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Abstract: Accurate characterization of heterogeneous traffic flow is essential for realistic traffic modeling. Driver
anticipation in heterogeneous traffic is impacted by lateral and forward distance, vehicle size, and effective angle of
vision, however most existing macroscopic models neglect these factors. Larger vehicles require greater acceleration and
deceleration, while smaller vehicles maneuver more easily, and reduced visibility or limited angle of vision compromises
driver response, contributing to traffic accidents. This study develops a macroscopic traffic model that explicitly incorporates
driver anticipation based on effective angle of vision, distance headways, and vehicle size. An anticipation term is introduced
to adjust density and velocity according to realistic traffic conditions. Further, source term based on the gravitational impact
is included, to predict the velocity behavior at uphill and downhill grades. The proposed model is assesed against the
classical Payne Whitham model on a circular and straight road under varying lateral headways. Results demonstrate that
the proposed approach has more realistic temporal and spatial evolution of density and velocity, capturing heterogeneous
flow dynamics more accurately than conventional models. These findings highlight the importance of integrating human
factors, road grade, and vehicle characteristics into macroscopic traffic modeling to improve the traffic prediction accuracy.
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1. Introduction

Traffic is one of the integral part of the urban life. It is one of the city communication means. This connects the
residents to the facilities. Due to the incease in the cities population, vehicle traffic grows which results in increase in
congestions. Due to the limited availability of land in the metropolitan cities, the roads capacity can not be increased
simply and easily. Congestion mitigation is primarily managed by the accurate traffic characterization, which is one of the
efficient tool to understand the traffic dynamics [1]. In the third world countries, the traffic congestion is mainly due to the
heterogeneous traffic conditions. Accurate traffic characterization for heterogenous flow is an important problem [2] as the
lane discipline is not followed. The traffic over all the road lanes evolves into a single traffic stream behavior with time. The
driver anticipation during heterogeneous traffic depends on lateral, and forward distance headway, effective angle of vision,
and vehicle size. Lateral headway is the distance between prallel vehicles, while forward distance headway is between
the two following vehicles. Vehicle size is an important parameter for driver response as it affects the maneuverability.
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That is, the drivers with larger vehicles are not comfortable to move and change its direction during smaller lateral and
forward distance headways. Larger vehicles require greater changes in acceleration and deceleration. The smaller vehicles
maneuverability is easy and comfortable. The effective angle of vision provides the information to drivers to process and
take action [3]. This is important to consider the information read by the drivers and take appropriate action. Therefore,
traffic characterization should consider effective angle of vision, vehicle and distance headway.

Driver presumption considers the effective angle of vision [4]. The traffic conditions include traffic control, road
condition, vehicles, the roadside environment, pedestrians and animals movement. Traffic conditions can be perceived
within the effective field of vision in terms of velocity [4, 5]. That is, it has an impact of the acceleration and deceleration.
Obstruction in the effective angle vision region results in a compromised traffic safety [6]. For a smaller visual angle than
0.003 rad/s, the traffic conditions are not perceivable [4]. The road environment depends on the illumination conditions
such as day, night, rain, foggy, ice or snow. This also includes sources of reflections, and glare [7]. To account for the visual
information, the time to collision is introduced in driver assist technologies [8—11]. Effective angle of vision impacted by
illumination results in traffic accidents. For example, under the reduced visibility during fog 38,700 accidents occur in
the US annually. Consequently, 16,300 injuries and 600 fatalities occur anualy due to the reduced visibility [12]. That is,
the information perception is compromised, which results in these accidents [13]. Reduced visibility impacts angle of
vision which reduces driver ability of anticipation [14]. The experienced drivers accidents rate is smaller than the new
drivers [15]. The cues for obstruction in the effective angle of vision are insufficient, and is a typical cause of accidents
[16]. Most traffic models do not consider effective angle of vision. Therfore, it is significant to consider its impact on
traffic chracterization.

Vehicle size impacts the traffic flow and safety. From 2012 to 2021, large vehicles hold three fourth share of the
market. In 2012, 12 people were killed in the road accidents, while in 2021, this number is increased to 14 people for every
100,000 vehicles. The impact of large vehicles at the same speed in the traffic accident is larger than with smaller vehicles.
The impact force of a truck at 72.42 km/h is 470 kN, while for a sedan it is 320 KN. Larger vehicles traveling at speeds
above 32.19 km/h exert an exponentially greater impact in accidents compared to smaller vehicles, such as sedans. When
an SUV hits a pedestrian at speeds of 64 km/h or higher, the collision is fatal. In contrast, when a standard passenger car
hits a pedestrian at the same speed, the chances of fatality is 50% [17]. Distance headway is one of the safety factors on
the road. Maintaining smaller headway causes tail and sideways crashes and accounts for one third of road accidents [18].
For shorter distance headways, drivers have less chance of braking and lane change [19]. Thus headway is a safety factor
in determining the accidents. Driver anticipation, a key determinant of traffic flow variability, is strongly influenced by
both lateral and forward distance headways. In heterogeneous traffic, vehicles continuously adapt their speeds in response
to these distances. Consequently, a realistic characterization of traffic must incorporate the coupled effects of lateral and
forward headways along with vehicle size, as these factors jointly govern driver response and overall flow stability.

Most of the common traffic characterization are macroscopic, mesoscopic and microscopic [20]. Macroscopic models
are based on average density, velocity, and flow [21]. These models provides the collective traffic behavior. Macroscopic
systems are deterministic models and are governed by partial differential equations. Microscopic models characterizes the
individual vehicles behavior [22]. These models consider lane changing, braking, acceleration and following behavior.
Mesoscopic models share the properties of both the microscopic and macroscopic models. These models consider the
vehicles platoons and characterizes the statistical traffic behavior. Macroscopic models are computational efficient models
and are considered in this paper.

