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Abstract 
The rapid development of 5G mobile communication and portable traffic de-
tection technologies enhances highway transportation systems in detail and at 
a vehicle level. Besides the advantage of no disturbance to the regular traffic 
operation, these ubiquitous sensing technologies have the potential for un-
precedented data collection at any temporal and spatial position. While as a 
typical distributed parameter system, the freeway traffic dynamics are deter-
mined by the current system states and the boundary traffic demand-supply. 
Using the three-step extended Kalman filtering, this paper simultaneously es-
timates the real-time traffic state and the boundary flux of freeway traffic with 
the distributed speed detector networks organized at any location of interest. 
In order to assess the effectiveness of the proposed approach, a freeway seg-
ment from Interstate 80 East (I-80E) in Alameda, Emeryville, and Northern 
California is selected. Experimental results show that the proposed method 
has the potential of using only speed detecting data to monitor the state of 
urban freeway transportation systems without access to the traditional mea-
surement data, such as the boundary flows. 
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1. Introduction 

Real-time knowledge about traffic conditions of urban road transportation sys-
tems is critical for traffic management and control. There are many well-established 
technologies for collecting vehicle speed and flux data, including loop detectors 

How to cite this paper: Zhang, Y.C. and  
Deng, H. (2022) Real-Time Traffic State and 
Boundary Flux Estimation with Distributed 
Speed Detecting Networks. Journal of Trans-
portation Technologies, 12, 533-543. 
https://doi.org/10.4236/jtts.2022.124031 
 
Received: July 7, 2022 
Accepted: July 29, 2022 
Published: August 1, 2022 
 
Copyright © 2022 by author(s) and  
Scientific Research Publishing Inc. 
This work is licensed under the Creative 
Commons Attribution International  
License (CC BY 4.0). 
http://creativecommons.org/licenses/by/4.0/   

  
Open Access

https://www.scirp.org/journal/jtts
https://doi.org/10.4236/jtts.2022.124031
https://www.scirp.org/
https://doi.org/10.4236/jtts.2022.124031
http://creativecommons.org/licenses/by/4.0/


Y. C. Zhang, H. Deng 
 

 

DOI: 10.4236/jtts.2022.124031 534 Journal of Transportation Technologies 
 

and Automatic Vehicle Identification (AVI) sensors [1]. However, equipped seg-
ments in the network are typically low and not representative of the urban net-
work as a whole, which leaves the traffic conditions in most of the network un-
known. Recently, the novel ubiquitous sensing technologies have the potential of 
unprecedented data collection at any spatial position of the large-scale road trans-
portation networks. For example, dedicated probe vehicles or simple portable ra-
dar speed detect guns embedded with wireless communication constitute a wire-
less sensing network for vehicle mean speed measurement [2]. 

Road traffic condition estimation includes traveling time estimate and traffic 
parameter estimate for any origin-destination pair of the networks. The litera-
ture on travel time estimation and forecasting using the speed and position of 
probe vehicles has grown in recent years as technology has become more availa-
ble [3]. Hunter et al. [4] present a probabilistic model of travel times in the ar-
terial network based on low-frequency taxi GPS probes. Development of the ap-
proach more clearly aimed toward travel time forecasting is presented in Hof-
leitner et al. [5]. Jenelius and Koutsopoulos [6] further consider the effect of ex-
planatory variables on travel times using probe vehicle data.  

The filtering approach is mostly used for traffic parameter estimates by pre-
dicting the macroscopic traffic flow models [7]. Wang et al. [8] propose an ex-
tended Kalman filtering (EKF) to estimate the real-time traffic density and ve-
hicle speed of a freeway link with a stochastic version of METANET model. In 
[9], a solution to freeway traffic estimation in Beijing is proposed using a par-
ticle filter, based on macroscopic traffic flow model, which estimates both traf-
fic density and speed. Sun et al. [10] present a solution to traffic density esti-
mate with the sequential Monte Carlo algorithm, which is the so-called mixture 
Kalman filtering. Although the previous works demonstrate the possibility of 
extracting traffic parameters, the proposed methods are based on the general 
assumption that the boundary fluxes of the traffic networks are accessible or 
measurable. 

The methodology proposed in this paper extends previous work on traffic pa-
rameter estimation with distributed speed detecting networks by considering the 
simultaneous traffic density and boundary flux estimation. The observations come 
from loop or portable speed detectors reporting the mean vehicle speed and de-
tector position in the traffic networks. Portable means that the speed for all seg-
ments of the transportation network may be achieved by moving or placing the 
detecting devices at any observation positions. The proposed methodology is 
based on three-step extended Kalman filtering that jointed estimates state and 
input in a situation where the boundary traffic fluxes are not measurable. Since 
measuring the border fluxes is not easily accessible to each interested portion of 
the large-scale networks, it could become a crucial factor in experimental tests. 

