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Abstract—Human driving dynamics are learned from real
field experiments using artificial intelligence (AI), more precisely,
using time delay neural networks (TDNNs), which provide a
compact way to capture real traffic behavior, up to bistability.
The experiments are conducted utilizing the virtual ring concept
where an automated vehicle (AV) is driving in front of several
human-driven vehicles (HVs), while receiving the position and
velocity of the last HV of the chain via wireless vehicle-to-
everything (V2X) communication. The AV uses this information
in its controller to close the virtual ring. It is shown that
for certain control parameters, this system exhibits bistable
behavior, where it either approaches a steady state or sustained
oscillations develop, depending on perturbations. The human
driving dynamics is learned by using TDNNs, which capture the
nonlinear equation of motion as well as the reaction time delay.
We demonstrate that once these networks are substituted into
the virtual ring model, bistable behavior develops, confirming the
predictive capabilities of the corresponding neural delay differen-
tial equation (NDDE). The results support a better understanding
of human driving dynamics, which helps in adjusting the control
of self-driving vehicles to handle mixed traffic situations.

I. INTRODUCTION

Highly automated vehicles are becoming increasingly com-
mon in multiple major cities around the world. Furthermore, an
increasing number of production vehicles are equipped with
partial automation like adaptive cruise control [1]–[5]. Still,
for a long time, human-driven vehicles (HVs) will continue
to dominate traffic. During this transitional period, automated
vehicles (AVs) must be prepared to operate safely and effi-
ciently in mixed traffic environments that include both AVs and
HVs [6]. Designing control strategies for such mixed traffic
requires a thorough understanding of human driving behavior.
Data-driven model identification for this purpose demands
a relatively large amount of high-quality data that include
various traffic scenarios ranging from free flow highway traffic
to congestion and even accidents.
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Fig. 1. (a) Virtual Ring setup: The automated vehicle AV3 drives in front of
two human driven vehicles, while it receives the position and velocity of the
last HV via V2X communication. The control of AV3 is designed in a way as
if HV1 was in front of it. (b) The corresponding ring configuration. (c) Time
delay neural network with two hidden layers, which was applied to learn the
human driving dynamics.

One of the key measures in car-following dynamics is string
stability, which describes whether oscillations initiated by a
leading vehicle amplify or decay as they propagate along a
chain of vehicles [7], [8]. Although string instability in human-
driven vehicle chains is often observed on highways, con-
ducting large-scale experiments to study this phenomenon is
challenging. One way to solve this issue is to place the vehicles
on a closed ring, which enables the observation of complex
dynamical behavior with a small number of vehicles [9]–
[11]. However, this ring configuration introduces a limitation:
drivers must continuously compensate for lateral acceleration.
For example, traveling at a realistic highway speed of 25m/s
on a ring of 70m radius results in a centrifugal acceleration of
about 1 g. Achieving realistic velocities with negligible lateral
accelerations would therefore require impractically large rings.

To address this issue, the concept of virtual rings has been
introduced [6], [12], [13]. In this setup, an automated vehicle
drives ahead of several HVs while receiving the position and
velocity of the last vehicle via vehicle-to-everything (V2X)
communication, see Fig. 1. The AV’s control is designed as if
the last HV was projected in front of it. Consequently, when
the AV brakes, the deceleration wave propagates through the
vehicle chain until the last HV also brakes. At that point,
the AV will brake in response to the virtual projection of
the HV. This closes the virtual ring. This approach allows
vehicles to drive on a straight road at realistic speeds while still
exhibiting nonlinear human driving effects within a relatively
small number of cars.

2026 IEEE Intelligent Vehicles Symposium (IV)
June 22-25, 2026. Detroit, MI, USA

979-8-3315-4793-6/26/$31.00 ©2026 IEEE 1482

20
26

 IE
EE

 In
te

lli
ge

nt
 V

eh
ic

le
s S

ym
po

si
um

 (I
V

) |
 9

79
-8

-3
31

5-
47

93
-6

/2
6/

$3
1.