The Lighthill, Whitham, and Richards (LWR) model [23, 24] is a deterministic macroscopic model, and is

pr+p(v(p))x =0, (1)

p denotes density, while v(p) denotes the equilibrium velocity distribution [25]. The subscript ¢ characterizes temporal
evolution, while the subscript x is the spatial evolution. This model characterizes traffic changes. LWR model can
characterize road networks [26, 27]. A traffic change is instantaneous which is inappropriate [28, 29], and has high
computational demand [30]. v(p) is desired velocity to achieve the equilibrium flow. This velocity increases as the
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density decreases [31, 32]. Different velocity distributions are characterized [33, 34], but for simplicity, the Greenshields
distribution [35] is considered. That is

v(p) = vm (1—’)), ®)

m

Vi denotes the maximum velocity and p,, denotes the maximum density. In this paper, (2) is employed.

Payne and Whitham (PW) model improved the LWR model by considering traffic acceleration and driver anticipation
[36, 37]. The driver anticipation is based on a constant Cy [35], and is uniform for all traffic conditions [36, 38]. This
results in large changes in velocity at larger density changes, which is impractical. To address sudden velocity changes, the
PW model was refined in [39]. However, this model ignores heterogeneous traffic behavior [40], and has limitations at
traffic merging locations [41]. A driver has individual traits, psychological perspectives, and experience [42]. And leads to
differences in drivers perception, and taking decisions under the same road traffic conditions resulting in distinct driving
behaviors. The driver behavior is ignored by the macroscopic PW type models, while the changes in traffic arises from
the aggregated individual drivers behavior. One of the example is the phantom traffic jam, which typically arises due
to the delayed driver response [43]. Additional extensions included the introduction of driver reaction time in [44], and
anticipation based on density effects in [45, 46]. However, these models fail to capture traffic dynamics in heterogeneous
traffic conditions. These models did not consider traffic physics explicitly. PW type models are improved by condering
diffusion to avoid the large velocity changes but this is unrealistic [47, 48]. In [49], the Payne Whitham model was
improved by substituting the density gradient with a velocity gradient such that changes in traffic behavior are at or below
the average speed. However, some of the vehicles are at higher speed than the average. So the traditional models approach
for the changes occuring below and above the average speed are accurate and requires to be based on the realistic traffic
physics.

The realistic traffic chracterization has been ignored during heterogeneous flow. Further, most of the existing models
in the literature assume uniform driver anticipation and as well as ideal traffic conditions. The deterministic models
oversimplify the traffic conditions and ignore the realistic traffic changes [50]. The human factors such as effective
angle of vision, safety factors such as lateral and forward distance headways and the vehicle size are ignored. Some
of the microscopic models employ human behavior, but are computationaly more complex. Therefore, a macroscopic
(determinsitic) model is developed which integrates the effective angle of vision, distance headways and the vehicle size.
That is, a model is proposed which can realistically characterize heterogeneous flow. In particular, driver anticipation is
developed for the proposed model. It adjusts density and velocity according to the realistic parameters incorporated which
more accurately characterizes traffic evolution. The PW and proposed modesl are evaluated on a 3,000 m circular and
straight road. The results illustrate that the density and velocity temporal and spatial evolution are more realistic than the
PW model.

More accurate and reliable traffic prediction is crucial for capturing the real world traffic dynamics. The objective is
to develop a macroscopic model that integrates the effects of angle of vision, distance headways, and vehicle size on driver
behavior. The specific goal is to analyze traffic velocity, density, and driver anticipation in relation to lateral distance
headway. Driver behavior, and thus traffic density and flow, are significantly influenced by the angle of vision, vehicle
size, and lateral and forward distance headways. These factors are not well captured in the existing macroscopic models.
Incorporating these factors into the proposed traffic model can realistically characterize traffic evolution. That is the
changes in velocity are dependent on density, and should stay within the employed range. Further, the driver anticipation is
in proportionate with the traffic changes.

The rest of this paper is organized as follows. Section 2 presents the proposed macroscopic traffic model, and the
hyperbolicity is evaluated. The string stability is analyzed in Section 3. Section 4 provides performance results for both the
models over a circular and straight road. Finally Section 5 concludes this paper.
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2. Traffic models

The PW model is expressed as

(pv): + <(p;)2 +C%p)x =p (V(p)rv) : 3)

where C(Z) p represents driver anticipation. Assuming anticipation to be a constant leads to unrealistic behavior, particularly
under large density variations. Drivers typically respond more strongly in high density traffic and less in low density

o . v(p)—v . . S o .
conditions [51]. The relaxation term p @C) characterizes adaptation toward equilibrium conditions, with the

relaxation time T governing the alignment rate. A larger T corresponds to slower adjustment. A variable anticipation based
on realistic parameters is required to respond appropriately to changes ahead. The PW model neglects the changes in
velocity, effective angle of vision, forward and lateral distance headway. The effective angle of vision is the angular range
of an eye within which a driver can perceive and react to vehicles ahead, road signs, and hazards without moving their head.
A driver only relies on eye movement. This is smaller than the total field of vision, and typically is 120° horizontally and
50° vertically. Within this range, the visually acuity is sufficient to safely perceive and react to conditions ahead. Outside
this range, the objects are visible but not accurately recognizable by a driver to react. The effective angle of vision in traffic
characterization describes the road environment which a driver can realistically pereceive and react. The effective vision
angle is dependent on the width of a vehicle and its distance from the driver. The PW model irrespective of the traffic
conditions adapts to equilibrium uniformly, which is unrealistic and inappropriate. In this section, this limitation by is
addresed by introducing a deterministic model based on effective vision angle, forward and lateral distance headway to
affectively capture more realistic driver behavior.

