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Convolutional Vision Transformer as a Path Following Controller for
Omnidirectional Robots
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Abstract— A novel deep neural network (DNN) based con-
troller for omnidirectional robots is proposed. The controller
decomposes the prescribed reference path, corresponding to a
fixed prediction horizon, into multiple paths of shorter horizons.
This implicitly enforces a Hankel structure in the input and
consequently also on the output. Taking advantage of this, a
convolutional vision transformer model is used to realize the
controller which is then trained to predict state and controls
over multiple prediction horizons. Model training is performed
in a self-supervised manner using a synthetic dataset. The
proposed controller is shown to be more efficient than a model
designed for a single prediction horizon. In comparison to a
model predictive controller, the proposed approach exhibits
competitive performance in path following tasks and is three
times faster on average for the same prediction length.

I. INTRODUCTION

Path following control is a common technique used in
autonomous systems to guide a system along a predefined
path. In this work, we propose a deep neural network (DNN)
based path following feedback controller to enable a mobile
robot to follow the given planar geometric path at the
maximum possible speed. Model predictive control (MPC) is
a widely used optimal control method for the design of path
following controllers. MPC has been applied to a variety
of applications, including mobile robots [1], autonomous
driving cars [2], and underactuated vehicles [3]. MPC is often
preferred over other algorithms such as, backstepping [4]
and feedback linearization [5], because it can handle com-
plex constraints and is more robust to disturbances. Recent
research has focused on developing MPC-based path fol-
lowing controllers that can achieve minimum-time tracking.
One such approach is model predictive contouring control
(MPCC) [6], which minimizes the distance to the reference
path while maximizing the progress along it. Recently, an
automated-tuning, maximum velocity MPC was proposed
in [7]. The main challenges in developing MPC-based path
following controllers are the complexity of the optimization
problem and the real-time implementation requirements [8].

Profound achievements of deep neural networks (DNNs)
in the field of computer vision have exerted a considerable
influence on diverse scientific domains ([9], [10], [11]).
This widespread success can be largely attributed to their
exceptional capacity for approximating intricate non-linear
dynamics. Evidently, the adoption of DNNs for controller
design has recently gained significant traction. Noteworthy
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among these applications is the work of [12], where recurrent
neural networks (RNNs) was used with online training for
trajectory tracking tasks. A novel paradigm proposed in [13]
integrates neural-network models with a model predictive
control (MPC) framework, harnessing the capabilities of
NNs to capture highly non-linear dynamics. Similarly, [8]
incorporate RNNs into the MPC scheme to approximate
locally feasible solutions in dynamic environments, thereby
enhancing real-time navigation performance. In contrast to
these methodologies, [14] and [15] consider stochastic dy-
namical systems, and propose a RNN-based solution for
stochastic optimal control problems. The latter additionally
addresses dynamic state constraints using barrier functions.

A common aspect among the above methods is their
focus on control generation for a single prediction horizon.
For long input sequences, traditional RNN models begin
to deteriorate. Recent developments in deep learning has
led to the development of transformer models [16] that are
adept at analyzing extended sequential data and thus enable
predictions spanning longer horizons. Organizing sequential
data into Hankel matrix structures facilitates the detection of
patterns across multiple prediction horizons, thereby opening
the opportunity for leveraging vision-based transformers.
Convolution vision transformer (CvT) models, inspired by
the success of convolutional neural networks (CNNSs) in
image-related tasks [17], [18], combine CNN features such
as local receptive fields, shared weights, and spatial sub-
sampling with attention-based information retrieval mecha-
nisms for superior spatio-temporal input processing [19].

Motivated by these advantages, we propose using a CvT
to handle sequential data. The usage of CvT is further
made possible because of restructuring the reference path
(sequence) into an image having Hankel block structure. A
related approach, albeit in a different context involving data-
driven predictive control, was employed in [20] to predict the
outcomes of an unidentifiable system using a GRU-based
RNN model. By adapting these principles, we present a
novel controller model for the problem of path following.
This model performance is similar to an MPC in terms
of accuracy and robot behavior while offering faster and
consistent execution times.

