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 This paper proposes a hierarchical virtual leader based distributed model 

predictive control (DMPC) framework for V-formation control of 

omnidirectional mobile robots in static obstacle environments. The physical 

leader follows a predesigned reference trajectory, while the followers 

maintain the desired formation through distributed optimization. A layered 

communication topology is established, where only a subset of robots 

receives the leader’s predicted states and acts as virtual leaders for 

downstream followers. Each robot independently optimizes its control 

sequence using local neighbor information, enabling fully distributed 

coordination without centralized synchronization. The unified cost function 

considers formation maintenance, leader or virtual leader tracking, obstacle 

avoidance, and control effort. Static obstacles are represented on a grid map 

to ensure collision-free motion. Simulation results demonstrate that the 

proposed framework achieves accurate formation keeping, smooth trajectory 

tracking, and effective obstacle avoidance. The hierarchical virtual-leader 

architecture enhances scalability, coordination efficiency, and robustness for 

multi-robot formation systems. 
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1. INTRODUCTION 

Model predictive control (MPC) is an optimization-based control strategy that utilizes a system’s 

dynamic model to compute control inputs, allowing effective handling of system constraints. When applied 

to multi-robot or distributed systems, distributed model predictive control (DMPC) enables each robot to 

optimize its behavior based on local information and limited communication with neighbors, thus enhancing 

the scalability and flexibility of the overall system [1]-[3]. 

In the context of robotic formation control, DMPC facilitates formation maintenance, trajectory 

tracking, obstacle avoidance, and performance optimization in environments with complex constraints and 

uncertainties [2], [4]. However, the optimization problem in DMPC is often computationally challenging and 

prone to feasibility issues, especially when nonlinear constraints such as obstacle avoidance and sensor noise 

are present [5], [6]. Sequential quadratic programming (SQP) is one of the most effective nonlinear 

optimization techniques, and has been employed to improve convergence speed and ensure feasibility in 

DMPC problems, even under complex constraints [5]. Recent studies have also integrated noise filtering 

techniques such as the Kalman filter and dynamic occupancy grids to enhance system reliability and safety in 

https://creativecommons.org/licenses/by-sa/4.0/
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real-world deployments [6], [7]. In summary, combining DMPC and SQP offers a promising approach for 

mobile robot formation control, simultaneously addressing the requirements of decentralization, 

optimization, feasibility, and reliability in complex environments. 

This paper proposes a method that integrates DMPC with SQP to effectively solve the problem of 

omnidirectional mobile robot formation control with static obstacle avoidance in noisy environments. The 

approach leverages the distributed constraint-handling capability of DMPC and the fast, stable convergence 

of SQP, while employing a multi-objective cost function to simultaneously maintain formation, avoid 

obstacles, and track the virtual leader trajectory efficiently. Experimental results demonstrate that the 

proposed method significantly improves control performance, reduces collisions, and maintains formation 

accuracy in complex environments opening up new directions for future mobile robotic systems.  

The remainder of this paper is organized as follows. Section 2 presents the system model, including 

robot kinematics and the hierarchical virtual-leader communication structure. Section 3 describes the 

formulation of the DMPC cost function and the SQP-based optimization framework and implementation 

details. Section 4 provides simulation results that evaluate the proposed method in terms of formation 

accuracy and obstacle avoidance under measurement noise. Finally, section 5 includes conclusions and 

discussion of future research directions involving dynamic obstacle scenarios. 

 

 

2. PRELIMINARIES 

2.1.  Robot model 

In this study, we consider omnidirectional mobile robots operating in a two-dimensional plane. Each 

robot is equipped with omni or mecanum wheels, which allow instantaneous motion in any direction without 

the need to reorient the body. The configuration (pose) of robot i is described by the state vector: 

 

𝑧𝑖 = [𝑥𝑖  𝑦𝑖  𝜃𝑖]
⊺ (1) 

 

where (𝑥𝑖 , 𝑦𝑖) ∈ ℝ denotes the position coordinates in the global reference frame, and 𝜃𝑖 ∈ ℝ is the heading 

angle of the robot expressed in radians. 

