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Abstract

Car-following systems play a critical role in advanced driver assistance systems and autonomous driving applications,
where accurate detection and stable tracking of the preceding vehicle are essential for ensuring safety and smooth motion.
This paper presents a low-cost vision-based car-following control system that combines monocular vision sensing with
an intelligent speed controller. A convolutional neural network detects the target vehicle and extract spatial features
from input images. The resulting distance measurements are then refined using a Kalman filter to suppress noise and
enhance estimation stability. Based on the visual feedback, the vehicle speed is regulated by a Recurrent Multilayer
Interval Type-2 Fuzzy Neural Network (RMIT2FNN), the enabling adaptive responses to the motion of the leading
vehicle and maintenance of a safe following distance. The proposed approach is first validated through simulations, in
which its tracking performance is compared with conventional FNN and IT2FNN controllers under the same operating
conditions. The simulation results demonstrate improved tracking accuracy and rapid responses to velocity variations.
Subsequently, real-time experimental validation is conducted on a 1/10-scale vehicle platform, confirming that the
system can detect and track the preceding vehicle stably while maintaining the desired following distance under indoor
operating conditions. These findings provide preliminary evidence of the feasibility of the proposed method as a cost-
efficient vision-based car-following solution under controlled experimental conditions.
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1 Introduction

Car-following is a fundamental function in advanced driver assistance systems (ADAS) and autonomous driving, because
it governs how a host vehicle regulates its longitudinal motion with respect to a preceding vehicle [4, 16, 17, 20,
23, 27]. From a research perspective, car-following has evolved from classical stimulus-response, safety-distance, and
psychophysical models toward adaptive cruise control (ACC/CACC) strategies and, more recently, data-driven learning-
based approaches [2, 7, 15]. Recent review studies have further shown that car-following research now spans traffic flow
theory, control engineering, cognitive modeling, and machine learning [31]. Despite this broad literature, achieving
safe, smooth, and robust following performance under nonlinear vehicle dynamics, heterogeneous traffic conditions, and
uncertain sensing remains a persistent challenge [1, 5, 25].

Among intelligent control techniques, fuzzy logic has long been considered attractive for automotive applications
because it can encode heuristic expert knowledge through linguistic IF–THEN rules and does not require an exact
mathematical model of the plant [29]. In automotive engineering, fuzzy methods have been used in driver identification
[26], vehicle dynamics control [30], environment recognition [28], and other tasks in which the available information is
limited or imprecise. In the specific context of car-following, the study by Mădălin-Dorin Pop demonstrates that the
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selection of defuzzification methods significantly affects the calibration accuracy of Mamdani FIS-based car-following
models, with the SoM method achieving lower MAE and RMSE. This result highlights the importance of designing
efficient fuzzy inference mechanisms to improve the performance of intelligent car-following systems [14]. However,
conventional type-1 fuzzy systems still face limitations when the membership functions, rule bases, or measurements
are affected by uncertainty, noise, and time-varying operating conditions [7, 8, 24].

To address these limitations, type-2 fuzzy logic systems extend type-1 fuzzy sets by allowing the membership grade
itself to be fuzzy. In particular, interval type-2 fuzzy logic systems provide a practical balance between uncertainty-
handling capability and computational tractability. Foundational studies have shown that interval type-2 fuzzy systems
are especially useful when measurements are corrupted by nonstationary noise, when uncertainty exists in the antecedent
or consequent membership functions, or when the rule base is not precisely defined [3, 10, 19, 22]. These properties are
highly relevant to vehicle-following control, where perception errors, actuator nonlinearities, and varying traffic scenarios
can significantly degrade the performance of a purely type-1 controller. Therefore, interval type-2 fuzzy control offers
a promising framework for enhancing robustness in longitudinal vehicle control problems.

Alongside fuzzy logic, recurrent neural networks (RNNs) provide a complementary mechanism for learning temporal
dependencies from sequential data [12]. Because recurrent connections preserve information from previous states, RNNs
are well-suited to dynamic control and prediction problems in which the current action depends not only on instan-
taneous measurements but also on recent history [21]. This temporal-memory characteristic is particularly important
for car-following, since safe and smooth longitudinal behavior depends on the evolution of relative distance, relative
speed, and leader motion over time. Prior studies have shown that RNN-based car-following models can better repro-
duce traffic oscillations and memory effects than static formulations, while more recent CNN–LSTM structures further
improve feature extraction and generalization across different driving scenarios [11, 18, 32]. From the perception side,
machine-vision-based sensors are among the earliest and most widely used sensing modalities for vehicle detection in
autonomous driving, and modern deep-learning detectors provide an effective basis for extracting target-vehicle infor-
mation from image data [6]. This makes monocular vision a promising solution for single-camera car-following systems,
particularly when the uncertainty of visual measurements is explicitly handled at the control stage.

Motivated by the above considerations, this paper proposes a vision-based car-following system that integrates
monocular vehicle perception with an adaptive speed controller based on a multilayer type-2 fuzzy neural network and
recurrent neural learning. A convolutional neural network is employed to detect the preceding vehicle and extract
spatial information from image sequences captured by a monocular camera. The estimated inter-vehicle distance is
then processed by a Kalman filter to suppress noise and improve the stability of the feedback signal. Based on this
perception output, the proposed controller regulates the host vehicle speed to maintain a safe following distance and
to adapt to changes in the motion of the leading vehicle. By combining the uncertainty-handling capability of interval
type-2 fuzzy logic with the temporal learning ability of recurrent neural structures, the proposed framework is expected
to achieve both stable tracking performance and responsive longitudinal control.

