fig. 2. Road 0 is the road for which the travel time was predicted 

using the travel time data collected for Roads 0-5. 

 

only 5 to 20 samples per day were acquired. The dimension of 

the feature space may become even larger when a feature map 

that maps an input space into a larger feature space is used. 
 

IV. LEARNING METHODS 

To learn the function f that maps input x to output y, RLS, 

SBR, and their modifications were used. 

 

A. Regularized least squares (RLS) 

Tikhonov regularization with the least square loss function 

minimizes the expression 

1

𝑛
∑ |𝑦𝑖 − 𝑓(𝑥𝑖)|

2 + 𝜆‖𝑓‖𝐻
2

𝑛

𝑖=1
,                                      (1) 

 (1) 

Where 𝑓(𝑥𝑖)  is the estimate of 𝑦𝑖 ,‖·‖𝐻  is the norm in the 

function space 𝐻 .  Suppose that we have a kernel 

function 𝑘(𝑥𝑖 , 𝑥𝑗) as follows: 

 

Linear :         𝑘(𝑥𝑖 , 𝑥𝑗) = 𝑥𝑖
𝑡𝑥𝑗 

Quadratic:    𝑘(𝑥𝑖 , 𝑥𝑗) = (𝑥𝑖
𝑡𝑥𝑗 + 1)

2
 

Gaussian :     𝑘(𝑥𝑖 , 𝑥𝑗) = exp (−
‖𝑥𝑖−𝑥𝑗‖

2

𝜎2
) 

 

Accordingly, a minimizing function 𝑓 can be expressed as  

𝑓(𝑥) = ∑ 𝑐𝑖𝑘(𝑥𝑖 , 𝑥)
𝑛
𝑖=1 ,                                                    (2) 

 (2) 

for some n-tuple (𝑐1, 𝑐2, … , 𝑐𝑛). 

Thus, the RLS problem can be solved in terms of a kernel as 

      𝑐∗ = 𝑎𝑟𝑔𝑚𝑖𝑛𝑐∈𝑅𝑛
1

2
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       𝑐∗ = (𝐾 + 𝜆𝐼)−1𝑦,                                                            (4)

 (4) 

where𝐾  is the kernel matrix with each element satisfying 

𝐾𝑖𝑗 = 𝑘(𝑥𝑖 , 𝑥𝑗) , and ‖·‖𝐾 is the reproducing kernel Hilbert 

spaces (RKHS) norm[15].λ can be selected to minimize the 

generalization errors. 

 

B. Sparsity-based regularization (SBR) 

A sparse solution can be found by using L0 norm instead of 

L2 norm in Tikhonov regularization. However, L1 norm is 

frequently used as an approximation of L0 norm, since it is 

difficult to manageL0 norm. Our SBR problem can be 

expressed using L1 norm as 

 
1

𝑛
∑ |𝑦𝑖 − 𝛽𝑥𝑖|

2 + 𝜆‖𝛽‖1
𝑛
𝑖=1                                                  (5) 

 

A popular method for solving the above minimization 

problem is the iterative thresholding algorithm [9], [16]. Let 𝛽𝜆  

be a solution of the convex relaxation problem; then, it can be 

proved that the following iterative algorithm converges to 𝛽𝜆 as 

the number of iteration increases: 

 

𝛽0
𝜆 = 0, 𝛽𝑡

𝜆 = S𝜆[𝛽𝑡−1
𝜆 + 𝜏𝑋𝑇(Y − X𝛽𝑡−1

𝜆 )],                         (6) 

 

where 

S𝜆(𝛽𝑖) =

{
 
 

 
 𝛽𝑖 +

𝜆

2
,  𝑖𝑓  𝛽𝑖 < −

𝜆

2

           0,  𝑖𝑓  |𝛽𝑖| ≤ −
𝜆

2

𝛽𝑖 −
𝜆

2
, 𝑖𝑓  𝛽𝑖 >

𝜆

2

                                     (7) 

 

𝜆 and 𝜏 can be selected to minimize generalization errors. 

 

C. SBR with feature map 

We introduce a feature map Φ that maps an input space to a 

feature space. 