In heterogeneous traffic, flow behavior is strongly impacted by both lateral and forward distance headways. A larger
lateral and longitudinal headway, results in smoother and smaller fluctuations in traffic. Vehicles have sufficient distance
to adapt with smaller changes. Conversely, at smaller headways, interactions between vehicles are more intense. The
traffic changes are more predictabile but this causes a large traffic instabilities. Larger vehicle interactions cause stop and
go traffic, and are one of the characteristic features of traffic congestion. The changes in vehicle speed adaptation play a
key role in traffc behavior. When a driver adjust the vehicle speed more slowly (slow alignment), then the traffic changes
strongly propagate through the traffic stream. This amplifies traffic changes. While, faster alignment to the forward traffic
leads to a more stable traffic flow. The changes in flow has the tendency to reduce with time. Additionally, vehicle length
also impacts heterogeneous traffic. Larger vehicles have lower maneuverability. Typically larger headway is maintained
between larger vehicles. Traffic alignment is slower, which results in larger changes. Whereas, smaller vehicles maintain
smaller distance headway and has high maneuverability. Therefore aligns more easily and quickly which results in smaller
changes. The integrated effect of distance headways, changes in speed and vehicle size critically impacts the heterogeneous
traffic stability and variability. Therefore, the driver anticipation should consider the velocity changes, vehicle length,
lateral and forward distance headways. Since the individual driver behavior impacts the macroscopic traffic evolution [52],
then Cy can be characterized as

dvun
A

“4)

where 8v = v, — v, v; is the leading vehicle velocity and v,, is the maximum velocity. ut is the intensity of forward distance

1
headway and characterized as —, where d,, is the forward distance headway. 7 is the vehicle length and f is the lateral
n
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distance headway. Further, driver anticipation depends on the effective angle of vision, that is it provides the driver ability
to process road information. The effective angle of vision is

tan~! <K> , &)

while w is the road width and D is the forward readable distance. Then Cy can be characterized as

Co= 5;‘;" tan~! (%) 6)

Therefore, substituting (6) in (3) gives

pr+(pv(p))x =0,

o (24 (2t (3)) 0] =0 (M), o

Equation (7) describes traffic behavior in heterogenous conditions by considering changes in velocity, lateral and

dvun
f2

forward distance headways, vehicle length and effective angle of vision. tan~! (%) p is the realistic driver

anticipation for vehicles alignment in heterogeneous conditions. The driver anticipation is C(%p in the PW model (3), and
vehicles align with a uniform response at the rate Cy. This is unrealistic and inappropriate, and ignores the real world
traffic dynamics. The proposed system first equation (7) is identical to the PW model (3).

The traffic behavior is impacted by the road geometry, that is, particularly longitudinal gradients has a critical role in
density and velocity evolution. The longitudnal grades influence vehicles acceleration/deceleration, fuel consumption, and
traffic stability. The additional resistive forces imposed due to the uphill gradient reduces the vehicles speed which reduces
the road capacity, and results in increased congestion. Conversely, downhill gradients assisting in vehicle motion increases
the speed. Therefore, the employment of logitudnal grades effect in the macroscopic traffic flow models is significant
to accurately characterize traffic behavior, that is to realistically predict congestion, energy consumption and emission
impacts under different road geometries. That is, the acceleration/deceleration due the longitudnal can be characterized as

ped, @®)

where g is the gravitation acceleration and 1 is the road grade. This grad varies from 1% to 12% for access roads. Substiting
(8) in source term, (7) becomes

pe+(pv(p))x =0,

o (2 (B0 (3))5) =0 (01" 200).
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The acceleration in (9) due to the longitudnal grade at downhill is +p g}, while the deceleration at uphill is -pg¥.

It is significant that a traffic model be hyperbolic to ensure well posed and predictable solution. The changes in the
traffic systems are smoother and do not grow at abrupt changes in density [53]. A hyperbolic traffic system has a valid
solution such that eigenvalues are distinct and real [46]. Therefore, proposed and the traditional PW models eigenvalues
are analyzed. The PW and proposed models can be represented as

Bi+(B)x=S(B), (10)
whereas x and ¢ denote the spatial temporal changes in traffic. The PW model traffic data variables vector is § = If )
v
pv 0
[54], while the vector of functions is f(B) = | (pv)? o | and source vector is S(f) = v(p)—v | are
0 —
p T

obtained from (3).
B = < va ) is the proposed model variable vector obtained from (7), while

pv
FBYy=1{ (ev?  (dwun rw\)
P +( 7 (D)> £
0
is the functions vector. S(f3) = v(p) —v is the source vector.

T

A =v+Co,

(11)
7Lz =V— CO.

The eigenvalues (11) of the PW model are distinct and real and ensures a well posed solution (11) . The eigenvalues
confirm that PW model is hyperbolic. A; characterizes the free flow, while A, characterizes traffic during congestion with
a uniform constant Cy. This Cj is not based on the traffic physically but rather is a fitting parameter. Consequently, the
traffic characterization is unrealistic during congestion.

The proposed model eigenvalues are

AM=v+ 6;’;” tan~! (%) , h=v-— 6‘}‘;” tan~! (%) . (12)

The eigenvalues (12) are distinct and real, that is, the solution of the proposed model is well posed. This ensures that
the proposed model is hyperbolic. 4; in (12) characterizes the free flow conditions, while A, chracterizes traffic changes
during congestion. The traffic changes in both the eigenvalues A; and A, of the proposed are impacted by effective angle
of vision, vehicle size, lateral and forward distance headways.
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3. The proposed model string stability

String stability gurantees that small changes in the traffic do not grow in the traffic behavior and consequently, traffic
has the tendency of smooth flow. Whereas in an unstable traffic congestion forms easily as changes amplify with time [55].
Unstable traffic exhibits disproportionate behavior at small changes. Stop and go traffic behavior is exhibited which is a
behavior at large changes. This compromises traffic safety as large accerleration and deceleration occur. This increases the
traffic accidents chances, and ultimately the driver comfort is reduced. Thus, the PW and proposed models string stability
is analyzed.