The corresponding control input vector is given by: 

 

𝑣𝑖 = [𝑣𝑥,𝑖 𝑣𝑦,𝑖  𝑤𝑖]
⊺
 (2) 

 

where 𝑣𝑥,𝑖, 𝑣𝑦,𝑖 are the linear velocities along the body-frame axes of the robot, and 𝑤𝑖  is the angular velocity 

around the vertical axis. 

The kinematic model of each omnidirectional mobile robot is then given by: 

 

𝑧̇ [

𝑥̇𝑖
𝑦̇𝑖
𝜃̇𝑖

] = [
𝑐𝑜𝑠𝜃𝑖 −𝑠𝑖𝑛𝜃𝑖 0
𝑠𝑖𝑛𝜃𝑖 𝑐𝑜𝑠𝜃𝑖 0
0 0 1

]
⏟            

𝑅(𝜃𝑖)

[

𝑣𝑥,𝑖
𝑣𝑦,𝑖
𝑤𝑖
] (3) 

 

where 𝑅(𝜃𝑖) is the rotation matrix that maps the control inputs from the body frame to the world frame. The 

first two rows describe the translational motion in the global x-y plane, while the third row directly relates the 

angular rate 𝑤𝑖  to the heading dynamics 𝜃̇𝑖, widely used in omni-directional robot modeling [8]-[10]. 

For the subsequent predictive control formulation, the continuous-time model (3) is discretized with 

a sampling time 𝑇𝑠 using a forward Euler scheme: 

 

𝑧𝑖(ℎ + 1) = 𝑧𝑖(ℎ) + 𝑇𝑠𝑓(𝑧𝑖(ℎ), 𝑣𝑖(ℎ)), ℎ = 0,1, … , 𝐻 − 1 (4) 

 

where 𝑓(∙) is obtained from the right-hand side of (3), and H denotes the prediction horizon. Throughout the 

paper, all internal computations use 𝜃𝑖 in radians; heading errors shown in the simulation figures are 

converted to degrees only for visualization. The signed heading error is wrapped to the interval [−𝜋, 𝜋] using 

a standard wrap-to-𝜋 operation and is later used in the DMPC cost function. 

 

2.2.  V-formation and communication structure 

In the proposed model, the omnidirectional mobile robots are organized into a V-shaped formation, 

consisting of a single leading robot and multiple follower robots symmetrically distributed on both sides. The 

V-formation is organized with a leader at the apex following a predefined trajectory, and followers 
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symmetrically positioned along two branches at fixed offsets. A hierarchical virtual-leader structure is 

established: the leader shares its state (𝑥𝐿 , 𝑦𝐿𝜃𝐿) only with two immediate followers, which act as virtual 

leaders for downstream robots. Each robot maintains relative positioning based on local neighbor 

information, ensuring formation stability under a fully distributed control scheme.  

This communication structure can be represented by a directed graph, where edges indicate the 

direction of state information flow [11]-[13]: 

 

𝒢 = (𝒱, ℰ, 𝐴) (5) 
 

Let 𝒱 = {1,2… ,𝑀} denote the set of nodes, representing the robots in the formation. ℰ = {(𝑖, 𝑗), 𝑖, 𝑗 ∈ 𝒱, 𝑖 ≠
𝑗} be the set of directed edges, where an edge (𝑖, 𝑗), indicates that robot i receives information from robot 𝑗. 

The communication topology is characterized by an adjacency matrix 𝐴 = [𝑎𝑖𝑗] ∈ ℝ
𝑀×𝑀, where 

𝑎𝑖𝑗 = 1 , (𝑖, 𝑗) ∈ ℰ if i receives information from robot j, otherwise 0. In this communication topology, each 

robot exchanges only its predicted state with neighboring robots rather than full control inputs. State-only 

communication significantly reduces bandwidth and power consumption, which is particularly advantageous 

for mobile robots operating under limited communication resources. Similar observations were also reported 

in distributed MPC studies such as [14], where minimizing exchanged variables improves communication 

efficiency and energy usage 

The communication structure is designed to satisfy the following criteria: ensure global connectivity 

of the network; minimize computational and communication load, which is essential for distributed control 

schemes; support the implementation of DMPC, where each robot solves a local optimization problem based 

on information from its neighbors. This sparse and directed topology reduces dependence on centralized or 

fully-connected communication, which may help maintain coordinated behavior even when only local 

neighbor information is available. 