00
 ©

20
26

 IE
EE

 | 
D

O
I: 

10
.1

10
9/

IV
66

57
0.

20
26

.1
16

23
89

5



Data-based learning of dynamical behavior has rich liter-
ature, with numerous applicable methods including Bayesian
approaches [14], [15], spectral submanifolds [16], [17], Sparse
Identification of Nonlinear Dynamics (SINDy) [18], [19], ex-
tended dynamic mode decomposition (EDMD) [20] and neural
networks [21], [22]. An additional challenge in modeling
human driving dynamics is accounting for the non-negligible
human reaction time, which introduces delay into the system.
From a mathematical perspective, delayed dynamical systems
have infinite-dimensional state spaces [23]; still, there are
already existing approaches to learn the corresponding intricate
dynamical behavior [24]–[26].

This study employs a model-free time delay neural network
(TDNN) to learn human driving behavior from real-world
traffic data, an area with a limited number of studies in the
literature. As individual driving styles vary, and even the
same driver may respond differently to identical situations
depending on their level of concentration, learning human
driving dynamics is inherently challenging. In this paper, we
aim to describe human driving behavior using the simplest
nontrivial model that accounts for the vehicle’s own velocity,
the headway, and the relative velocity with respect to the
vehicle ahead, all considered with relevant time delays, see
Fig. 1. We demonstrate that this approach can adequately cap-
ture human driving behavior. In particular, using the TDNNs
in the virtual ring setup, the arising neural delay differential
equation (NDDE) can reproduce bistable behavior observed
in the experiments: small perturbations decay and the system
returns to steady state while sufficiently large perturbations
lead to sustained oscillations. The learned human driving
dynamics provide essential insights for the AV control design,
contributing to improved traffic efficiency and safety in mixed
traffic scenarios.

The paper is organized as follows. The details of the virtual
ring experiment are explained in Sec. II. Section III presents
the structure of the TDNN applied to learn human driving
dynamics. Then, the corresponding results are discussed in
Sec. IV, including the demonstration of the bistable dynamics
under certain parameter combinations. Finally, we add some
concluding remarks in Sec. V.

II. EXPERIMENTS

Real field experiments were carried out with two HVs
and one AV, each of them equipped with a V2X kit which
includes an antenna for communication and an on-board unit
(OBU) that was connected to a laptop via an Ethernet cable.
This way, the vehicles could share their GPS-based position
and velocity using the updated rate of 10Hz. Since we
were primarily interested in the longitudinal dynamics, the
experiments were conducted on a straight road with low traffic.
Fig. 1(a) illustrates the virtual ring setup: the AV travels in
front, followed by two HVs. The numbering of the vehicles
and their corresponding velocities and headways are assigned
from back to front; that is, the last and middle HVs are labeled
as #1 and #2, respectively, while the AV is denoted as #3. The
position and velocity of HV1 are sent to the AV. The control

of the AV is designed assuming that HV1 is located ahead of
it, leading to the ring configuration in Fig. 1(b).

Let L denote the net ring length, that is, the sum of the
headways, which does not include the lengths of the vehicles.
Then, the equation of motion of the three vehicles on the
virtual ring assumes the form

ḣ1(t) = v2(t)− v1(t) , (1)

ḣ2(t) = v3(t)− v2(t) , (2)
v̇1(t) = fHV1(h1(t− τ1), v1(t− τ1),∆v21(t− τ1)) , (3)
v̇2(t) = fHV2(h2(t− τ2), v2(t− τ2),∆v32(t− τ2)) , (4)
v̇3(t) = fAV3(h3(t− σ), v3(t− σ),∆v13(t− σ)) , (5)

where τ1, τ2 and σ are the time delays of HV1, HV2 and AV3,
respectively, while ∆vij refers to the relative velocity

∆vij = vi − vj . (6)

Finally, fixing L provides a geometric constraint for the virtual
headway of the AV:

h3 = L− (h1 + h2) . (7)

In the above equations of motion, we assumed that each
human driver controls the longitudinal dynamics of the vehicle
based on its headway, velocity and relative velocity with
respect to the preceding vehicle. Moreover, all these inputs
are considered to be subject to the same constant time delay
τi (i = 1, 2) that contains both the reaction time of the driver
and the response time of the vehicle. Note that there may be
other influencing factors, for example, the blinking brake light
of the preceding vehicle or the variation of the human reaction
time depending on the concentration level. Still, our model is
reasonable: it is the simplest nontrivial one that describes the
essential human driver dynamics. In the following section, the
developed TDNN is trained to capture such a driver model,
see also Fig. 1(c).