The equilibrium velocity distribution for initial density pg is vo = v(pp). Then the flow go is pov(po), whereas the
gradient of equilibrium velocity distribution is v/(pg). The temporal and spatial density and velocity for small changes in
density 6p and velocity 8v are

p(x, 1) =po+06p, v(x,t)=vo+ v,

¢ denotes the frequency of oscillation over the time, and is measured in rad/s. It characterizes the traffic changes temporally,
and is { =27 f, and f denotes frequency of traffic changes per unit time. k denotes the frequency of traffic changes over

. . . . I o . 2
the distance, and is measured in rad/m. It characterizes traffic oscillations per unit distance, and is k = —. The traffic

oscillations are repeated over A, and is the distance period. For traffic stablility, the velocity and density changes do not
grow over A with k for £, and decays with the distance and time evolution. The small traffic density and flow changes in

vector form are
_(¢%p
7= <5q> . (13)

The changes in flow are g = py Ov+ vy 8p. The proposed model in the form of density and flow is

pr+ (q)x =0,

(14)

dvun
f2

For simplicity, let € denotes tan~! (B) in the proposed model. The linearized system for the deterministic

proposed model is
Z,+oZl,=AL. (15)
Let the amplitude vector of the traffic changes be Z, then

Z(x, 1) = 2080, (16)
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Then the temporal change in Z(x, ¢) is
Z, = —i{ 25,
while the spatial change in Z(x, ¢) is
Z, = ikZe "5,
From (16), (17) and (15), (18) is obtained as
(—iI+ika—A)Z=0,
while e/k*=¢1) ig factored out. Then,
det (—i{I+ika—A) =0,

¢ = {(k) is obtained from (20), as a function of k .
The Jacobian for small changes at equilibrium (pg, ¢o) is

0 1
o = s
fv%JrEz 2vo

while A for source is

0 0
A=1 pov'(po) 1
T T

The quadratic equation for { is obtained from o and @ by substituting in (20) as
2 i 202 2y, o PoV(Po)
= (2vok—— ) E—k (€2 —vp) +ik———=0.

The solution of (23) gives {; »(k) as a function of k, and in simplified form is

. k + /

T
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(17)

(18)

(19)

(20)

1)

(22)

(23)

24
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1)
€ is substituted as ‘}I;Tl tan—! (%) in (24), which gives {; (k) as

. 2 . ,
Ga(k) = vok — - % \/k2 (5}‘2‘” tan-1 (g)) - otV L (25)

The deterministic proposed traffic system is string stable for 3({(k)) < 0, in other words the traffic changes reduce
temporally.

Vk>0: S3(6i(k)) <0 and S(&(k)) <O. (26)

The anticipation depends on the effective angle of vision, vehicle size, forward and lateral distance heaways. Equation
(26) ensures upper limit on 7 related to anticipation € and the change in equilibrium velocity v/ (pg). That is changes in
traffic dissipate with time over the distance. Conversely, for 3(£(k)) > 0, the changes grow and causes a congested traffic.

R(E(K)1,2)

The phase speed is S, » = ———-—-= characterizes the speed of the peak of smaller and larger changes in traffic over
the distance. For § > 0, the changes in speed are along the traffic direction, while for § < 0, the changes travel backwards.
This is the speed of the stop and go traffic changes. |c| indicates rate of changes that travel in the traffic.

Equation (25) is implemented in MATLAB for string stability analysis with the parameters as g =1 m, n =5 m,
T=4s,v, =20m/s, w =36 m, pp = 0.5 and D = 100 m. The traffic achieves the desirable velocity as Greenshields
distribution. Figure 1 illustrates {; 2 (k) from (25) which are plotted over k. It is observed that 3{{; 2(k)} is less than O for
all values of k. Therefore the proposed system (7) gives string behavior. That is, the changes in traffic dissipate over time.

-
-0.05 —G

-0.1

Imag (), /s

0 1 2 3 4 5 6 7 8 9 10
Spatial traffic frequency &, 1/m

Figure 1. The imaginary part of @ over the spatial frequency k

It is observed in the Figure 2 that Sy, » is above O for all values of k, which indicates that the traffic changes travel

along the traffic direction. The traffic has then tendency of reduced traffic changes and do not predict congested traffic as
S, 2 are positive.

Co iporary Math tics

3040 | Zawar H. Khan, et al.



20.11 1

— S’1

2 2005 -8,
g

%

=

§ 20

2

Z

= 1995

[T

199 L L L L
0 1 2 3 4 5 6 7 8 9 10

Spatial traffic frequency &, 1/m

Figure 2. The phase speed S, » over the spatial frequency &

4. Performance results
4.1 First Order Centered (FORCE) scheme

Implementation of the proposed model and the PW model in MATLAB employs the FORCE scheme [56], which
accurately handles sharp gradients and abrupt changes in traffic flow. The FORCE scheme is widely adopted in traffic
modeling [57] due to its balance between accuracy and computational cost. The Richtmyer and Lax Friedrichs methods
combination provides a robust approximation for the PW types system with lower computational cost than the Roe scheme
[57]. Consider the conserved of the PW and proposed models from (10) as

atﬁ(x’ t)"'axF(B(xv t)) =0, (27)

where f is the vector of conserved variables p and pv. Where F(f3) is the flux vector. Let B/ denote the cell-averaged
solution in cell i at time ¢”, then