The main contributions of this work are summarized as follows. First, a low-cost monocular-vision-based perception
scheme is developed for preceding-vehicle detection and distance estimation. Second, a Kalman-filter-based processing
stage is introduced to enhance the robustness and stability of the distance feedback used for control. Third, a multilayer
type-2 fuzzy neural speed controller with recurrent neural learning is designed to address nonlinear longitudinal dynam-
ics, perceptual uncertainty, and temporal dependence in car-following behavior simultaneously. Finally, the effectiveness
of the proposed system is validated through both simulation and real-time experiments, demonstrating stable following
behavior, rapid response to speed variations, and safe operation under different driving conditions. Overall, the study
provides preliminary evidence of the feasibility and practical applicability of the proposed vision-based car-following
approach under controlled simulations and small-scale experimental conditions.

2 Problem formulation

This section formulates the mathematical model of the vehicle-following problem and defines the control objective.
Figure 1 illustrates the vehicle platoon structure, where Vehicle 0 acts as the leading vehicle, and the following vehicles
maintain a desired inter-vehicle distance di based on their positions pi. Consider a platoon consisting of N vehicles
moving along the same lane, where each follower vehicle aims to maintain a safe distance from its immediate predecessor.

2.1 Vehicle platoon kinematics

Let pi(t) denote the longitudinal position of the i-th vehicle and vi(t) = ṗi(t) its velocity. The inter-vehicle spacing
between vehicle i and its preceding vehicle (i− 1) is defined as
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Figure 1: Structure of the car-following system showing the leading vehicle (Vehicle 0), following vehicles, inter-vehicle
distance di, and vehicle position pi.

di(t) = pi−1(t)− pi(t). (1)

To ensure safe operation, the desired spacing is assumed to follow a velocity-dependent policy of the form

d∗i (t) = hivi−1(t) +Di, (2)

where hi ≥ 0 is the spacing-policy coefficient and Di > 0 is the standstill spacing. The desired spacing is generated
from the motion of the preceding vehicle and is therefore treated as an exogenous reference with respect to the control
input of Vehicle i. The case hi = 0 corresponds to a constant-spacing policy.

The spacing error for the i-th vehicle is then defined as

ei(t) = di(t)− d∗i (t). (3)

Substituting the definitions yields

ei(t) = pi−1(t)− pi(t)− hivi−1(t)−Di. (4)

The control objective is to design an input signal such that

lim
t→∞

ei(t) = 0, (5)

which guarantees that the follower vehicle maintains the desired safe distance from its leader.

2.2 Longitudinal vehicle dynamics

The longitudinal dynamics of each vehicle are described by a simplified nonlinear model incorporating drivetrain lag
and external resistive forces. Let Fi(t) denote the traction/braking force generated by the powertrain and ui(t) be the
control input.

The actuator dynamics can be approximated by a first-order system

Ḟi(t) =
1

τi
(−Fi(t) + ui(t)) , (6)

where τi > 0 is the actuator time constant.
The longitudinal motion of the vehicle is governed by Newton’s second law

v̇i(t) =
1

mi
(Fi(t)−Ri(vi)− fi) , (7)

where mi is the vehicle mass, Ri(vi) represents aerodynamic drag, and fi denotes rolling resistance and other
disturbances.

The aerodynamic drag is modeled as

Ri(vi) = civ
2
i , (8)

where ci is a drag coefficient.
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Differentiating the longitudinal dynamics in Eq. (7) gives

v̈i(t) =
1

mi

[
Ḟi(t)− 2civi(t)v̇i(t)− ḟi(t)

]
. (9)

From Eq. (7), the traction force can be expressed as

Fi(t) = miv̇i(t) + civ
2
i (t) + fi(t). (10)

Substituting Eq. (6) and Eq. (10) into Eq. (9) yields

v̈i(t) = −
(
1

τi
+

2ci
mi

vi(t)

)
v̇i(t)−

ci
miτi

v2i (t)−
fi(t)

miτi
− ḟi(t)

mi
+

1

miτi
ui(t). (11)

Since vi(t) = ṗi(t), Eq. (11) can be written as

...
p i(t) = ϕi

(
vi, v̇i, t

)
+ ψiui(t), (12)

where

ϕi
(
vi, v̇i, t

)
= −

(
1

τi
+

2ci
mi

vi

)
v̇i −

ci
miτi

v2i −
fi
miτi

− ḟi
mi

, (13)

and

ψi =
1

miτi
> 0. (14)

The disturbance fi(t) is assumed to be continuously differentiable with bounded fi(t) and ḟi(t). If the rolling
resistance is modeled as a constant, then ḟi(t) = 0.

2.3 Tracking error representation

For controller design, define the error state vector as

zi =
[
ei ėi ëi

]⊤
. (15)

The goal of the control system is to regulate zi to the origin, ensuring convergence of the spacing error and its
derivatives.

If the nonlinear dynamics ϕi(·) and ψi(·) were exactly known, an ideal control input could be constructed to yield
the linear error dynamics

...
e i + a1ëi + a2ėi + a3ei = 0, (16)

where a1, a2, and a3 are positive constants chosen such that the characteristic polynomial

s3 + a1s
2 + a2s+ a3 = 0, (17)

is Hurwitz.
However, in practical applications the vehicle parameters and nonlinear functions are typically uncertain or time-

varying. Therefore, a data-driven or adaptive control strategy, is required to approximate the unknown dynamics and
achieve stable car-following behavior.