The control of the AV is based on the optimal velocity
model [5], [27], [28]. It consists of two parts: the control of the
headway with gain α, and the control of the velocity difference
with respect to the preceding vehicle using the gain β, yielding
the commanded acceleration

u3 = α
(
V (h3)− v3

)
+ β

(
W (v1)− v3

)
. (8)

The term W (v) denotes the speed policy

W (v) = min(v, vmax) , (9)

with vmax as the maximum allowed speed on the road. Finally,
V (h) stands for the piecewise linear range policy

V (h) =


0, if h < hst ,

vmax
h−hst

hgo−hst
, if hst ≤ h ≤ hgo ,

vmax, if h > hgo .

(10)

Accordingly, if the headway is larger than a prescribed value
hgo, then the vehicle can cruise with vmax, while if the
headway is too small, that is, h < hst, then the vehicle aims
to stop. For moderately large headway hst ≤ h ≤ hgo, the
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Fig. 2. Representative time series from the experiment for L = 75m,
hgo = 42.5m. The red, black and blue colors refer to the vehicles HV1,
HV2 and AV3, respectively. Initially the equilibrium seems to be stable, then at
t ≈ 100 s and at t ≈ 130 s HV1 brakes intentionally. These cause oscillations
in the speeds, which decay in the first case, but then persist in the second
case, indicating bistability.

appropriate velocity is adjusted to the actual value of the
headway; for simplicity, this relationship is governed by a
linear function.

In reality, both the acceleration and the deceleration of the
vehicles are limited, thus, the final equation of motion of the
AV takes the form

v̇3(t) = sat(u3(t− σ)) , (11)

where the saturation function of the control assumes the form

sat(u) =


umin, if u < umin ,

u, if umin ≤ u ≤ umax ,

umax, if u > umax .

(12)

The control parameters of the AV used in the experiments are
summarized in Table I, including the measured time delay σ.

Figure 2 depicts an example measurement. The vehicles
started from standstill, they accelerated to 20m/s in approxi-
mately 15 seconds, and then they kept that speed for a while
to see whether the virtually closed vehicle chain is stable
for small perturbations. As it was the case, the human driver
of vehicle #1 intentionally steps on the brake, imposing a
large perturbation to the system. This deceleration causes the
virtual headway in front of AV3 to decrease, forcing it to
brake, and the braking wave travels backward along the virtual
ring. Depending on the size of the perturbation, this oscillation
either dies out (the system returns to the previous steady state
motion), or leads to long-lasting self-excited oscillations. In
extreme cases, after a certain time, AV3 stops, and so the other
two vehicles stop behind it as well, then AV3 starts moving
again, and so on.

We investigated three different control setups of the AV,
in particular, the free-flow headway hgo was selected as
35m, 42.5m, and 55m, which yield a relatively aggressive, a
moderate and a gentle driving style, respectively. Furthermore,
the net ring length L was also varied between 15m and 120m.

TABLE I
PARAMETERS OF AUTOMATED VEHICLE.

hst

[m]
hgo

[m]
vmax

[m/s]
α

[1/s]
β

[1/s]
σ
[s]

umin

[m/s2]
umax

[m/s2]
5 35, 42.5, 55 30 0.4 0.5 0.6 −7 3

III. LEARNING HUMAN DRIVER DYNAMICS

In this section, we identify the human driving behavior
from the experimental data using a time delay neural network
(TDNN).