At [~ ~
1
Bt =pr— 5 (Fr - P ). (28)

2

where I?l 1 isanumerical flux. The FORCE flux is the arithmetic average of the Lax-Friedrichs (LF) flux and the Richtmyer

(RI) flux, that is

~ 1/~ ~
FORCE __ LF RI
Fii =3 (F,H +F,~+5) : (29)
The Lax-Friedrichs flux is
~ 1 1 Ax
By =5 (FB)+F(BE) = 54, (B =B, (30)

and the Richtmyer flux is iterated as
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lAt

,+1 =5 (/31 +Bl) — ( (Bl ) —F(B), (31

and the corresponding Richtmyer flux is
SRI RI
Fz+2 (ﬁi+%)‘ (32)

To ensure the numerical iteration stability, the Courant-Friedrichs-Lewy (CFL) condition is employed, that is the time
step At is chosen as

Ax
At < CFL . (33)

()

Peak to peak velocity is a stability metric which quantifies the traffic oscillations amplitude. Smaller values of peak

max; |A

to peak velocity indicate reduced congestion, improved traffic smoothness, and enhanced energy efficiency. In this paper,
peak to peak velocity are presented for performance analysis. Considering a discretized traffic system, then velocity and
density are

v(xi, tn), P(xi, ta), i=1,...,N,n=1,..., T, (34)

and the peak to peak velocity at ith road segment is then given as
i) = max i, ty) — min is b 35
VPP(xl) 1<n§TV(xlv n) 1<n§TV(x“ n)7 ( )

while the average peak to peak velocity is
Vop = 7 2 Voplx,)
L

4.2 Simulation results
4.2.1 Traffic over a circular road

A circular road of 3,000 m is used to evaluate the models performance. The simulation parameters are provided in
Table 1. The numerical stability is ensured by imposing the CFL condition [58]. For both models, the spatial and temporal
discretizations are chosen as Ax = 10 m and Ar = 0.01 s, respectively, and all simulations are implemented in Matlab
R2019b. Each simulation runs for 100 s to achieve the equilibrium velocity distribution defined in (2). The vehicle length

1
is fixed at 5 m [59]. The maximum density p,, is 1, while the forward headway under congested conditions is — = 1m

m
[52]. The road width is 36 m, while the forward readable distance is 100 m [60]. Two lateral headways are considered
that is 1.3 m and 2.2 m [61], following empirical studies on lane changing behavior and vehicle spacing in heterogeneous
traffic [62]. v,, is 22 m/s, and v; is 18 m/s, while the relaxation time is T =4 s [63, 64].
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Table 1. Simulation parameters for the proposed and PW traffic models

Description

Value

Total time of simulation
Circular road length
Maximum velocity v,
Readable forward distance D
Width of the road w
Following vehicle velocity v;
Time step At
Road step Ax
Relaxation time T
Vehicle length n
Lateral distance headway f
Forward distance headwaypu
Velocity distribution
Maximum normalized density p,,

Speed constant Cy

100 s
3,000 m
22 m/s
100 m
36 m
18 m/s
0.01s
10 m
4s
Sm
1.3m,2.2m
Im
Greenshields, (2)
1
25 m/s

The density att =0 is

Volume 7 Issue 3]2026| 3043

0.02, forx <500,
0.3, for 500 < x < 1,200,
po =< 0.02,

for 1,200 < x < 1,700, (36)

0.3,  for 1,700 < x < 2,500,

0.01, forx < 3,000.

1,000
900
800
700
600
500
400
300
200
100

Time steps

20 40 60 80 100 120 140 160 180 200
Road steps

Figure 3. The proposed model density contours with wavefronts over 200 road steps, while the lateral distance headway is 1.3 m
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As Cp in the Payne-Whitham model varies between 2.4 m/s and 57 m/s. In alignment with this range, a value of
Co = 25 m/s is selected for use in this paper.

Figure 3 presents the spatio temporal evolution of traffic density using contour lines over 200 road steps and 1,000
time steps. The contour wavefronts illustrate the propagation of density waves, where closely spaced lines correspond to
sharp gradients (shock waves) and wider spacing reflects smoother variations (rarefaction waves). At the initial stages
close to 1st time step, the density fluctuations appear sharper and more localized, while over time these chages spread and
evolve into smoother wavefronts. The recurring arch-like patterns indicate the formation and dissipation of stop and go
traffic, highlighting the proposed model ability to capture both shock formation and rarefaction dynamics in traffic flow.

@ 7 ®)
1.4 0.6 105
51 2 g o
= g 04 )
&1 1 g 0.35
k) 2 0.3
g 0.8 2 02 :
S 0.5 8 0.25
’;g 0.6 § 0. 0.2
= 0. 0.4 B0 N 0.15
Q 0 0 2 Q \\7 _ 0.1
: 500 "N 0.05
. : ——— - o0 0250  Time steps A S ®0n50
Time steps 1,000 50 100 150 200 1,000 0 o 50 100 150 200
Road steps Road steps
The driver anticipation with the proposed model over 200 road The driver anticipation with the proposed model over 200 road
steps and 1,000 time steps, while the lateral distance headway is steps and 1,000 time steps, while the lateral distance headway is
13m 22m
©
[1150
=
2150
]
-£100- 100
= 50
o]
2
-
A 50
, 800 o 250
Timesteps 1,000 - — 100 150 200 0

1,200 o Road steps

The driver anticipation with the PW model over 200 road steps
for 1,000 time steps

Figure 4. Comparison of driver anticipation on a circular 3,000 m road: proposed model with lateral headway of (a) 1.3 m, (b) 2.2 m, and (c) PW model