Remark 2.1 (Relationship between the Platoon Formulation and the Single-Follower Controller). To clarify the transi-
tion from the general platoon formulation to the controller developed in Section 3, consider the two-vehicle case (N = 2),
where Vehicle 0 is the leader and Vehicle 1 is the controlled follower. The leader follows the longitudinal trajectory p0(t),
with

v0(t) = ṗ0(t), v̇0(t) = p̈0(t).

The leader-motion variables are treated as bounded exogenous signals, whereas the control input u1(t) is applied only to
Vehicle 1.

For Vehicle 1, the actual spacing, desired spacing, and tracking error are respectively given by
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d1(t) = p0(t)− p1(t),

d∗1(t) = h1v0(t) +D1,

e1(t) = p0(t)− p1(t)− h1v0(t)−D1.

(18)

Since h1 and D1 are constant, differentiating the spacing error gives

ė1(t) = v0(t)− v1(t)− h1v̇0(t),

ë1(t) = v̇0(t)− v̇1(t)− h1v̈0(t),
...
e 1(t) = v̈0(t)− v̈1(t)− h1

...
v 0(t).

(19)

Accordingly, the tracking-error vector of the controlled follower is constructed as

χ1(t) =
[
e1(t) ė1(t) ë1(t)

]⊤
. (20)

The same formulation applies to an arbitrary follower Vehicle i and its immediate predecessor Vehicle i−1. Because
the controller design in Section 3 is presented for a representative follower, the vehicle index is omitted for notational
simplicity. The error-state components are therefore denoted by

z1 = e, z2 = ė, z3 = ë, (21)

and the controller input vector becomes

χ(t) =
[
z1(t) z2(t) z3(t)

]⊤
. (22)

Here, the subscripts in z1, z2, z3 denote the components of the single-follower tracking-error state rather than vehi-
cle indices. By differentiating the filtered error and substituting the follower dynamics in Eq. (9), the leader-motion
terms, spacing-policy terms, and uncertain follower dynamics are collected in Ξ(χ, t), while u1(t) is denoted by u(t).
Substituting the follower dynamics (12) into the third derivative of the spacing error leads to the compact filtered-error
dynamics derived explicitly in Eq. (37).

3 Proposed recurrent multilayer interval type-2 fuzzy neural network
controller

This section develops a recurrent multilayer interval type-2 fuzzy neural network (RMIT2FNN) controller for the
car-following problem formulated in Section 2. The controller is designed to approximate the ideal nonlinear control
action in real time while preserving robustness against modeling uncertainty, approximation residuals, and measurement
disturbances. Figure 2 resents the architecture of the proposed recurrent multilayer interval type-2 fuzzy neural network
(RMIT2FNN) controller. The proposed controller is composed of seven layers, namely the input layer, context layer,
interval type-2 fuzzy membership function layer, rule layer, type-reduction layer, weight layer, and output-feedback
layer. The context layer introduces recurrent connections to incorporate temporal information, allowing the controller
to capture system dynamics effectively. The interval type-2 fuzzy sets improve robustness against uncertainties, while
the Cartesian-product rule construction enhances the mapping capability between inputs and outputs. The final control
signal is obtained through a weighted summation of type-reduced rule outputs and a feedback structure, which ensures
stable and adaptive control performance in nonlinear car-following systems.

To this end, the final control input is composed of a neural approximation term and a robust compensator,

u(t) = un(t) + ur(t), (23)

where un(t) is generated by the proposed RMIT2FNN and ur(t) is a stabilizing compensation term.

3.1 Filtered error dynamics

For notational simplicity, the vehicle index is omitted in this section. Let the spacing error states be

z1 = e, z2 = ė, z3 = ë. (24)

Define the filtered error (or sliding variable) as

s = z3 + λ2z2 + λ1z1, (25)
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Figure 2: Architecture of the proposed RMIT2FNN controller.

where λ1 > 0 and λ2 > 0 are chosen such that the polynomial

ϖ(ν) = ν2 + λ2ν + λ1, (26)

is Hurwitz. The variable s summarizes the tracking objective in a scalar form and will be used for both adaptation and
stability analysis.

To derive the filtered-error dynamics explicitly, first retain the vehicle index. From Eqs. (2) and (4), the first three
derivatives of the spacing error are

ėi = vi−1 − vi − hiv̇i−1, (27)

ëi = v̇i−1 − v̇i − hiv̈i−1, (28)
...
e i = v̈i−1 − v̈i − hi

...
v i−1. (29)

Substituting the follower dynamics (12), namely,

v̈i = ϕi(vi, v̇i, t) + ψiui,

into Eq. (29) gives
...
e i = v̈i−1 − hi

...
v i−1 − ϕi(vi, v̇i, t)− ψiui. (30)

For the filtered error
si = ëi + λ2ėi + λ1ei, (31)

its derivative is

ṡi =
...
e i + λ2ëi + λ1ėi = Ξi(χi, t)− bi(χi, t)ui, (32)

where

Ξi(χi, t) = v̈i−1 − hi
...
v i−1 − ϕi(vi, v̇i, t) + λ2 (v̇i−1 − v̇i − hiv̈i−1) + λ1 (vi−1 − vi − hiv̇i−1) , (33)

and

bi(χi, t) = ψi =
1

miτi
> 0. (34)

Notice that the follower velocity and acceleration can be expressed as

vi = vi−1 − hiv̇i−1 − ėi, (35)

v̇i = v̇i−1 − hiv̈i−1 − ëi. (36)
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Therefore, for bounded predecessor-motion signals, Ξi can be represented as a smooth function of χi = [ei, ėi, ëi]
⊤ and

time.
The predecessor trajectory is assumed to be sufficiently smooth, with pi−1(t) ∈ C4, and the signals vi−1, v̇i−1, v̈i−1,

and
...
v i−1 are assumed to be bounded. These signals are treated as bounded exogenous inputs to the controlled follower.