The TDNN is structured as follows, see also Fig. 1(c). The
input vector x consists of the delayed functions of the velocity,
headway and relative velocity:

x =

 v(t− τ)
h(t− τ)
∆v(t− τ)

 , (13)

while the scalar output is the actual acceleration a(t) = v̇(t).
In between, there are two hidden layers with 5-5 neurons.
In order to obtain a differentiable network, the elementwise
tanhe functions are selected as activation functions, so the
mathematical representation takes the form:

net(x) = W3tanhe(W2tanhe(W1x+ b1) + b2) , (14)

where W1 ∈ R5×3, W2 ∈ R5×5, and W3 ∈ R1×5 denote the
weight matrices, while b1 ∈ R5×1 and b2 ∈ R5×1 are the bias
vectors.

During data preparation, the useful time windows corre-
sponding to car following are cut out from the raw data. When
the dynamics of HV2 is learned, this means that only the
unnecessary parts at the beginning and at the end of each run
are removed. However, as it was discussed earlier, the driver
of HV1 sometimes performed intentional braking to perturb
the system, during which that vehicle does not respond to the
car in the front. Thus, when the dynamics of HV1 is learned,
these periods of intentional braking must also be removed.

We use Glorot initialization for the weights W1, W2, and
W3 [29], the biases b1 and b2 are initialized as zero vectors,
while the initial guess for the time delay is selected as 0.4 s.

When learning the dynamics of vehicle i, the algorithm se-
lects 200 random time instances tk (k = 1, . . . , 200) from each
measurement, then the code extracts the velocity vi(tk − τ̃i),
headway hi(tk − τ̃i), and relative velocity ∆vi+1,i(tk − τ̃i),
where τ̃i is the currently estimated time delay. Note that
in general the delay is not an integer multiple of the sam-
pling time step, thus, the delayed states are obtained via
interpolation. Then, using the actual weights and biases, the
TDNN calculates the estimated acceleration ãi(tk). In the
loss function, this is compared to the real acceleration ai(tk)
obtained from the measurements:

L =
1

N

N∑
k=1

(ãi(tk)− ai(tk))
2 , (15)

where N is the total number of time instances in the current
epoch. This loss function depends on the trainable parame-
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ters θp = {W1,W2,W3,b1,b2} and on the trainable delay
θτ = {τi}.

The algorithm then calculates the gradients

gp =
∂L

∂θp
, gτ =

∂L

∂θτ
, (16)

which are used to obtain the updated parameters via adaptive
moment estimation [30]. It is based on two stochastic gradient
descent approaches: the adaptive gradients and the root mean
square propagation. The corresponding update takes the form:

θn+1 = θn − η√
r̂n + ϵ

m̂n , (17)

where η is the learning rate, ϵ is a small constant preventing
division by zero, while

m̂n =
mn

1− βn
1

, r̂n =
rn

1− βn
2

. (18)

Here mn and rn are estimates for the first moment and second
moment, respectively. They are updated according to the rule

mn = β1mn−1 + (1− β1)gn , (19)

rn = β2rn−1 + (1− β2)g
2
n , (20)

where gn is the gradient in the n-th step, while β1 and β2

are the gradient decay factor and the squared gradient decay
factor, respectively.

IV. RESULTS

When learning the human driver dynamics, the maximum
epoch number was set to 2000. We used ητ = 0.005 as the
learning rate of the delay, ηp = 0.01 as the learning rate of
the other parameters, while ϵ, β1 and β2 were set to 10−8,
0.9, 0.999, respectively.

The driving dynamics was learned separately for HV1 and
for HV2, resulting in the learned delays τ1 = 1.16 s and
τ2 = 0.92 s, respectively. These are in the realistic domain
corresponding to other measurements in the literature [31]–
[33]. The final learned equation of motion of the three vehicles
on the virtual ring is given by the neural delay differential
equation (NDDE):

ḣ1(t) = v2(t)− v1(t) , (21)

ḣ2(t) = v3(t)− v2(t) , (22)
v̇1(t) = net1(h1(t− τ1), v1(t− τ1),∆v21(t− τ1)) , (23)
v̇2(t) = net2(h2(t− τ2), v2(t− τ2),∆v32(t− τ2)) , (24)

v̇3(t) = sat
(
α
(
V (h3(t− σ))− v3(t− σ)

)
+ β

(
W (v1(t− σ))− v3(t− σ)

))
,

(25)

where net1 and net2 are the human driver dynamics captured
by the TDNNs.