Figure 4a demonstrates the driver anticipation behavior with the proposed model over 200 road steps and 1,000 time
steps with a lateral distance headway of 1.3 m. At 1st time step, the driver anticipation is 1.48 at 57th road step, which
reduces to 0.65 at 3,000th time step. The driver anticipation at 1st time step is 1.48 at 144th road step, which reduces to
0.85 at 3,000th time step. At 1,000th time step, the maximum driver anticipation is 0.87, while the minimum is 0.054.
Figure 4b demonstrates the driver anticipation behavior with the proposed model over 200 road steps and 1,000 time steps
with a lateral distance headway of 2.2 m. At st time step, the driver anticipation is 0.52 at 57th road step, which reduces
to 0.24 at 3,000th time step. The driver anticipation at 1st time step is 0.52 at 144th road step, which reduces to 0.31 at
3,000th time step. At 1,000th time step, the maximum driver anticipation is 0.32, while the minimum is 0.014. Figures 4a
and 4b show that with smaller lateral headway, the driver anticipation is larger while with a larger lateral distance headway,
the driver anticipation is smaller. That is, the vehicles are in proximity with a smaller lateral distance headway, and has
larger chances of collision. The driver alertness is high and as shown in the results, stronger driver anticipation occurs.
Conversely, a larger lateral headway gives more comfort to driver as the collision risk is reduced and results in weaker
driver anticipation. Consequently, smaller lateral distance headway increases driver anticipation, which enhances the traffic
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stability and reduces the velocity changes. whereas the larger lateral distance headway reduces anticipation and results in
larger traffic oscilations.

Figure 4c illustrates the spatial and temporal evolution of driver anticipation using the PW model over 200 road
steps and 1,000 time steps. At the 2nd time step, the driver anticipation at the 54th road step is 153.8, which decreases to
58.03 by the 1,000th time step. Similarly, at the 146th time step, the anticipation remains 153.8 but later reduces to 83.37.
Overall, the PW model yields higher anticipation values compared to the proposed model (Figures 4a and 4b), leading to
higher changes in traffic flow.

Figures 5a and 5b present the density evolution obtained with the proposed model over a 3,000 m road segment across
1,000 time steps, considering lateral headways of 1.3 m and 2.2 m, respectively. In both cases, the density is within the
specified range of O to 1. The sharp variations observed at the initial time step gradually evolve into smoother fluctuations
by the 1,000th time step.
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Figure 5. Comparison of traffic density behavior on a circular 3,000 m road: proposed model with lateral distance headway (a) 1.3 m and (b) 2.2 m

Figures 6a and 6b illustrate the corresponding velocity profiles for the same simulation conditions. Consistent with
Figures 5a and 5b, the results show higher traffic velocity at lower densities and reduced velocity at higher densities,
thereby validating the accuracy of the proposed model. Moreover, the velocity remains within the specified range of 0 to
22 m/s, further confirming the reliability of the model predictions. The minimum velocity 16.43 m/s at 1,000th time step
with lateral distance headway of 1.3 m occurs at 2,250 m as shown in Figure 6a. While the maximum 20.10 m/s at 1,000th
time step occurs at 150 m. The minimum velocity 16.33 m/s at 1,000th time step with lateral distance headway of 2.2 m
occurs at 2,130 m as shown in Figure 6b. While the maximum 20.85 m/s at 1,000th time step occurs at 1 m and 3,000 m.

Figure 6¢ presents the traffic velocity obtained with the PW model over 200 road steps and 1,000 time steps. The
maximum velocity of 31.73 m/s occurs at the 189th road step and the 292nd time step, which is unrealistic since it exceeds
the upper limit of 22 m/s. The spatial and temporal velocity profiles also exhibit stronger oscillations compared to the
proposed model, leading to the emergence of stop and go traffic.

The velocity versus density phase diagram of the PW is shown in Figure 7a. It is demonstrated that the PW model
produces wide oscillatory trajectories, and nonphysical states that is velocitiy exceed the maxium 22 m/s. The scattered
loops over wider range of density indicate stop and go traffic. This reflects that instability is induced by excessive driver
anticipation, which highlights the PW model limitations. It is noted that the velocity increases largely beyond the employed
range at abrupt chnages which does not resemble with the fundamental diagram. That is, the velocity must decrease as the
density increases at the abrupt changes, and therefore, the PW model results are inappropriate and impractical. ghlighting
the limitations of the PW formulation.
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The velocity versus density phase diagram of the proposed model with lateral distance of 1.3 m is shown in Figure 7b.
It is demonstrated that the proposed model produces bounded trajectories over a narrow range, and velocitiy stays below
the maxium 22 m/s. The narrow range loops over density indicate smoother flow. The downward trend of trajectories,
that is, velocity is decreasing as density increases is consistent with the fundamental diagram of traffic flow. While some
oscillations are present, they are confined within realistic narrow range, which represents moderate stop and go traffic as
observed in the real world traffic. The clustering of trajectories within a narrower than the PW model indicates enhanced
stability and a more accurate representation of driver behavior.

It is demonstrated that the proposed model produces more bounded trajectories over a narrow range than with lateral
distance headway of 1.3 m as shown in Figure 7b. The velocitiy stays below the maxium 22 m/s. The further narrower
range loops over density than as shown in Figure 7b indicate more smoother flow. That is, smaller driver anticipation as
shown in Figure 4b than the results shown in Figure 4a causes smoother changes. The overlapped trajectories show that
the initial abrupt changes in density reduces and traffic evolves into smooth flow.
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Figure 8a illustrates the peak to peak velocity obtained with the proposed model over a 3,000 m road with a lateral
distance headway of 2.2 m. The peak to peak velocity is 1.49 m/s at 180 m, increases to 5.76 m/s at 495 m, and then
decreases to 3.37 m/s at 510 m. It further declines to 1.55 m/s at 1,005 m, before rising slightly to 1.84 m/s at 1,200 m. A
significant increase is observed at 1,215 m with a value of 5.84 m/s, followed by a reduction to 3.43 m/s at 1,545 m. At
2,490 m , the velocity is 1.78 m/s, which then peaks at 6.27 m/s at 2,505 m, and finally decreases to 2.13 m/s at 3,000 m.
The average peak to peak velocity over the entire 3,000 m is 2.76 m/s.