This paper is organized as follows. The Godunov scheme for the discretization 
of the macroscopic traffic flow model, observation model using distributed speed 
detecting networks, and simultaneous state and input estimate are given in Sec-
tions 2.1, 2.2, and 2.3, respectively. In Section 3, two experiment scenarios with 
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the empirical traffic data are simulated to illustrate the effectiveness of this ap-
proach. Finally, Section 4 concludes the paper. 

2. Methodology 
2.1. Godunov Scheme for LWR Traffic Flow Model 

The first-order macroscopic (Lighthill-Whitham-Richards, LWR) traffic flow mod-
el [11] [12] formulates the relationship between the traffic density ( ),x tρ  and 
the traffic flow ( ),q x t  at the position x and at the time t by the conservation 
law 

0.q
t x
ρ∂ ∂
+ =

∂ ∂
                         (1) 

Using the space mean speed measurement and the hydrodynamic of the flow- 
speed relation 

,qv
ρ

=                            (2) 

Equations (1) and (2) form a closed system since there are two Equations with 
two unknown functions. 

Based on the Smulders fundamental diagram [13], a static speed-density rela-
tionship is given by the following piecewise function 
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which contains four parameters that are specific to freeway link: free flow speed 

fv , critical speed cv , critical density cρ  and jam density Jρ . These parame-
ters also define the capacity of the freeway link max c cq v ρ= . Figure 1 shows the 
shape of this fundamental diagram. 
 

 

Figure 1. Flow-density and speed-density curves with Smulders fundamental diagram. 
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Numerical solutions of Equations (1) and (2) could be obtained using the Go-
dunov scheme, whereby each segment of the freeway link is discretized into cells 
with length , 1, ,iL i N=   and time is discretized into the interval with length 

t∆ . From the Courant-Friedrichs-Lewy condition, the numerical solution is sta-
ble as the length of each cell satisfies 

.i fL v t≤ ∆                            (4) 

Given this discretization, the conservation Equation can be rewritten in the 
form 

( ) ( ) ( ) ( )( )1 ,in out
i i i i

i

tk k q k q k
L

ρ ρ ∆
+ = + −               (5) 

where ( )i kρ  is the vehicle density of cell i at time index k, ( ) ( ),in out
i iq k q k  are 

vehicle flows entering and leaving cell i during the time interval ( ), 1k t k t∆ + ∆   , 
respectively. For the adjacent cells, the driving-out flux of the upstream cell is 
equal to the driving-in flux of the downstream cell 

( ) ( )1 , 1, , 1.out in
i iq k q k i N+= = −                   (6) 

Fluxes ( )in
iq k  between cell borders are determined by comparing the availa-

ble supply ( )iS k  and the prevailing demand ( )1iD k− , that is 

( ) ( ) ( ){ }1min , .in
i i iq k D k S k−=                   (7) 

These demand and supply functions are defined as 
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           (8) 

Therefore, the nonlinear state-space form of the traffic dynamics in the free-
way segment can be rewritten as 

( ) ( )( ) ( )1k F k Gd kρ ρ+ = +                     (9) 

where [ ]T
1, , Nρ ρ ρ=   and ( ) ( ) ( )T

1 ,in out
Nd k q k q k =    are the unknown  

boundary driving-in and driving-out fluxes of this freeway segment, respectively. 

2.2. Speed Detecting Networks 

We are interested in estimating the state of the freeway traffic link using the dis-
tributed speed detector networks with communication inside to transmit mean 
speed information among them. Distributed detectors with a wireless commu-
nication network constitute a mobile wireless sensing network for vehicle mean 
speed measurement. The mean speed measurement may be achieved at any in-
terested measurement positions of the freeway link, while the observation data is 
time-synchronized. 

Using the speed-density Equation (3), each measurement ( ) { }, 1, ,jv k j M∈   
can be described as a function of the current vehicle density ( )j kρ  of the cell j, 
where M +∈  is the number of detectors and M N≤ . Given the collective speed 
information ( ) [ ]T1, , My k v v=   in the detecting network, the observation equ-
ation can be expressed as a nonlinear model 
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( ) ( )( ) ( ) ,y k H k kρ ν= +                    (10) 

where ( )kν  is assumed zero-mean Gaussian measurement noise with a cova-
riance matrix ( )R k . 