The paper is organized as follows. The path following
problem and a corresponding MPC is presented in Section II.
Next we describe the procedure for implementing a DNN
based predictive controller in Section III. The developed
model is implemented on an actual omnidirectional robot
and the experimental results are discussed in Section IV. The
paper concludes with a brief summary in Section V.
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Fig. 1: Path following problem: (z,,y,) represents the two di-
mensional Frenet-Serret frame attached to a reference point, and
(xm,Ym) the reference frame attached to the mobile robot.

II. PATH FOLLOWING MPC PROBLEM
A. Robot kinematic model

For a given parameterized reference path p,(s) € R?

ps(s) = [a:s(s) ys(s)]T ;S - R?, (D
with the path parameter s € S§ C R, the goal of a
path following feedback controller is to make the robot
converge to the reference path and follow it as accurate
as possible. Considering an omnidirectional mobile robot,
the authors have presented in [7] a predictive-based path
following controller using a kinematic prediction model with
the tracking error dynamics defined in the Frenet-Serret
frame. Referring to Fig. 1, let v = [v,,v,] denote the
robot velocity vector relative to the local body-attached robot
frame and v = [v,,1,]" the robot velocity relative to the
inertial frame of reference (zgypzp). With the state vector
x = [z,y,0] ", containing the robot position p, := [z,y] "
orientation 6, and the orientation 1, of the velocity vector
with respect to the inertial frame, the nonlinear kinematic
prediction model x(t) = f(x,u) is given by

FRE: Uy cos(0) —sin(0) Of|v,
T Y= | = sin (0) cos (0) Of|v,
0 w 0 0 1| w (2)
vp=1/V% + 02, wp—arctan( Yy 4+ 6.
Vg
Here, the input vector is given by u = [u],u,]", with
u, = [vgvy]" and u, = w. Due to the omnidirectional

kinematics, which imposes no additional velocity constraints
on the robot’s chassis, the robot is able to move in any
direction in a two-dimensional plane. Consequently, the robot
orientation 6 can be entirely decoupled from the orientation
1, of the reference velocity vector. The reference path as
function of the path parameter s is represented by the vector
Xref(s) = [xsa Ys, gd]T

Since the path parameter is time dependant, there exist dif-
ferent approaches to chose its time evolution. Following the
idea of maximum-speed reference path tracking, presented
in [7], the dynamics of the path parameter is chosen as

. vp €08 (eqy(8))
t) = =P 3
5( ) fS(X’ 11[}2771)10) 1 —ey(s)n(s) ( )
Here, ks(s) =||ps(s)”||2 denotes the curvature of the path,

ey(s) = (Yp—1s(s)) represents the alignment error between
the robot and the reference velocity vector, and

ey(s) = —(I - 139(5)) sin (l/)s(S)) + (y - ys(s)) Cos (¢e(5))

denotes the lateral error in the Frenet-Serret frame. Note

that v, is given as
Oxs(s) Oys(s)

ws()arcmn<z:8>’x;(s) 95 "¥o®) = 5,

The initial value for the path parameter can be found by
computing the minimum distance between the actual robot
position p, and the parameterized reference curve ps(s),
which requires solving the following optimization problem

—ps(s)l2- “4)

. .
so = argmin|[p,

B. Model Predictive Control

The introduced MPC-based path following controller min-
imizes the error to a given reference path while aiming to
maximize the covered path distance, leading to a maximum

speed path following control strategy. Let uxy = [u' (0)
e T (N = DT, xy = [xT(1) e, xT(V)]T and
yN = [xh(0) -, xL(N — 1)]T denote the input and

state vector along the prediction horizon IV, respectively. The
objective function subject to minimization is then given as