Figure 8b illustrates the peak to peak velocity obtained with the proposed model over a 3,000 m road with a lateral
distance headway of 1.3 m. The peak to peak velocity is 2.96 m/s at 180 m, increases to 6.37 m/s at 495 m, and then
decreases to 2.07 m/s at 510 m. It further declines to 1.56 m/s at 1,005 m, before rising slightly to 2.27 m/s at 1,200 m. A
significant increase is observed at 1,215 m with a value of 5.04 m/s, followed by a reduction to 3.22 m/s at 1,485 m. At
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2,490 m , the velocity is 2.46 m/s, which then peaks at 5.97 m/s at 2,505 m, and finally decreases to 0.93 m/s at 3,000 m.
The average peak to peak velocity over the entire 3,000 m is 2.59 m/s.

Figure 8c illustrates the peak to peak velocity obtained with the PW model over a 3,000 m road with Cy as 40 m/s.
The peak to peak velocity is 10.28 m/s at 180 m, increases to 14.18 m/s at 360 m, and then decreases to 6.73 m/s at 510 m.
It further declines to 0.30 m/s at 930 m, before rising to 6.84 m/s at 1,245 m. Then it reduces at 1,500 m to 2.46 m/s,
followed by an increase to 12.47 m/s at 1,655 m. At 2,490 m, the velocity is 6.40 m/s, which then peaks at 7.65 m/s at
2,535 m, and finally increases to 10.20 m/s at 3,000 m. The average peak to peak velocity over the entire 3,000 m is
6.12 m/s.

The peak to peak velocity of the proposed model as shown in Figures 8a and 8b illustrate that the oscillations are
observed in both cases of lateral headway of 2.2 m and 1.3 m, respectively. The larger headway of 2.2 m yields smaller
average peak to peak velocity and has smaller velocity variations than with the 1.3 m. However, the maximum peak to peak
velocity in both the figures remain below 6.5 m/s, indicating relatively stable traffic flow to the PW model. In contrast, the
PW model (Figure 8c) produces considerably larger oscillations, with an average peak to peak velocity of 6.12 m/s and
maximum values exceeding 14 m/s. These large variations, such as the rise from 10.28 m/s at 180 m to 14.18 m/s at 360
m, highlight the stronger instability predicted by the PW formulation. The proposed model demonstrates smoother and
more damped velocity fluctuations compared to the PW model, suggesting a more realistic representation of traffic flow.

The proposed model reduces the average peak to peak velocity relative to the PW model by 57.7%. This significant
reduction in peak to peak velocity by the proposed model produces a smoother traffic flow. And significantly reduces
the acceleration/deceleration, which dominantly contributes to fuel consumption and CO, emissions. Consequently, the
proposed model can be employed for energy efficient and environmentally sustainable traffic operation. This model can
improve the passenger comfort level as the traffic oscillations are reduced.

4.3 Straight road illustration

The proposed ad PW models performance is compared over a straight road of 3,000 m with a lateral distance headway
of 1.3 m. The leading vehicle velocity is 22 m/s. A fine grid with the road step of 1 m is chosen. While the time step is 0.01
s. That is both the models are assessed for the ground truth under the identical conditions. The initial density distribution
over the road is

0.01, forx < 1,500,

0.4, for x < 3,000.

There is no entry of traffic at 0 m, and leaves at 3,000 m, that is the non periodic boundary conditions are employed
in the simulations.

Figure 9a illustrates the proposed model velocity behavior over 3,000 m straight road with §x = 1 m. It is shown that
the traffic velocity stays within the maximum 22 m/s and minimum 0 m/s limits, which is an accurate and realistic traffic
behavior. The maximum velocity is 18 m/s, while the minimum is 11 m/s.

Figure 9b illustrates the PW model velocity behavior over 3,000 m straight road with 6x = 1 m. It is shown that the
traffic velocity goes above and below the maximum 22 m/s and minimum 0 m/s limits. The maximum velocity is 50 m/s
and the minimum is -40 m/s, which is an unrealistic and inaccurate behavior.

Based on the illustration of results as shown in Figures 9a and 9b, it is observed that the proposed model velocity
stays within the limits and follows the initial density behavior (37). Whereas the PW model velocity behavior dos not
within the range and results in negative velocity unrealistically. And does not follow the initial density behavior. Therefore,
the proposed is chosen to serve as numerical ground truth and both the models with road step of 8 m (coarse grid) are
compared with a fine grid results of the proposed model. Table 2 presents the quantitative comparison between the classical
PW model and the proposed model using a coarse-fine grid framework. The Root Mean Square Error (RMSE) for both
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velocity and density at 0.1 s, 1's,2 s, 4 s, and 10 s is iterated. It is observed that the proposed model has substantially
lower velocity RMSE than the PW model. At 0.10 s, the PW model shows a velocity RMSE of 2.09, whereas the proposed
model reduces this error to 7.01 x 10!, corresponding to an error reduction of approximately 66%. This improvement
is more pronounced at 10 s, that is, the PW model velocity RMSE increases to 5.84, while the proposed model remains
significantly lower at approximately 1.28. This shows that the PW model gains velocity errors more rapidly due to the
nonlinear traffic behavior.
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Figure 9. Comparison of traffic velocity behavior on a straight 3,000 m road: (a) proposed model and (b) PW model

The density RMSE for both models is of comparable magnitude. That is, the proposed model density RMSE is
consistently matching or slightly improving from the PW model. This is an expected behavior, as density behavior
is primarily characterized by the traffic conservation principle. Whereas the velocity is more sensitive to the driver
anticipation. The comparable density accuracy confirms that the proposed model improves the velocity behavior while the
traffic conservation properties are not degraded.