 
1

𝑛
∑ |𝑦𝑖 − 𝛽Φ(𝑥𝑖)|

2𝑛
𝑖=1 + 𝜆‖𝛽‖1                                            (8) 

 

Two feature maps are described in the following and their 

prediction performance is compared in Section V.  

1) Second order feature map: The following feature map 

incorporates the second order relationship between input 

features. In addition to the original input space, second order 

terms for every pair of input elements are added. 

 

Φ(𝑥1, 𝑥2, … , 𝑥𝑝) =

         (𝑥1, 𝑥2, … , 𝑥𝑝, 𝑥1
2, 𝑥1𝑥2, … , 𝑥1𝑥𝑝 , … , 𝑥𝑝𝑥1, … , 𝑥𝑝

2)          (9) 

 

As shown in Section V, using this feature map, SBR results in a 

prediction performance that is only slightly improved or is even 

worse than that using the original input space. Moreover, it is 

also computationally expensive because the dimension of the 

feature space is large. 

2) Selected higher order feature map: In light of the problems 

related to the second order feature map, we suggest a feature 

map that has second and third order terms for only related 

(time, delay) pairs. The intuition behind this selection of 

features is that the (time, delay) pairs comprise meaningful 

information only when they are considered together, while 

other random combinations of two input elements do not 

generate meaningful features. 

 

     Φ(𝑥1, 𝑥2, … , 𝑥𝑝) =

     (𝑥1, 𝑥2, … , 𝑥𝑝 , 𝑥𝑖
2, 𝑥𝑖𝑥𝑗 , 𝑥𝑗

2, 𝑥𝑖
3, 𝑥𝑖

2𝑥𝑗 , 𝑥𝑖𝑥𝑗
2, 𝑥𝑗

3)                  (10) 

 

where (𝑖, 𝑗)denotes every (time, delay) pair. 

 

 
Fig. 3. Block diagram of the road travel time prediction system using 

sparsity-based regularization 

 

V. RESULTS 

We implemented the above algorithms in MATLAB. Table 1 

shows the generalization errors for each method. Travel time 

data of 20 days were used to train the predictor model with 

parameters N = M = L = R = 10. To test the prediction quality, 

the root mean square (RMS) error was computed using the 

travel time data of five days.  

As shown in Table 1, the SBR performs better than the RLS 

method. The effect of spatial information is noteworthy and 

affects RLS and SBR differently. A comparison of the two rows 

“False” and “True,” i.e., those presenting the results when other 

roads’ information was not or was used, respectively, reveals 

that, whereas in RLS the prediction performance is not 

improved by using other road’s information, in SBR it is. The 

intuition behind this is that simple RLS algorithms tend to over 

fit the training data and do not generalize well, in particular, 

when the input space contains information unrelated to the 

prediction, whereas, in the case of SBR, the unnecessary 

information tends to be removed effectively by selecting only 

related features.  

Figs. 4 and 5 show the detailed plots of the prediction. We 

can also observe that the SBR method using the selected second 

and third order feature map performs better than the other two 

SBR methods. This SBR performs better than that using the 
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original input space because the higher order terms help to 

capture the pair-wise related information better. 

 
 

TABLE I 

GENERALIZATION ERROR COMPARISON 

 

Use 

other  

roads 

RLS SBR 

Linear Quadratic Gaussian Basic 2nd 

order 

Selected 

higher order 

False 49.82 51.27 51.18 49.34 49.20 49.12 

True 73.12 67.62 52.68 48.39 58.65 44.64 

 

 

 
Fig. 4. Time series of travel time observation (circles) and the prediction 

using Gaussian RLS (line) 

 

 

 
 

Fig. 5. Time series of travel time observation (circles) and the prediction 

using SBR with selected higher order feature map (line) 

 

 

Moreover, by comparing the performance of this selection of 

features and the complete second-order feature map, we can 

conclude that using prior knowledge of the relationship 

between each input element facilitates prediction without 

leading to the over fitting that can occur if an excessive number 

of features are used. 

 

VI. CONCLUSION 

The performance of the RLS and SBR methods was 

investigated for road traffic prediction using real travel time 

data acquired from a GPS sensor network. SBR methods 

showed a superior performance, in particular, when the size of 

the input vectors was large as compared to the available sample 

number. The improved prediction was achieved by using a 

feature map that takes the relationship between the input spaces 

into account. 
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