N N—1
50) =ZHX(2’) —eet(8) B, =) avp(0)
j i=0

N—
+Z\\Auw quu+z(|uw HAx()I,,) G
w(i), for w € {x,u,}. The

=0

where Aw(i) = +1) -

objective function J is a function of the decision variables
uy, state feedback xq(t) obtained at time ¢, the initial path
parameter s, and some fixed positive definite matrices Q..
In particular, we have that Q, € R3*3, Qg, € R3*3, and
du,ddu € R represent the weighting matrices and coef-
ficients for the state and change in state, input and change
in input, respectively. The coefficient ¢, > 0 represents the
weight for the robot velocity. Accordingly, the MPC-based
path following controller reads

J(un;xo(t), yn(t)

H

Qu

N (t); 50) (6)

i, —argmin J (un: xo (1), y
un

st x(i+ 1) =x(2) + Ts £(x(7),u(i)) , x(0) =x0(t) (6a)
s(i+1) =s(i) + Ts fs(x(i), ¥p(i), (7)) (6b)

s(0) =so(t), s(i)esS
u<u(i) <a, X<X()<X (6¢)

with the iteration index ¢ € {0,..., N — 1}, and the initial
conditions xg, so. The optimization is performed for the input
variables u with the upper and lower bounds as expressed by
the inequality constraints (6¢). The equality constraints (6a)
and (6b) represent the discretized dynamic equations (2)
and (3) by applying the forward Euler integration method.
The robot state is also bounded to some upper X and lower x.

ITI. DNN BASED IMPLEMENTATION OF MPC

In this section, we introduce a novel learning based
control algorithm for the problem of path following for an
omnidirectional robot based on the above MPC formulation
(6). Given x := (x,yn), where x is the current state of the
vehicle, y is the reference trajectory, the solution u}; to the
OCP (6) can be written as a mapping x — M(x) =: ujy.
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With this perspective, the objective is to implement a
model that is able to learn the control synthesis fuction
M(x). Thus, the idea is to develop a statistical estimator
O that approximates the true function M. Due to good
approximation power [21], [22], [23], high computational
efficiency and flexibility of neural networks (NN) we shall
implement 97 using a suitable NN model. The so obtained
network is given a name called DonkeyNet which is inspired
from the name of the omnidirectional robot DonkeyMotion.

A. Network design

Although the goal of the network is to statistically
approximate the MPC controller, i.e., to generate
the optimal controls uj (t) for the given input data
comprising of the robot state x(t) and reference path
yn() = [ye, o yien—1] = [Ker(t), -+ Xeer(t + N)] for
the current time ¢, we propose a novel approach to feed
the network 7' number of consecutive reference paths. For
a given yy(¢), with fixed N, instead of naively reshaping
it in row-major or column-major matrix, we propose to
arrange it in the form of a Hankel (block) matrix structure
with T columns and N — T 4 1 rows. We represent this
rearrangement via the mapping yn(t) — H(yn(t)) given
as