Figure 3 presents the acceleration of the vehicles in the
plane of the headway h and the relative velocity ∆v, while
the velocity is fixed at 20m/s. Since the controls of the AV
and the accelerations of the HVs depend on three inputs, their
visualization is possible only by fixing one variable. Note

Fig. 3. Acceleration of the three vehicles as a function of the headway and
relative velocity, while the vehicle’s own speed is fixed to v = 20m/s. In
the case of HV1 and HV2, the coloring reflects the learned dynamics, while
in the case of AV3 the control was known (here hgo = 42.5m). The dots
indicate those states during the experiments where the vehicle’s own velocity
was between 17m/s and 23m/s.

that the control parameters of the AV are set according to
Table I, while its free-flow headway is hgo = 42.5m. In each
panel, gray dots refer to those (h,∆v) combinations, which
occurred during the experiment such that the velocity was
approximately 20m/s (more precisely 17m/s < v < 23m/s).
Thus, in the case of the HVs, the region covered by gray dots is
where the TDNN interpolates, while the complement domain
is obtained with extrapolation only.

All panels in Fig. 3 depict large decelerations (brakings)
when the headway is small, while the relative velocity is
negative. Both the increase of h and that of ∆v yield in-
creasing accelerations. This matches our expectations. The
results also show that the driver of HV2 is more cautious
than the driver of HV1. In case of HV1 and AV3, the zero
acceleration (yellow) combinations can be approximated well
with a stripe of negative slope, while in case of HV2, almost
zero acceleration occurs over a larger domain, also indicating
the cautiousness of the driver. Of the three vehicles, the AV
is the most sensitive to changes in the relative velocity, while
it keeps the largest headway.

The learned dynamical system can perform bistable behav-
ior when the learned reaction times of the human drivers are
slightly increased, which also occurs in real driving scenarios.
For simplicity, in the following analysis, we assume that the
reaction times of the drivers are the same τ1 = τ2 = τ while
the weights and biases in each human driver model are indi-
vidually learned and carried over. The corresponding bistable
behavior is shown in Fig. 4, which presents the time profiles of
the velocities and headways obtained by simulating the NDDE
(21)-(25). The free-flow headway of the AV is hgo = 42.5m,
the human time delay τ = 1.5 s and the net length of the
virtual ring is L = 75m. The initial conditions are selected as
v1(t) = v2(t) = v3(t) = 15m/s, h1(t) = h2(t) = 20m, for
t ∈ [−τ, 0]; this results in h3(t) = 35m according to (7).

After a few oscillations, the system converges to a stable
steady state motion where all vehicles travel at approximately
23m/s, while their headways settle at different distances
determined by the individual controllers. Then, at t = 100 s,
HV1 performs a constant-deceleration braking for 1.5 seconds,
similar to the intentional braking of the last driver in the field
experiment, see Fig. 2. After this braking, the velocity of HV1
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Fig. 4. Time profiles obtained by simulating the learned human driver
dynamics for L = 75m, hgo = 42.5m, τ1 = τ2 = 1.5 s. The red, black and
blue colors refer to vehicles HV1, HV2 and AV3, respectively. Similarly to
the experiments, the initial transients are decaying and the system tends to
a stable steady state solution, however, when HV1 brakes intentionally, the
perturbation is large enough to “kick” the system out of the basin of attraction
of the equilibrium, and oscillations converge to a stable limit cycle. This shows
the bistable nature of the learned nonlinear system.

is almost the same as its initial velocity. The resulting vibra-
tions do not decay, but in contrast, they converge to a stable
oscillatory motion, called a limit cycle. The mean velocity
of this limit cycle is smaller than the previous equilibrium
velocity, and the headways change as well: the headway of
HV2 increases, while that of AV3 decreases. Although, this
shift in the mean value of the velocities and headways was
not always present in the measurements, the obtained bistable
behavior is qualitatively the same as that observed in the
experiments.