With the increase in time, the difference in RMSE between the proposed and PW models increases and is more
prominent for velocity. This highlights that the PW model is more susceptibility to nonphysical and unrealistic oscillations.
That is the PW model exhibits large changes in velocity at large and abrupt changes in density. Conversly, the proposed
model shows enhanced stability, that is, the proposed driver anticipation term introduces stabilized changes which even
better captures the traffic behavior at fine resolution.

Table 2. Velocity, and density error metrics for coarse vs. fine grid

Time (s) PW model, RMSE(v) PW model, RMSE(p)  Proposed model, RMSE(v)  Proposed model, RMSE(p)

0.10 2.09 2.03x 1072 7.01 x 107! 2.02x 1072
1.00 5.19 3.95%x 1072 8.07 x 107! 3.81x1072
2.00 5.53 4.76 x 1072 8.83x 107! 4.50 x 1072
4.00 5.62 5.66 x 1072 1.03 x 10° 5.27x 1072
10.00 5.84 6.89 x 1072 1.26 x 10° 6.31x1072

4.4 lllustration of longitudnal grade on a straight road

The proposed models performance is compared over a straight road of 3,000 m with a lateral distance headway
of 2.2 m with grades of £12% and £1%. That is the velocity behavior of the proposed model is analyzed at uphill and
downhill longitudnal road grades. The leading vehicle velocity is 22 m/s. The road step is chosen as 8§ m, while the time
step is 0.01 s. The initial velocity distribution is (37). At 0 m, the velocity is 21.97 m/s at uphill grade of 11%. The velocity
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at 504 m reduces to 16.23 m/s, which slightly reduces to 15.80 m/s at 1,200 m. It then reduces to 5.05 m/s at 2,000 m. At
0 m, the velocity is 21.48 m/s at uphill grade of 3%. The velocity at 504 m reduces to 15.75 m/s, which slightly reduces to
15.31 m/s at 1,200 m. It then reduces to 4.58 m/s at 2,000 m. At O m, the velocity is 21.11 m/s at downhill grade of —3%.
The velocity at 504 m reduces to 15.39 m/s, which slightly reduces to 14.94 m/s at 1,200 m. It then reduces to 4.23
m/s at 2,000 m. At 0 m, the velocity is 20.62 m/s at downhill grade of —11%. The velocity at 504 m reduces to 14.61
m/s, which slightly reduces to 14.45 m/s at 1,200 m. It then reduces to 3.76 m/s at 2,000 m. These results illustrate that
increase in the uphill grade increases the resistive gravitational effects, which reduces the velocity. While the downhill
grade reduces the gravitational traffic resistance, which results in slight velocity increase. Expectedly, the proposed model
can effectively characterize the asymmetric impact of road grades on traffic which highlightes its critical role on speed
evolution.
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Figure 10. The proposed model velocity behavior on a straight road of 3,000 m on road grades of + 11% and £ 3%

The results indicate that the PW model induces excessive driver anticipation, producing unrealistic velocity patterns,
including values exceeding the maximum limit. Moreover, velocity fluctuations are more pronounced under the PW model
compared to the proposed model. In contrast, the proposed model incorporates moderate levels of anticipation and exhibits
stable velocity behavior. Realistically, driver anticipation is higher for smaller lateral distance headways than for larger
ones. The phase diagram of the PW model is spreaded over a larger range of densities, which exhibits unstable traffic
behavior. While with the proposed model, the phase diagram is spreaded over smaller range of densities and has the
tendency of smooth flow. The proposed model predicts a safe traffic behavior unlike the PW model. The PW model fails
to capture this effect, as it assumes a fixed, non-physical traffic constant uniformly applied across all conditions, which
does not reflect real-world dynamics. The proposed model can chracterize the rarefaction and shock waves as shown in
Figure 3. By comparison, the proposed model explicitly accounts for the effective angle of vision, vehicle size, forward
and lateral distance headways, providing a more realistic representation of driver behavior. Further, the proposed model
can effectively characterize the impact of road grades on the traffic as shown in Figure 10.

5. Conclusion

A new macroscopic traffic model is presented that incorporates the effects of effective angle of vision, vehicle size,
and forward and lateral distance headways. Unlike the uniform driver anticipation in the PW model, the proposed model
adjusts driver anticipation dynamically according to distance headways, with higher anticipation observed at smaller lateral
headways, as expected. The model realistically captures both large changes (shock waves) and small changes (rarefaction)
in traffic, while keeping velocity and density within defined limits, thereby predicting stable traffic flow. In contrast, the
PW model produces more oscillatory velocity patterns and wider velocity-density trajectories, leading to congested and less
realistic traffic predictions. With the proposed model, trajectories remain within a smaller range, and larger lateral headways
promote smoother traffic flow. The findings indicate that this approach captures traffic behavior more accurately and
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reliably under diverse conditions, making it ideal for traffic control planning and enhancing autonomous vehicle operation.
Further, the proposed model can effectively characterize the road grade impact. Based on the findings, the proposed model
has the strong potential for energy-aware traffic control, eco-driving strategies, and sustainable transportation system
design.

The study in this paper is based on the theoretical and bench mark on a fine-coarse grid due to the scarcity of
high-resolution spatiotemporal datasets [65]. Future improvement to the proposed will integrate high resolution datasets
and Al-driven calibration techniques to perform the real world validation and deployment.
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