Yt Yt+1 Yt+T-1
Yt+1 Yt42 Yi+T
H(yn(t) = : . .
Yt+N—-T Yt+N-T+1 Yt+N—-1

For the sake of implementational convenience, going
forward we fix T := % to get that the number of
columns 7' is equal to the number of rows N — T + 1.
Thus, H(yn(T')) is a block-square matrix. Here every j-th
column vector represents the reference path yr(t + j) for
the control prediction at ¢t 4+ j time step. Since the robot
dynamics is continuous we require that p,(t + 1) =~ p,(t),
ie, yr(t + 1) =~ yp(t). In particular, we have that
yrt+ 1[0 :T -2 =yp@)[l: T —1]. Thus, yr(t + k)
can be obtained by shifting yr(t) k steps in the direction
of robot motion. Accordingly, for a given reference path
yn(t), localized with respect to the robot current state
x(t), we take (x(t),Yn(t)) with Yn(t) := H(yn(t))
as the input to the network. The novel input structure
facilitates us to design a network that is capable of solving
T number of optimal control problems at once. This is to
say that the network 9t takes x(¢) and Yx(¢) as input and
produces Uy (t) € RTXT*3 as the control input for the
robot. Furthermore, U ~n(t) preserves the Hankel structure
of Y (t). As a consequence Uy (t) can be decomposed as
a sequence of T controls tir(r), forr € {¢,--- ,t+T —1},
that corresponds (ideally also equal) to the optimal control
ui.(r) obtained at time point r for the prediction horizon
[r,r + T — 1]. Succinctly, Un(t) is given as Un(t) =
[ﬁT(t)a e aﬁT(t +7T - 1)] ~ [u;“(t)a T 7u§“(t +7T - 1)]
Based on this philosophy, the network is designed to have
image as both input and output. Due to the sequential
dependency along the prediction horizon and the Hankel
structure, we propose to use a network that enables to

— [xs,ys] = start = end 64 Time

0.15|

Prediction horizon

0.05|

-1.0 0.00'

-05 00 05 99055 00 25
a (m) Angle (rad)
(a) Dataset samples: reference paths ps

(left) and desired orientation 64 (right).

(b) Hankel structure of the
input to the DNN.

Fig. 2: Dataset X (left) and sample input data (right).

capture both sequential and spatial features in the input.
To this end, as motivated in Section I, we shall use a
CvT network for synthesizing the predictive controls, by
making use of the architecture proposed in [19]. Although,
originally proposed for classification task, we use CvT for
the generation problem by sequentially composing the MLP
head with regression layers followed by Tanh activation
layer. The latter is specifically required to enforce the box
constraints on the predicted states and controls (6¢).

B. Dataset generation

Keeping in mind the omnidirectional capability of the
robot, the dataset is obtained by randomly generating
different reference paths and target orientations for
the robot. The generated dataset, X = {¢F}M | is as
show in Fig. 2a. The samples £ are obtained via the
following systematic steps: 1) Generate a set ) of different
parametric curves y! = [pl(s),vI(s), 8, s, kI(s)]T with
S 5 s — yi(s) € RC for each j € N. As a result
Y = {y/(-)}}—, represents the set of all trajectories that
are feasible for the robot. As per the physical conditions
of the lab area, we have considered L. = 100 and the
resulting length of each curve is in the range of 1lm to
20m. Lastly, since the robot orientation is independent of
the path characteristics, we generate desired orientations
04 by randomly sampling from U([—m,7]). 2) Now let
j~Uu{l,--- L}, s ~U(S), n ~ U([0,1]) and generate
a sequence s\, = (s, 81 + 7, ,8 + iT, -+, 8 + NT)
where 7 := n/N. From the sequence sh; we obtain a
sample reference path &0 = yi(sl) of length N. Since
we uniformly sample over all j,s; and n, the permutation
of indices j,[,n are re-enumerated and denoted as k. Thus,
&1 s relabeled as £ to represent the k-th sample of the
dataset. 3) For each £* we reset the 04(s!,) = 04(s;+n), i.e.,
6, remains constant along the given trajectory by setting to
the end value. 4) Taking N to be an odd number, we reshape
the sample &8 € RV*6 into a 3D tensor ¢ € RT*Tx6 yia
the Hankel mapping introduced above, ie., &8 = H(*).
5) to incorporate the current state x* of the robot
corresponding to each k-th sample, we obtain it as a random
perturbation of the start value of the reference. Consequently,
R6 5 %F = &8 4 25, where 2§ ~ AN(0,1). As mentioned
above, since we intend to perform 7' batch predictions, we
take x* = [Rf, -+ %F] T = [Ef 2, Ghraf]T € R
6) Lastly we obtain &* by ¢¥ = ¢ and £¥[0,:] = x*, which
can be visualized as shown in Fig. 2b. The steps from
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2) to 6) of obtaining &* from y% and x*
represented via the mapping (x*, y%,) — D(x
C. Training the DonkeyNet 9N