For notational simplicity, the vehicle index is omitted in the remainder of the controller design. Accordingly, Eq. (32)
is written as

ṡ = Ξ(χ, t)− b(χ, t)u. (37)

If the nonlinear functions in (37) were exactly known, the ideal control law could be defined as

u⋆(χ, t) = b−1(χ, t)
[
Ξ(χ, t) + kss

]
, (38)

with ks > 0, yielding
ṡ = −kss. (39)

Since u⋆(χ, t) is unavailable in practice, the proposed RMIT2FNN approximates it.

3.2 RMIT2FNN architecture

The proposed RMIT2FNN consists of seven computational layers: the input layer, recurrent context layer, interval
type-2 membership layer, rule-firing layer, type-reduction layer, consequent-weight layer, and output-feedback layer.
Their functions are described below.
Layer 1: Input Layer

The input vector is defined as

χ(t) =
[
z1(t) z2(t) z3(t)

]⊤ ∈ R3. (40)

Layer 2: Recurrent Context Layer:
To embed temporal memory, each input channel is augmented by a recurrent term,

χ̄j(t) = χj(t) + rjun(t−∆t), j = 1, 2, 3. (41)

where rj is the recurrent coefficient associated with the jth channel, un(t−∆t) denotes the previous network output, and
∆t is the sampling interval. The recurrent feedback enables the network to capture short-term temporal dependencies
that frequently arise in vehicle-following maneuvers.
Layer 3: Interval Type-2 Membership Layer

For each input χ̄j , let Fjℓ, ℓ = 1, . . . ,Mj , denote the ℓth interval type-2 Gaussian antecedent set. The lower and
upper membership grades are defined as

µ
jℓ
(χ̄j) = exp

[
− (χ̄j − cjℓ)

2

σ 2
jℓ

]
, (42)

µ
jℓ
(χ̄j) = exp

[
− (χ̄j − cjℓ)

2

σ 2
jℓ

]
, (43)

where cjℓ is the center, and 0 < σjℓ ≤ σjℓ are the lower and upper widths, respectively. The footprint of uncertainty
is therefore induced by the interval [σjℓ, σjℓ].
Layer 4: Rule Firing Layer

Assume that the rth fuzzy rule is formed by one antecedent from each input channel. Its lower and upper firing
strengths are given by

ωr =

3∏
j=1

µ
jℓj(r)

, (44)

ωr =

3∏
j=1

µjℓj(r), (45)

where ℓj(r) denotes the antecedent index selected by rule r for input j.
Layer 5: Type-Reduction Layer
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For each rule r, the interval type-2 inference process produces an interval-valued firing strength

[ωr, ωr].

The type-reduction layer maps this interval into the scalar basis function

ψr =
1

2
(ωr + ωr) , r = 1, . . . , Nr. (46)

where Nr =
∏3

j=1Mj denoting the total number of fuzzy rules.
Thus, ψr represents the midpoint of the lower and upper rule-firing strengths. This non-iterative type-reduction

operation provides a crisp rule activation for the subsequent weighted aggregation while retaining the effect of the foot-
print of uncertainty introduced by the interval type-2 membership functions. Compared with iterative type-reduction
procedures, the adopted midpoint operation has a lower computational burden and is therefore suitable for real-time
implementation.

Collecting the type-reduced basis functions gives

ψ =
[
ψ1 ψ2 · · · ψNr

]⊤
. (47)

Layer 6: Consequent-Weight Layer
Let ŵ ∈ RNr denote the adjustable consequent-weight vector. The weighted output of the r-th rule is

ϕr = ŵrψr. (48)

Layer 7: Output-Feedback Layer
The neural control signal is obtained by aggregating the weighted outputs of all rules:

un(t) =

Nr∑
r=1

ŵrψr = ŵ⊤ψ. (49)

The delayed network output un(t − ∆t) is fed back to the recurrent context layer and contributes to the recurrent
inputs defined in Eq. (41). This feedback mechanism supplies short-term temporal information without introducing an
additional external input.

3.2.1 Numerical Illustration of the RMIT2FNN Computation

To illustrate the computational procedure in Eqs. (41)–(49), consider three recurrent inputs

χ̄ =
[
0.2 −0.1 0.3

]⊤
,

with two interval type-2 membership functions assigned to each input. The Cartesian-product rule construction therefore
produces Nr = 23 = 8 rules. Suppose that Eqs. (42) and (43) yield the following lower and upper membership intervals:

[µ
11
, µ11] = [0.4650, 0.6126], [µ

12
, µ12] = [0.8688, 0.9139],

[µ
21
, µ21] = [0.7788, 0.8521], [µ

22
, µ22] = [0.5698, 0.6977],

[µ
31
, µ31] = [0.3679, 0.5273], [µ

32
, µ32] = [0.9394, 0.9608].

For example, Rule 1 corresponds to the antecedent combination (F11, F21, F31). Its firing-strength interval and
type-reduced basis value are

[ω1, ω1] = [0.1332, 0.2753], ψ1 = 0.2043.