To better understand under what parameters the system can
be bistable, we carry out bifurcation analysis with the help of
the MATLAB package DDE-BIFTOOL [34]. This allows us
to find stable and unstable motions and continue these as the
system parameters are varied.

Figure 5(a) presents the stability chart of the system in the
plane of the human time delay τ and the free-flow headway
hgo of the AV. The blue curve indicates the Hopf bifurcation
boundary, on the left-hand side of which the steady state
(also called equilibrium) is stable. In the green domain, the
equilibrium is globally stable, that is, the oscillations die out
after any large perturbation and the state of the system returns
to its equilibrium. In contrary, in the orange domain the system
is bistable meaning that the trajectories may converge to the
(locally) stable equilibrium or to the (locally) stable limit cycle
depending on the perturbations.

The Hopf bifurcation boundary shows that the decrease of
hgo allows the HVs to operate with larger delays, which can
be explained by the fact that the smaller the value of hgo

is, the smaller h3 will be and thus the larger the headway of
human drivers can be. In those large delay domains, the system
is strongly bistable. The horizontal dashed lines correspond to
those values of hgo where the experiments were carried out and
the gray stripes indicate the plausible time delays of human
drivers shaded according to the probability of the given time

Fig. 5. (a) Stability chart of the system in the plane of the time delay of the
human drivers (assumed to be the same for HV1 and HV2) and the free-flow
headway of the AV for net ring length L = 75m. The blue curve indicates
Hopf bifurcation, while the black curve shows the location of the fold of the
limit cycles. The latter one divides the stable area into a globally stable (green)
and into a bistable (orange) domain. The gray zones indicate those domains
where the neural networks could interpolate. (b) Bifurcation diagrams for
various values of the free-flow headway hgo of the AV. Stable and unstable
solutions are indicated using red and green colors. The bistable domains are
also indicated as orange.

delay. Note that the human reaction time is not described with
a symmetric distribution, rather with a gamma distribution,
which is elongated more to the right, that is, to larger time
delay values [33], [35].

Figure 5(b) presents bifurcation diagrams for fixed values of
hgo. The time delay τ of the human drivers is selected as the
bifurcation parameter, while the vertical axis is the peak-to-
peak amplitude of the velocity of HV1. The stable equilibrium
(SE) and the stable limit cycle (SLC) are denoted by green
curves, while the red curves represent the unstable equilibrium
(UE) and the unstable limit cycle (ULC). The bistable domain
(BS) is indicated as orange. Initially, a branch of SLC emerges
from the Hopf point, but almost immediately it turns left and
becomes ULC. Then, there is a fold in this branch at around
τ ≈ 1.3 s, above which the limit cycle becomes stable. As the
amplitude increases, there is a point at which at least one of
the headways becomes negative, that is, the cars collide. This
is indicated by the dashed green curves and highlights the
potential detrimental effect of increased driver reaction time
delays.

V. CONCLUSION

In this paper, we presented experimental results with an
AV and two HVs, and learned the human driving dynamics
based on the collected experimental data. The virtual ring
concept allowed the vehicles to travel on a straight road
with realistic speeds. The measurements were carried out with
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various control setups of the AV, some of which led to bistable
behavior.

Based on the measurement data, we learned the human
driving dynamics for the two human drivers using time
delay neural networks. The networks were substituted into
the mathematical model of the virtual ring configuration,
and the simulation of the resulting neural delay differential
equations showed similar bistable behavior as observed in
the experiments. Besides, we also presented a stability chart
and bifurcation diagrams to visualize the critical parameter
combinations at which the equilibrium is not globally stable.

The results support a better understanding of human driver
behavior, which is key when designing the control algorithms
for self-driving cars, so that they can operate safely and
efficiently in mixed traffic situations.

In the future, we plan to analyze the effect of different
human reaction times, which may lead to even more intricate
dynamical phenomena. Furthermore, the model of the neural
network could be further generalized, for example, using
different delays for the inputs. However, when using such
models, special care must be taken not to overfit the data.
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