Let 9M(;9) denote a parameterized estimator of
the controller M. Given a set X of M independent
samples £* consisting of the robot state and reference
paths, the task is to estimate U ~ ¥* that produces
an optimal control UY := 9(¢%;4) on average for
all € € X. The synthemzed control U¥ ~ is such that
for every input ¥ = D(x*(t),y%(¢)), it propagates
the initial state x5 to follow the prescribed reference
trajectory yN( ). More precisely, the parametric estimate
Uny = MM(E;9) of the optimal control H(u%) should be
such that Xy (t) = G(x(t),Ux), on average, is equal to
Yn(t) = H(yn(t)). Here, G denotes the solution operator
(e.g., discrete Euler/RK4 integrator) for the robot kinematic
model (2). Based on the aforementioned context, 9t shall be
designed based on the method of maximum log-likelihood
estimation. To this end, the loss (log-likelihood) function is
given as:

is symbolically
"yn) =&k,

M

1
L X.0) Z%L’“ + 2L + Ll ™

Lk fzx \Xk YE@IE, + IXE@) - X5 @))%,

T-1
LE =" ANOE®)%, + Ml UE) = UE ()],

i=1

T-1 ‘ T-1
L= X, D IXEL(E+5) = XFE+5+DIE,

j i=1

N Ot +5) = OF(E+ 5 + D[, -
Altogether, the learning problem of the control synthesis
function M can be written as ¥ = argmin £(¢J; X). In order

to solve the statistical optimization Sroblem, we use the
popular 1Ist order stochastic optimization schemes such as
SGD, Adam, AdaMax [24]. Since these schemes involve
gradient computation, they are efficiently achieved by
back-propagating the loss (7). Based on this the parameters
1 are updated suitably along the decreasing direction of
the expected loss. Altogether, we obtain an offline training
procedure of the DNN model 91. The exact sequence of
steps performed for calculating the loss components are
described in Algorithm 1. In there X7 € R(ZT+DxTx5xm
Vi e RTxTx6xm ang (77 ¢ RTXTx3xm_ For 7 €
RAXBxrxm - the index notation Z,4(p : ¢) yields z €
R(b—a)x(g=pP)Xrxm for b > ¢ g > p, where z is a sub-matrix
of Z from row-index a up till b and column-index p up till
q. With this the core steps of the training are the following
lines:

line 3: the network 90 takes a batch of inputs ?j,
comprising of robot state xy and reference path y stacked
as a multi-channel image (cf. Fig. 2b), and generates a
batch of controls represented as Ui,

line 4: Read the robot state X () stored in the first index
of the input Y,

line 5: Compute the robot state along the first horizon using

only the controls from the first column of U7, i.e., Uj5(t).
Thus predicted robot state is stored in Xé:T 41(f), ie., in
the first column of X7

line 6: Due to Hankel structure, the prediction of state in the
first horizon should serve as initial state for the predictions
along the subsequent horizons. Thus, we now use X7 1.(t)
as the initial states of the robot in the (near) future and
predict the robot states along the future ([t +1to t+71 —1])
prediction horizons. For this we now use rest of the controls
U[J) r(t+1:t+T), ie, the controls from the 2nd column
on wards of Ui, Altogether, the predicted states are now
stored in XO:T 41(t+1:t+T) which yields a block matrix
of robot states across 7" — 1 consecutive prediction horizons.
Altogether, the computed Xo it t+T), Ulp(t:t+T)
along with reference path YOJ r(t:t+T) are then used for
loss computation as per (7). The corresponding vector, €,
of hyperparameters is given by

€= [Re, Ruy Awy Aus 71,72, 735 75, T, T (8)
R, = diag[200,200,0.1,100,0.1], Ay = %eimw,
R, = diag[100,100,5], i = —eT ), = .01,
A= eTede XD = e X =N, A = —.01,