The results obtained for all eight rules are summarized in Table 1.
Using the illustrative consequent-weight vector

ŵ =
[
0.4 −0.2 0.5 0.1 −0.3 0.6 −0.1 0.2

]⊤
,

the final neural control signal calculated from Eq. (49) is

un = ŵ⊤ψ = 0.5093.

This example shows how the interval membership grades are propagated through the rule-firing and type-reduction
stages before being combined with the consequent weights to generate un. The values used above are provided solely
for illustration.
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Table 1: Illustrative computation of the eight fuzzy rules.

Rule (ℓ1, ℓ2, ℓ3) ωr ωr ψr

1 (1, 1, 1) 0.1332 0.2753 0.2043

2 (1, 1, 2) 0.3402 0.5016 0.4209

3 (1, 2, 1) 0.0975 0.2254 0.1614

4 (1, 2, 2) 0.2489 0.4107 0.3298

5 (2, 1, 1) 0.2489 0.4107 0.3298

6 (2, 1, 2) 0.6356 0.7483 0.6920

7 (2, 2, 1) 0.1821 0.3362 0.2592

8 (2, 2, 2) 0.4650 0.6126 0.5388

3.3 Robust compensator

Since the neural approximator cannot perfectly reconstruct u⋆, an additional robust term is introduced:

ur = krs+ ρ̂ sat

(
s

µ

)
. (50)

where kr > 0, µ > 0 is a small boundary-layer constant, and ρ̂ is an adaptive estimate of the lumped uncertainty
bound. The saturation function is defined as

sat(ς) =

{
sgn(ς), |ς| > 1,

ς, |ς| ≤ 1.
(51)

Compared with a discontinuous sign function, (50) alleviates high-frequency chattering while preserving robustness.

3.4 Approximation model and parameterization

Let the complete parameter vector of the RMIT2FNN be

θ̂ =
[
ŵ⊤ ĉ⊤ σ̂⊤ σ̂

⊤
r̂⊤

]⊤
. (52)

where ĉ, σ̂, σ̂, and r̂ collect the centers, lower widths, upper widths, and recurrent coefficients, respectively.
It is assumed that there exists an ideal bounded parameter vector θ⋆ such that

u⋆ = un(χ,θ
⋆) + ε, |ε| ≤ ρ⋆, (53)

for some unknown constant ρ⋆ > 0. Using a first-order local expansion around the current estimate θ̂, one obtains

u⋆ − un(θ̂) = θ̃
⊤g + εc, (54)

where θ̃ = θ⋆ − θ̂, g = ∂un/∂θ̂ is the network Jacobian, and εc is the residual of the local linearization, bounded by

|εc| ≤ ρ̄. (55)

The constant ρ̄ absorbs both the approximation error and the higher-order Taylor remainder.
The Jacobian vector is partitioned as

g =
[
g⊤w g⊤c g⊤σ g⊤σ g⊤r

]⊤
, (56)

where

gw =
∂un
∂ŵ

= ψ, (57)

gc =
∂un
∂ĉ

, gσ =
∂un
∂σ̂

, gσ =
∂un

∂σ̂
, gr =

∂un
∂r̂

. (58)
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For a rule r containing the antecedent Fjℓ, the elementary derivatives used in (56) are

∂ωr

∂cjℓ
= ωr

2(χ̄j − cjℓ)

σ 2
jℓ

. (59)

∂ωr

∂cjℓ
= ωr

2(χ̄j − cjℓ)

σ 2
jℓ

. (60)

∂ωr

∂σjℓ

= ωr

2(χ̄j − cjℓ)
2

σ 3
jℓ

. (61)

∂ωr

∂σjℓ
= ωr

2(χ̄j − cjℓ)
2

σ 3
jℓ

. (62)

∂ωr

∂rj
= −ωr

2(χ̄j − cjℓ)

σ 2
jℓ

un(t−∆t). (63)

∂ωr

∂rj
= −ωr

2(χ̄j − cjℓ)

σ 2
jℓ

un(t−∆t). (64)

and therefore
∂ψr

∂(·)
=

1

2

(
∂ωr

∂(·)
+
∂ωr

∂(·)

)
. (65)

3.5 Adaptive laws

Using (54), the adaptive laws are selected in the compact form

˙̂
θ = Γθ g s, (66)

where Γθ = diag{Γw,Γc,Γσ,Γσ,Γr} is a block-diagonal positive definite gain matrix. Equation (66) can be written
elementwise as

˙̂w = Γwψ s, (67)

˙̂c = Γcgc s, (68)

˙̂σ = Γσgσ s, (69)

˙̂σ = Γσgσ s, (70)

˙̂r = Γrgr s. (71)

To estimate the uncertainty bound in (50), the following law is adopted:

˙̂ρ = Proj[0,ρmax] (ρ̂, γρ|s|) , γρ > 0. (72)

For implementation, the premise parameters are constrained to a compact admissible set through a projection
operator, i.e.,

˙̂
θ = ProjΘ

(
θ̂,Γθgs

)
. (73)

which prevents loss of positivity of the interval widths and avoids parameter drift in the presence of persistent
disturbances.
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3.6 Closed-loop stability analysis

Theorem 3.1. Consider the error dynamics (37) and the control law (23), where un is generated by the RMIT2FNN
(49) and ur is given by (50). Suppose that the approximation assumption (53) holds and that the input gain is positive
and bounded as

0 < b0 ≤ b(χ, t) ≤ b1, (74)

where b0 and b1 are known positive constants. Assume that the ideal parameter vector belongs to the compact admissible
parameter set and that the network parameters and adaptive uncertainty estimate are updated using the projection-based
adaptive laws (73) and (72). Then all closed-loop signals remain bounded. Moreover, the filtered error s is uniformly
ultimately bounded. Its ultimate bound can be reduced by increasing ks or kr, or by selecting a smaller boundary-layer
parameter µ.