2.3. Simultaneous State and Input Estimation 

The classical EKF method requires deterministic inputs in the model, which 
sometimes may not be the case in reality. For example, the boundary fluxes of a 
freeway segment mainly depend on the supply-demand relationship. That could 
be unknown signals with an arbitrary type and magnitude, so it is not acceptable 
to assume them to be stationary and zero-mean random noise.  

In this regard, joint estimation of states and unknown inputs for nonlinear 
systems becomes a meaningful task, which is often addressed as a constrained 
optimization problem [14] [15]. We consider a recursive three-step filter of the 
form 

( ) ( )( )1| |k k F k kρ ρ+ =                   (11) 

( ) ( ) ( ) ( ) ( )( )ˆ 1 |d k M k y k C k k kρ= − +              (12) 

( ) ( ) ( )ˆ1 | 1 1|k k k k Gd kρ ρ+ + = + +               (13) 

( ) ( ) ( ) ( ) ( ) ( )( )1| 1 1| 1 1| 1k k k k K k y k C k k kρ ρ ρ+ + = + + + − + +    (14) 

where 

( )
( )

T

1|

0 0 1
,

1 0 0k k

HC k G
ρρ +

 ∂
= =  ∂  





             (15) 

( ) ( ),M k K k  can be determined from optimization. 
The first step (11), which we call the time update, yields an estimate of the 

traffic density ( )1|k kρ + , given measurements up to time k. The second step 
(12) yields the boundary flux estimate as the unknown input ( )d̂ k . Finally, in 
the third step (14), the so-called measurement update yields an estimate  
( )1| 1k kρ + +  with the given measurement up to time 1k +  and an input es-

timate ( )d̂ k  in the second step. 
The linearization matrix ( )A k  of the dynamic traffic model (9) is used to cor-

rect the estimate 

( )
( )|k k

FA k
ρρ

∂
=
∂

                       (16) 

The estimate gain matrices ( )M k  and ( )K k  can be calculated using the er-
ror variance-covariance equations as follows 

( ) ( ) ( ) ( ) ( )T1 | |P k k A k P k k A k Q k+ = +              (17) 

( ) ( ) ( ) ( )( ) ( ) ( )
1T T 1M k D k R k D k D k R k
− −=               (18) 

( ) ( ) ( ) ( )11 |K k P k k C k R k−= +                   (19) 

( ) ( ) ( ) ( ) ( )T1 |R k C k P k k C k R k= + +                (20) 
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( ) ( ) ( )( ) ( )1| 1 1 1|P k k M k C k P k k+ + = − +             (21) 

where ( )Q k  is the process error covariance matrix. 

3. Empirical Studies 

In our experiment, the interested freeway link is a section of Interstate 80 East, 
approximately two miles in length with two off-ramps in Alameda, Northern 
California, as shown in Figure 2. 

This section is instrumented with loop inductance detectors, which are em-
bedded in the pavement along the mainline, HOV lane, and off-ramps. The blue 
points along the freeway link denote where loop detectors are installed. Each 
loop detector gives volume, speed, and occupancy measurements every 30 seconds. 
In the empirical studies, the utilized traffic data of 6 hours (7:00 am - 1:00 pm) 
which including the morning rush-hour congestion on Oct. 20 2013, are col-
lected from PeMS [16]. 

The freeway link is partitioned into three cells with lengths ranging from 0.7, 
0.59, to 0.63 miles. The fundamental diagrams are roughly calibrated using the 
linear regression method that uses one week of historical data of all detectors in 
this segment. The historical densities are computed for each cell using the occu-
pancy divided by the g-factor, where the g-factor is the effective vehicle length 
for the detector. The four parameters of the Smulders fundamental diagram are 
validated as the free-flow speed 70 mile hfv = , the critical density  

80 veh milecρ = , the jam density 320 veh mileJρ = , and the capacity volume 

max 4230 veh hq = , respectively, as shown in Figure 3. 
 

 

Figure 2. A freeway link of I80-E is divided into three cells and its speed detectors confi-
guration. 
 

 

Figure 3. The fundamental diagrams of the freeway link are calibrated from the traffic 
flow data collected on Oct. 20, 2013. (a) Calibrated flow-density diagram; (b) calibrated 
speed-density diagram. 
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Since the speed measurements of each cell in this section are available, we can 
select some measurements to build our speed detecting networks. The observa-
tion information acquired from portable speed detectors, such as probe vehicles 
or radar speed guns usually has larger measurement noise than loop inductance 
detectors. We assume the noise covariance of observation in the model (9) is 
( ) 0.05R k =  (measurement noise is about 0.7 mile/h). 
Two experiment scenarios simultaneously estimate the traffic state and boun-

dary flux of this freeway link with the empirical traffic data.  
1) The first scenario is to jointly estimate the traffic densities and driving-out 

flux of a freeway link, i.e., only the downstream boundary flow is unknown.  
2) The second scenario is to estimate the traffic densities with both driving-in 

and driving-out fluxes, i.e., the upstream and downstream boundary flows are 
not available simultaneously. 