1 =4-1073, 49 =10"% 73 =10"%, v, = 5104,

The dataset X, consisting of M = 10K samples, was
randomly partitioned, in the ratio 80:10:10, into training,
testing and validation sets. Each partitioned data-subset
is then used for training, testing and validation tasks,
respectively. The training task was performed on a Tesla
V100-DGXS-32GB GPU, for E = 1500 epochs. Looking at
the loss curves in Fig. 3a, we see that the train and validation
losses follow a similar decay profile, thus indicating good
training with negligible over-fitting. Also in comparison to
the vanilla transformer, the CvT based model has achieved
better loss reduction. Next we evaluated the network output
on the test set and the results are as show in Fig. 4a - Fig.
5. From Fig. 4a we see that 9,7, and @ have nice decay
property, thus indicating stable control behavior. From Fig.
4b we see that the error distribution of the robot position
and orientation for the terminal reference value has mean
almost zero and standard deviation less than 0.15. Also,
from Fig. 6a and Fig. 6b we see that both position and
orientation tracking are qualitatively good. Next we tested
the network in a closed loop simulation, for which we
choose a closed path with singularity at (0,0) as reference.
We tested both the models and the results are as shown in
Fig. 3b and Fig. 3c. For both models we see that position
tracking is qualitatively good and quite similar, but the
CvT based model has a much better orientation tracking
with smooth orientation profile. Based on the plots for the
control values, (lower plots of Fig. 3b and Fig. 3c) we
see that the CvT based model not only generates smoother
controls but the ¢, is on average higher, thus able to cover
more distance in fixed time. Furthermore, the predicted
states and controls approximates the Hankel structure fairly
well (as seen in from Fig. 5), thus predicted controls, for N
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long horizon, is almost surely optimal for 7" < N number
of real time steps. Architecture-wise, the both models have
approximately 19M trainable parameters. However, the CvT
based model has 82M computation operations while the
other has only 19M. Thus, the latter model is on average
8 ms faster. Since both models have the computation time in
the range 10—30 ms range, this difference is quite negligible
compared to the improvement in the performance. We
also note that a GRU based RNN based model was also
experimented with and it showed below par performance
and was thus abandoned. Based on this offline analysis
we proceed with integrating the DonkeyNet on the real
robot and compare its performance with a high-fidelity MPC.

IV. IMPLEMENTATION AND RESULTS

A. Implementation details

Both MPC and DonkeyNet have been implemented and
validated on an omnidirectional robot. The reference paths
are generated using basis splines (B-splines) [25] in combi-
nation with a probabilistic roadmap (PRM) [26] based global
planner. Initially, the PRM searches for collision-free connec-
tions between sampling points within a given static map of
our laboratory. Subsequently, these identified sampling points
are used as control points to generate the B-spline paths.
The system architecture is realized by using Robot Operating
System [27], as illustrated in Fig. 8. The implementation of

(a) Predicted sample paths (b) Predicted robot orientations

Fig. 6: Predicted paths (a) and orientation (b) of the robot.

Algorithm 1: DonkeyNet I
Given: T, =0.1, N =29, T =15, €: Model and
cost parameters, m: batch size, M: total
training samples, F: number of epochs.
Data: Dataset X = {¢*}M | consisting of M

samples with ¢¥ = D(x*, y%).
1forj=1,...F do
2 | Yip(tit4 1) = [¢h, - b, ¢ e (X
3 UgT(t t+7)= MY (¢t +T);99);
a | X0 =Y ()
5 Xo 1 (t) = G(X3(8), Aé:T(f)) N
6 | Xop(t+1:t+T)=G(X]p(t), Ut

t+7T));

7 if Training then
8 compute £(%; X, U) as per (7)
9 M(-;109) 4— backpropagte(£L)
10 end

11 return Xo:T(t t+T), U():T(t (t+T).