Proof. Substituting (23) into (37) and using (38), one obtains

ṡ = −kss+ b(χ, t) (u⋆ − un − ur) . (75)

Applying (54) and the corrected robust compensator (50) yields

ṡ = −kss+ b(χ, t)

[
θ̃⊤g + εc − krs− ρ̂ sat

(
s

µ

)]
. (76)

Define

ϑ(t) =
b(χ, t)

b0
. (77)

From (74), it follows that

1 ≤ ϑ(t) ≤ ϑmax, ϑmax =
b1
b0
. (78)

The projection operator constrains the estimated network parameters to a compact admissible set and maintains
all interval widths above a strictly positive lower bound. Since the ideal parameter vector is also bounded, θ̃ remains
bounded. Moreover, the Gaussian basis functions and their parameter derivatives are bounded under these constraints.
The previous network output is also bounded because un = ŵ⊤ψ, where both ŵ and ψ are bounded. Consequently,
the network Jacobian g is bounded.

Therefore, the combined residual term

∆(t) = ϑ(t)εc + [ϑ(t)− 1] θ̃⊤g, (79)

is bounded. Thus, there exists a positive constant ∆̄ such that

|∆(t)| ≤ ∆̄. (80)

Let
ρ̃ = ∆̄− ρ̂, (81)

where ρmax > ∆̄, and consider the Lyapunov candidate

V =
1

2b0
s2 +

1

2
θ̃⊤Γ−1

θ θ̃ +
1

2γρ
ρ̃ 2. (82)

Differentiating (82) along (76) gives

V̇ =
s

b0
ṡ− θ̃⊤Γ−1

θ
˙̂
θ − 1

γρ
ρ̃ ˙̂ρ =

s

b0

[
−kss+ b(χ, t)

(
θ̃⊤g + εc − krs− ρ̂ sat

(
s

µ

))]
− θ̃⊤Γ−1

θ
˙̂
θ − 1

γρ
ρ̃ ˙̂ρ. (83)

The projection-based parameter update law satisfies the standard projection property

−θ̃⊤Γ−1
θ

˙̂
θ ≤ −θ̃⊤gs. (84)

Therefore,

ϑθ̃⊤gs− θ̃⊤Γ−1
θ

˙̂
θ ≤ (ϑ− 1) θ̃⊤gs. (85)
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Using (79) and (85), Eq. (83) becomes

V̇ ≤ −
(
ks
b0

+ krϑ

)
s2 + s∆(t)− ϑρ̂s sat

(
s

µ

)
− 1

γρ
ρ̃ ˙̂ρ. (86)

Since ks > 0, kr > 0, and ϑ(t) ≥ 1, define

κs =
ks
b0

+ kr > 0. (87)

Then,
ks
b0

+ krϑ ≥ κs. (88)

The projection-based uncertainty adaptation law (72) satisfies

− 1

γρ
ρ̃ ˙̂ρ ≤ −ρ̃|s|. (89)

Using (80), (88), and (89) in (86) gives

V̇ ≤ −κss2 + ∆̄|s| − ϑρ̂s sat

(
s

µ

)
−
(
∆̄− ρ̂

)
|s| = −κss2 + ρ̂|s| − ϑρ̂s sat

(
s

µ

)
. (90)

Because ϑ ≥ 1, ρ̂ ≥ 0, and

s sat

(
s

µ

)
≥ 0, (91)

it follows that

V̇ ≤ −κss2 + ρ̂

[
|s| − s sat

(
s

µ

)]
. (92)

For the saturation function defined in (51), the following inequality holds for all s:

0 ≤ |s| − s sat

(
s

µ

)
≤ µ

4
. (93)

Indeed, the expression is zero when |s| > µ, whereas for |s| ≤ µ,

|s| − s sat

(
s

µ

)
= |s| − s2

µ
≤ µ

4
. (94)

Since the projection operator guarantees
0 ≤ ρ̂(t) ≤ ρmax, (95)

Eq. (92) leads to

V̇ ≤ −κss2 +
ρmaxµ

4
. (96)

Therefore, V̇ < 0 whenever

|s| >
√
ρmaxµ

4κs
. (97)

Standard uniform-ultimate-boundedness arguments imply that the filtered error enters and remains within the compact
set

Ωs =

{
s : |s| ≤

√
ρmaxµ

4κs

}
. (98)

The parameter estimates θ̂ and ρ̂ remain bounded because of the projection operators. To establish the boundedness
of the original tracking-error states, note that

s = z3 + λ2z2 + λ1z1,
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can be rewritten as [
ż1
ż2

]
=

[
0 1

−λ1 −λ2

] [
z1
z2

]
+

[
0
1

]
s. (99)

Because the polynomial ϖ(ν) = ν2 + λ2ν + λ1 is Hurwitz, the subsystem (99) is input-to-state stable with respect
to s. Hence, the boundedness and uniform ultimate boundedness of s imply the boundedness and uniform ultimate
boundedness of z1 and z2. Moreover,

z3 = s− λ2z2 − λ1z1, (100)

is also bounded and uniformly ultimately bounded.
Consequently, the spacing error and its first two derivatives converge to compact neighborhoods of the origin. All

remaining closed-loop signals are bounded because the network parameters, membership grades, rule firing strengths,
neural output, robust compensator, and total control input remain bounded.