3.1. Experiment I 

In this subsection, the synchronous mean speed measurement of cell 1 and cell 3 
constitute speed detecting networks. Driving-in flux data of the upstream boun-
dary of cell 1 is achieved from PeMS. It is assumed that the driving-out flux 
through the downstream boundary of cell 3 is not accessible. Therefore, in the 
state-space form of the traffic flow model (9)-(10), the system state vector is  

[ ]T
1 2 3, ,ρ ρ ρ ρ= , the observation vector is ( ) [ ]T1 3,y k v v= , and ( )3

outq k  is un-
known input, ( )1

inq k  is the known input. 
The estimated traffic densities are depicted against the historical data over the 

selected period in Figure 4. The measured and estimated driving-out fluxes 
through downstream boundary of cell 3 are depicted in Figure 5. The driving-in 
fluxes are measured directly. The corresponding mean absolute percent error 
(MAPE) (22) and root mean square error (RMSE) (23) between estimated and  
 

 

Figure 4. The estimated traffic densities (blue line) against the historical data (red line) 
with unknown driving-out flux. 
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Figure 5. The estimated boundary flux (blue line) against the historical data (red line) 
with driving-in flux is known. 
 
real traffic densities, and driving-out flux of the freeway link are reported in Ta-
ble 1. Therefore, the simultaneous traffic state and boundary flux estimate of 
freeway link gives a pretty satisfactory result. 

( ) ( )
( )1

|1MAPE
TK

kT

x k k x k
K x k=

−
= ∑                 (22) 

( ) ( )( )2

1

1RMSE |
1

TK

kT

x k k x k
K =

= −
− ∑              (23) 

where ( )|x k k  represents the estimated variable, ( )x k  is the actual historical 
data, and TK  denotes the total number of time sample steps. 

3.2. Experiment II 

In this subsection, we assume that the driving-in flux and the driving-out flux 
are unknown inputs for the traffic flow model (9). The observation model in-
cludes the mean speed measurement of all three cells of the freeway link. 

In this case, the state vector is [ ]T
1 2 3, ,ρ ρ ρ ρ= , the observation vector is 

( ) [ ]T1 2 3, ,y k v v v= , ( )1
inq k  and ( )3

outq k  are all unknown inputs of the state- 
space model (9). The estimated traffic densities and boundary fluxes are depicted 
against the historical data over the selected period in Figure 6 and Figure 7. The 
corresponding MAPE and RMSE of three cells and boundary fluxes are indicated 
in Table 2. 

Compared with Experiment I, the MAPE and RMSE of the driving-out flux 
are much larger since the driving-in flux from the upstream boundary is un-
known. Estimation error reduced from the driving-in flux directly effects the per-
formance of traffic state estimate. In turn, increased state error will deteriorate 
the unknown input estimate. 
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Figure 6. The estimated traffic densities (blue line) against the historical data (red line) 
with totally unknown boundary flux. 
 

 

Figure 7. The estimated boundary flux (blue line) against the historical flux (red line) 
with both driving-in and driving-out are unknown. 
 
Table 1. Performance evaluation of experiment I with unknown driving-out flux. 

 Cell 1 Cell 2 Cell 3 Driving-out flux 

MAPE 0.0818 0.1703 0.0359 0.1138 

RMSE 5.6738 13.9007 7.1085 317.3517 

 
Table 2. Performance evaluation of experiment II with unknown driving-in and driv-
ing-out fluxes. 

 Cell 1 Cell 2 Cell 3 Driving-in flux Driving-out flux 

MAPE 0.1438 0.1077 0.0656 0.1559 0.1811 

RMSE 9.1734 10.3364 11.6428 602.8 785.4582 
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4. Conclusion 

Speed detecting in large-scale traffic networks is easy to access and measure with 
the development of ubiquitous sensing technologies. This paper presents three-step 
EFK filtering for traffic parameter estimates with unknown boundary flux data. 
The case studies highlight the potential of using only speed detecting data to mon-
itor the state of urban freeway transportation systems without access to the tra-
ditional measurement data, such as the boundary flows. Therefore, this method 
has the ability to estimate traffic parameters for any interested segment of a trans-
portation network in an urban setting. In the future, some date-driven approach-
es are researched to build the traffic dynamic model. 
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