MPC builds upon the work presented in [7] using the CasADi
framework [28] with MAS57 solver [29]. The DonkeyNet is
implemented in PyTorch [30]. They are deployed on a CarPC
equipped with Intel Core i7-8700T Processor 2.40 GHz clock
rate and Nvidia GeForce GTX 1650 graphic card running on
Ubuntu 18.04.6 LTS. Furthermore, to facilitate continuous
navigation in the real environment, a state machine with three
states: idle, execution, and switch, is implemented to guide
the transition to a new reference path.

B. Experimental Results

The MPC and DonkeyNet (0) approaches are experimen-
tally analyzed on identical reference path and the desired
orientation 6, is set to the tangential direction 1), of the
reference path. To draw a clear comparison between the two,
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data are plotted with respect to the arc length of the reference
path. In Fig. 71), both controllers demonstrate satisfactory
performance in tracking target paths, with the maximum
velocity being nearly maintained throughout the path. It’s
noteworthy that, near the position (z,y) = (6,—1), there’s
a noticeable divergence from the reference for the MPC
solution. This observable lateral error is attributed to the
jump in v, from 7 to —m, as shown in Fig. 71II) at s = 30.
This causes the MPC solver to struggle to find a feasible
solution which leads to exceptionally high computation time
during this situation. On the contrary, the DNN is able to
perform consistently even at these singular points which
can be mainly attributed to the CvT based model, robust
training, Hankel structure of the input/output and also due to
the unwrapped 15 as the reference. Regarding the generated
controls (see Fig. 71I)), since the reference orientation 6 is
set to 1, the determined optimal speed is primarily allocated
to vg, while v, is kept low. It can also be observed that
the synthesized controls from MPC are smooth, whereas
the result from 90 is relatively noisy. Nevertheless, the
effect of this on the robot behavior is practically negligible
which can again be attributed to the Hankel structure of
the controls. Fig. 7III) depicts the computation time for
both controllers which are relatively competitive. For the
MPC, throughout most of the reference path, the computation
is around 10—30ms when N = 15 and 20—60ms when
N = 29. However, near singular points of the path, there
is significant surge in computation time. This is expected,
since the nonlinear-solver struggles to find the new local

minimizer which can potentially be far from the previous
solution. This may further lead to cascading effect due to
the increased sensitivity of the solver to the starting seed
value. In contrast, 91 is not just faster than MPC on average
but is ~3 times faster on average when comparing the two
for the same prediction length N = 29. Furthermore, 97 also
ensures consistent computation times across the entire path,
falling within a narrow range of 20—40 ms. Thus, 9 is able
to overcome the challenges posed by the nonlinear model
complexity inherent in the traditional OCPs, and thereby
effectively reducing the demand for online optimization
computations.

V. CONCLUSIONS

In this work, we have presented a novel DNN based con-
troller for the path following problem of an omnidirectional
mobile robot. The novel design of input and output format in
the form of Hankel structure enabled the use of vision based
transformer model as a controller. In comparison to the use
of vanilla transformers, the use of CvT not only facilitated
in achieving lower trainable-parameters to input-size ratio
as well as computation-time to compute-operations ratio but
also improved the quality of controls in terms of accuracy
and smoothness. Implementation-wise our work also demon-
strates that both approaches (MPC and DonkeyNet) can be
seamlessly integrated with the global planner, allowing the
robot to adeptly follow generated B-spline paths. While MPC
excels in synthesizing smooth controls it is sensitive to model
complexity and path discontinuities. On the other hand,
DonkeyNet exhibits competitive accuracy with consistently
faster computation times, thus robust to path discontinuities
and nonlinear model complexities. Some ideas for improving
the current model goes in the direction of variable horizon
inputs and smoothening of the output. One idea for the latter
would be to incorporate previous states as part of the input
to obtain averaging effect on the synthesized controls.
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