3.7 Implementation remarks

In real-time implementation, the proposed controller is updated according to the following sequence:

1. Measure or estimate e, ė, and ë, then construct χ and s.

2. Compute the recurrent inputs χ̄j using (41).

3. Evaluate the lower and upper membership functions by (42)–(43).

4. Compute the rule activations and basis vector ψ.

5. Generate the neural control signal un using (49).

6. Update the adaptive parameters according to (67)–(71) and (72).

7. Apply the total control law (23).

The proposed RMIT2FNN controller combines three favorable properties for vision-based car-following applications:
(i) interval type-2 fuzzy inference enhances robustness against measurement uncertainty; (ii) the recurrent context
layer captures temporal dependencies in leader-follower motion; and (iii) the Lyapunov-based adaptation mechanism
guarantees bounded closed-loop behavior while allowing online learning of both antecedent and consequent parameters.

4 Simulation and experimental results

4.1 Simulation results

The proposed RMIT2FNN controller was evaluated against two benchmark schemes, namely a conventional fuzzy
neural network (FNN) and an interval type-2 fuzzy neural network (IT2FNN), under the same simulation scenario.
The comparison focuses on the inter-vehicle distance, the follower velocity, the control effort, and the tracking error.
Figure 3 illustrates the control structure of the proposed car-following system, in which the vehicle position pi(t) is
processed by the controller and update laws to generate the control input for maintaining the desired inter-vehicle
distance.

Fig. 4 presents the inter-vehicle distance responses. Although all three controllers eventually drive the spacing toward
the desired operating region, their transient characteristics are noticeably different. The conventional FNN exhibits
the largest initial overshoot, while the IT2FNN reduces this deviation but still shows a visible transient excursion. By
contrast, the proposed RMIT2FNN reaches the desired spacing more rapidly and with a more restrained overshoot,
indicating a better transient regulation capability.

A similar trend can be observed in the velocity responses shown in Fig. 5. After the start-up phase, the follower
vehicle controlled by RMIT2FNN reproduces the speed variations of the lead vehicle with the smallest deviation. The
FNN response displays the most pronounced overshoot in the early stage, whereas the IT2FNN provides an intermediate
behavior. These results are consistent with the spacing trajectories discussed above.

The control signals are depicted in Fig. 6. A brief corrective action appears at the beginning of the RMIT2FNN
response, after which the control input settles rapidly and remains bounded. The FNN and IT2FNN require smaller
initial corrections, but their responses fluctuate for a longer period. This behavior suggests that the recurrent interval
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Figure 3: Control structure of the proposed car-following system.

type-2 fuzzy structure can compensate the initial mismatch more decisively and then maintain the closed-loop motion
with limited sustained actuation.

The tracking error profiles in Fig. 7, further highlight the difference among the three methods. The FNN yields
the largest transient error, whereas the IT2FNN narrows the error band without completely removing the oscillatory
behavior for during the transient stage. The proposed RMIT2FNN drives the tracking error to a narrow neighborhood
of zero more quickly and preserves the smallest overall error level over the entire simulation interval.

The quantitative comparison reported in Table 2 confirms the visual observations. The proposed RMIT2FNN
achieves an RMSE of 0.23043, which is substantially lower than those obtained by IT2FNN (1.5031) and FNN (1.8969).
This result indicates that incorporating recurrent learning into the interval type-2 fuzzy neural structure improves the
approximation capability for nonlinear and time-varying dynamics, leading to more accurate car-following behavior. In
addition to the tracking accuracy, the computation time is also included in Table 2 to provide a balanced comparison
between control performance and computational cost.

Figure 4: Inter-vehicle distance tracking performance of FNN, IT2FNN, and RMIT2FNN.

Figure 5: Comparison of velocity responses between the lead vehicle and the follower vehicle under different controllers.
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Figure 6: Comparison of control signals generated by FNN, IT2FNN, and RMIT2FNN.

Figure 7: Comparison of tracking error responses among FNN, IT2FNN, and RMIT2FNN.

4.2 Experimental results

To further examine the practical feasibility of the proposed method, the car-following system was implemented on a
1/10-scale autonomous vehicle platform and evaluated in an indoor environment under relatively stable illumination.
The experimental setup was designed to reproduce a representative following scenario while preserving repeatability
and safe operation.

For distance perception, an ArUco marker, with a side length of 6 cm was mounted on the rear of the leading
vehicle. The relative distance was then estimated using the pinhole camera model from monocular images captured by
a forward-facing camera installed on the follower vehicle.

The Kalman filter was used only in the experimental perception pipeline to reduce frame-to-frame fluctuations in
the monocular distance measurement. It was not included in the RMIT2FNN adaptation mechanism or the closed-loop
stability analysis. Let zk denote the raw camera-based distance measurement and d̂k the filtered distance. A scalar
random-walk model was adopted:

d̂k|k−1 = d̂k−1|k−1, (101)

Pk|k−1 = Pk−1|k−1 +Q, (102)

Kk =
Pk|k−1

Pk|k−1 +R
, (103)

d̂k|k = d̂k|k−1 +Kk

(
zk − d̂k|k−1

)
, (104)

Pk|k = (1−Kk)Pk|k−1, (105)

where Q and R denote the process-noise and measurement-noise variances, respectively. The filtered value d̂k|k was
used as the distance feedback supplied to the controller.