 

 

3. PROPOSED METHOD 

3.1.  DMPC cost function 

In the DMPC framework, each robot in the system independently optimizes a local objective 

function at every time step, based on its current state and information received from neighboring robots. The 

optimization problem is solved in a receding horizon manner, ensuring both feasibility and stability 

throughout the control process. 

Based on the exchanged state information between robots, we construct a cost function comprising 

the following components: formation-keeping relative to the leader or virtual leader; consensus on position 

and heading with neighboring robots; collision avoidance; control effort minimization, and terminal cost to 

ensure long-term stability [11], [15]-[17]. The general form of the cost function is defined as: 

 

𝐽𝑖 = ∑ [𝐽𝑖
𝑓𝑜𝑟𝑚[ℎ] + 𝐽𝑖

𝑐𝑜𝑛𝑠[ℎ] + 𝐽𝑖
𝑜𝑏𝑠[ℎ] + 𝐽𝑖

𝑐𝑡𝑟[ℎ] + 𝐽𝑖
𝑡𝑒𝑟]𝐻−1

ℎ=0  (6) 
 

3.1.1. Formation-keeping cost 

If the leader (or virtual leader) 𝐿 is included in the neighbor set 𝒩𝑖 , robot i maintains a desired 

relative offset 𝑟𝑟𝑒𝑙,𝑖 expressed in the leader’s body frame [14]: 

 

𝐽𝑖
𝑓𝑜𝑟𝑚[ℎ] = {𝜆𝑓 . ‖𝑝𝑖

[ℎ] − (𝑝𝐿[ℎ] + 𝑅(𝜃𝐿[ℎ]. 𝑟𝑟𝑒𝑙,𝑖))‖
2

0,                                                                      
 (7) 

 

where 𝑝𝑖 = [𝑥𝑖 , 𝑦𝑖]
⊺ is the robot position, and 𝜆𝑓 > 0 is the formation. If the leader is not a neighbor (e.g., 

second -layer follower), we set 𝐽𝑖
𝑓𝑜𝑟𝑚

= 0. 

 

3.1.2. Consensus cost with neighboring robots 

Robots maintain cohesion by regulating position and heading differences relative to neighbors [18]: 

 

𝐽𝑖
𝑐𝑜𝑛𝑠[ℎ] = ∑ [𝜆𝑑(‖𝑝𝑖[ℎ] − 𝑝𝑗[ℎ]‖ − 𝑑𝑟𝑒𝑓,𝑖𝑗)

2
+ 𝜆𝜃(𝜃𝑖[ℎ] − 𝜃𝑗[ℎ])

2
]𝑗∈𝒩𝑖
, (8) 

 

where 𝑑𝑟𝑒𝑓,𝑖𝑗 is the desired inter-robot spacing, 𝜆𝑑 , 𝜆𝜃 > 0. 
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3.1.3. Obstacle avoidance cost (barrier function) 

Let 𝑝𝑜𝑏𝑠,𝑚 denote the position of the m-th obstacle cell in the grid map, and let 𝑑𝑖𝑚[ℎ] =

‖𝑝𝑖[ℎ] − 𝑝𝑜𝑏𝑠,𝑚‖ be the distance between robot i and obstacle m. To strongly penalize distances approaching 

a safety margin 𝑑𝑠𝑎𝑓𝑒 , we adopt a smooth barrier function [19]-[21]: 

 

𝐽𝑖
𝑜𝑏𝑠[ℎ] = ∑ 𝜆𝑜𝑏𝑠

1

(𝑑𝑖𝑚[ℎ]−𝑑𝑠𝑎𝑓𝑒)
2

𝑁𝑜𝑏𝑠
𝑚=1 , (9) 

 

where 𝜆𝑜𝑏𝑠 > 0. This term grows rapidly as 𝑑𝑖𝑚[ℎ] → 𝑑𝑠𝑎𝑓𝑒 , ensuring collision-free trajectories. 

 

3.1.4 Control effort minimization 

Smooth input behavior is encouraged by penalizing the Euclidean norm of the control vector: 

 

𝐽𝑖
𝑐𝑡𝑟[ℎ] = 𝜆𝑣 . ‖𝑣𝑖[ℎ]‖

2 (10) 

 

with 𝜆𝑣 > 0. 
 

3.1.5. Terminal cost 

A terminal-state penalty is imposed at the end of the prediction horizon to improve long-term 

stability: 

 

𝐽𝑖
𝑡𝑒𝑟 = ‖𝑧𝑖(𝐻) − 𝑧𝑟𝑒𝑓,𝑖(𝐻)‖𝑄𝑓

2
, (11) 

 

where 𝑄𝑓 ≥ 0 is a positive semidefinite terminal weight matrix, and 𝑧𝑟𝑒𝑓,𝑖(𝐻) is the terminal reference state. 

 

3.2.  DMPC-SQP framework 

In the distributed framework, each robot i solves a local optimal control problem at every time step 

over a prediction horizon of length H. The variable of the decision is the control sequence: 

 

𝑉𝑖 = {𝑣𝑖[0], 𝑣𝑖[1], … , 𝑣𝑖[𝐻 − 1] }  

 

and the objective is to minimize the cost function 𝐽𝑖(𝑉𝑖) defined in (6)-(11), which aggregates formation- 

keeping, consensus, obstacle avoidance, control effort, and terminal penalties. 

 

3.2.1. Discrete-time kinematics and input constraints 

The continuous-time kinematic model of the omnidirectional mobile robot is given in (3). Over the 

prediction horizon, it is discretized with sampling period 𝑇𝑠 as: 

 

𝑧𝑖[ℎ + 1] = 𝑧𝑖[ℎ] + 𝑇𝑠 [
cos 𝜃𝑖 [ℎ] −sin 𝜃𝑖 [ℎ] 0

sin 𝜃𝑖 [ℎ] cos 𝜃𝑖 [ℎ] 0
0 0 1

] 𝑣𝑖[ℎ], ℎ = 0,… , 𝐻 − 1, (12) 

 

where 𝑧𝑖[ℎ] = [𝑥𝑖[ℎ], 𝑦𝑖[ℎ], 𝜃𝑖[ℎ]]
𝑇 and 𝑣𝑖[ℎ] = [𝑣𝑥,𝑖[ℎ], 𝑣𝑦,𝑖[ℎ], 𝑤𝑖[ℎ]]

𝑇. To ensure feasible and safe 

motion, the control inputs are bound by: 

 

‖[𝑣𝑥,𝑖[ℎ], 𝑣𝑦,𝑖[ℎ]]
𝑇
‖ ≤ 𝑣𝑚𝑎𝑥 , |𝑤𝑖[ℎ]| ≤ 𝑤𝑚𝑎𝑥 , ℎ = 0,… , 𝐻 − 1 (13) 

 

3.2.2. Nonlinear optimal control problem 

Using the cost (6)-(11) and the prediction model (12), the local DMPC problem for robot iii can be 

written as: 

 

min
𝑉𝑖
𝐽𝑖(𝑉𝑖) (14) 

 

where the state trajectory {𝑧𝑖[ℎ]}ℎ=0
𝐻  is generated by (12) starting from the current state 𝑧𝑖[0], and the 

controls satisfy the bounds (13) for all h. Neighbor information enters 𝐽𝑖(∙) through the formation and 

consensus terms as described in section 3.1. 
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3.2.3. Lagrangian and SQP formulation 

To solve the nonlinear constrained problem (14) efficiently at each sampling instant, we employ 

SQP, a second-order method widely used in nonlinear MPC [5], [15], [16], [22]. The Lagrangian of the local 

problem is defined as: 

 

ℒ𝑖(𝑉𝑖 , 𝜆𝑖 , 𝜇𝑖) = 𝐽𝑖(𝑉𝑖) + 𝜆𝑖
𝑇𝑐𝑒𝑞(𝑉𝑖) + 𝜇𝑖

𝑇𝑐𝑖𝑛𝑒𝑞(𝑉𝑖) (15) 

 

where 𝑐𝑒𝑞(𝑉𝑖) collects the discretized dynamics constraints (12) along the horizon, and 𝑐𝑖𝑛𝑒𝑞(𝑉𝑖) represents 

the input bounds (13). Vectors 𝜆𝑖 and 𝜇𝑖 are the corresponding Lagrange multipliers. 