The scalar Kalman filter was initialized using the first camera-based distance measurement, i.e., d̂0|0 = z0, with
an initial error covariance of P0|0 = 1 × 10−2 m2. The process- and measurement-noise variances were selected as
Q = 1× 10−5 m2 and R = 1× 10−4 m2, respectively. The experimental perception-and-control loop was operated with
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a sampling interval of approximately ∆t = 0.05 s. These values were selected empirically to suppress frame-to-frame
distance fluctuations while retaining a sufficiently rapid response to changes in the motion of the leading vehicle.

All perception and control modules were executed in real time on an embedded Jetson Nano platform. The processing
pipeline consisted of target detection using YOLOv8, ArUco marker recognition, distance estimation, and control signal
generation by the proposed RMIT2FNN controller. Fig. 8 shows a representative experimental frame acquired during
the vehicle-following test. Fig. 9 presents the real-time inter-vehicle distance response, with the desired distance between
the leader and the follower set to 42 cm. The leading vehicle is successfully identified, and the system status is displayed
on the interface. The detected marker is highlighted by a red bounding box, whereas the green centroid denotes the
visual reference utilized during the lateral alignment process. Based on the estimated inter-vehicle distance and the
extracted target position, the controller generates the corresponding speed and steering commands in real time so that
the follower vehicle can maintain a safe spacing while remaining aligned with the leader trajectory.

The experimental observations are consistent with the simulation study. In particular, the follower vehicle was
able to maintain stable tracking behavior and react promptly to variations in the motion of the leading vehicle. The
resulting motion remained smooth throughout the test, indicating that the proposed perception-and-control framework
can operate reliably on a small-scale autonomous platform. The real-time experimental results of the proposed system
are shown in the video available at: Experimental validation video of the car-following system.

An important advantage of the present implementation is its low-cost sensing configuration and compact embedded
architecture, which make it suitable for laboratory-scale autonomous vehicles as well as educational and research
applications. At the same time, the current system still depends on favorable visual conditions and on the availability
of artificial markers for robust distance estimation. Future work will therefore focus on markerless visual ranging and
multimodal sensor fusion to improve robustness in more challenging environments.

Overall, the experimental validation supports the practical applicability of the proposed vision-based car-following
framework and demonstrates that the RMIT2FNN-based control strategy can be deployed in real time with satisfactory
tracking performance.

Figure 8: Experimental frame showing ArUco marker detection and real-time inter-vehicle distance estimation in the
car-following system.

Figure 9: Real-time experimental inter-vehicle distance tracking performance of the car-following system.

https://drive.google.com/file/d/1lK6f70AnlzmwH_cdiF3_F1azNuXfmC-y/view?usp=sharing
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Table 2: Quantitative comparison of the simulation results.

Controller RMSE Computation time (s)
FNN 1.89690 0.0108
IT2FNN 1.50310 0.0159
RMIT2FNN (proposed controller) 0.23043 0.0182

Although the proposed RMIT2FNN achieved the lowest RMSE among the evaluated controllers, its computation
relies on the explicit propagation of lower and upper membership grades, rule firing, midpoint type reduction, and
consequent weighting. A complementary research direction is offered by Fuzzy-Informed Neural Networks (FINNs),
introduced within the Perception-Informed Neural Network framework [13]. In a FINN, fuzzy IF–THEN knowledge can
be incorporated as differentiable constraints in the neural-network learning objective, potentially replacing a separate
defuzzification or type-reduction stage. For example, by defining the relative velocity as ∆v = v0 − v1, a car-following
rule of the form “if the spacing error is negative-large and ∆v is negative, then the commanded acceleration should
be low or braking” could be represented by a fuzzy-informed loss term that penalizes control outputs violating this
safety requirement. Similar constraints could be formulated for safe spacing, acceleration limits, and smooth control
actions. Future work will investigate FINN-based and FINN–RNN-based car-following controllers and compare them
with the proposed RMIT2FNN in terms of RMSE, transient response, robustness, computational burden, and real-time
implementation. Whether such fuzzy-informed constraints can further improve tracking accuracy will require systematic
simulation and experimental validation.

5 Conclusion

This paper presented a vision-based car-following system that integrates monocular perception with an adaptive control
strategy based on a recurrent multilayer interval type-2 fuzzy neural network (RMIT2FNN). The proposed framework
combines a convolutional neural network-based vehicle detection, Kalman-filter-based distance estimation, and an
intelligent controller capable of handling nonlinear dynamics, temporal dependencies, and measurement uncertainties.

The RMIT2FNN controller was designed to approximate the ideal control law in real time while ensuring robust-
ness through Lyapunov-based adaptive laws and a compensating mechanism. Theoretical analysis guaranteed the
boundedness of all closed-loop signals and the convergence of the tracking error.

Simulation results demonstrated that the proposed method outperforms conventional FNN and IT2FNN controllers
in terms of transient response and tracking accuracy, achieving the lowest RMSE among the compared approaches.
Furthermore, the experimental study was conducted to validate the real-time applicability and practical feasibility of
the proposed system. The results confirmed that the controller can maintain stable inter-vehicle distance, respond
effectively to velocity variations of the leading vehicle, and operate smoothly under real-world conditions.

Overall, the proposed system demonstrates the feasibility of a low-cost solution for vision-based car-following under
controlled experimental conditions, while further validation using full-scale vehicles and diverse road environments is
required before broader application to intelligent transportation and advanced driver assistance systems. Future work
will focus on enhancing perception robustness through markerless distance estimation and multi-sensor fusion, as well
as extending the framework to more complex and dynamic driving environments.
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