At iteration k, the Lagrangian is approximated around the current control sequence 𝑉𝑖
𝑘 using a 

second-order Taylor expansion: 

 

ℒ𝑖(𝑉𝑖
𝑘 + 𝑑𝑖) ≈ ℒ𝑖(𝑉𝑖

𝑘) + ∇ℒ𝑖(𝑉𝑖
𝑘)
𝑇
𝑑𝑖 +

1

2
𝑑𝑖
𝑇𝐻𝑖

𝑘𝑑𝑖 (16) 

 

where, 𝑑𝑖 is the search direction and 𝐻𝑖
𝑘  is a positive-definite approximation of the Hessian of the 

Lagrangian, updated by a BFGS-type formula. 

The equality and inequality constraints are linearized at 𝑉𝑖
𝑘, leading to an approximating quadratic 

programming (QP) subproblem of the form. 

 

min
𝑑𝑖
∇ℒ𝑖(𝑉𝑖

𝑘)
𝑇
𝑑𝑖 +

1

2
𝑑𝑖
𝑇𝐻𝑖

𝑘𝑑𝑖 , 𝑠. 𝑡 𝑐𝑒𝑞(𝑉𝑖
𝑘) + ∇𝑐𝑒𝑞(𝑉𝑖

𝑘)𝑑𝑖 = 0, 𝑐𝑖𝑛𝑒𝑞(𝑉𝑖
𝑘) + ∇𝑐𝑖𝑛𝑒𝑞(𝑉𝑖

𝑘)𝑑𝑖 ≤ 0 (17) 

 

In the implementation used in this work, the dynamics (12) are embedded in the prediction model that 

constructs 𝐽𝑖(𝑉𝑖), and the velocity bounds (13) are handled as simple box constraints. In that case, (17) 

reduces to a QP with bound constraints on 𝑉𝑖
𝑘 + 𝑑𝑖; its objective still has the standard form (16) with 𝐻𝑖

𝑘  

interpreted as an approximate Hessian of the Lagrangian. 

The gradient of the cost with respect to the control vector is computed numerically by a finite-

difference approximation: 

 

[∇𝐽𝑖(𝑉𝑖)]𝑗 ≈
𝐽𝑖(𝑉𝑖+𝜀𝑒𝑗)−𝐽𝑖(𝑉𝑖)

𝜀
, 𝜀 ≪ 1, (18) 

 

where, 𝑒𝑗 is the unit vector with 1 at index j and 0 elsewhere. After solving the QP, the control sequence is 

updated as: 

 

𝑉𝑖
𝑘+1 = 𝑉𝑖

𝑘 + 𝛼𝑘𝑑𝑖
𝑘, (19) 

 

where, 𝛼𝑘 ∈ (0,1] is the step size obtained from a line-search procedure to ensure sufficient decrease of a 

suitable merit function built from 𝐽𝑖 , 𝑐𝑒𝑞 , and 𝑐𝑖𝑛𝑒𝑞. At each sampling time, only the first control input in 

𝑉𝑖
𝑘+1 is applied to the robot, and the remaining part of the sequence is shifted and used to warm-start the next 

SQP iteration. 

 

 

4. SIMULATION SETUP AND RESULTS 

All robots in the formation (both leader and followers) share a common control structure based on a 

DMPC cost function optimized using SQP. The cost function is defined by (5)-(11). This function ensures 

key operational objectives: reference trajectory tracking, collision avoidance, formation shape maintenance, 

and stable convergence. These are fundamental goals and common challenges that any robot formation 

control system must address. 

 

4.1.  Simulation setup 

4.1.1. Formation topology and reference trajectory 

The trajectory of the leader robot is obtained as the result of a path-planning problem from the start 

point to the goal point on a 2D environmental map with static obstacles, generated by the 𝐴 ∗ algorithm 

combined with covariant Hamiltonian optimization for motion planning (CHOMP) optimization [23]. This 

trajectory then serves as a virtual reference path. The leader solves an optimization problem to track the 

generated trajectory while simultaneously transmitting its predicted state information to its neighboring 

follower robots. Each neighboring follower also solves its own optimization problem to track its virtual 
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leader and subsequently shares its predicted state information with the next followers. The resulting system 

topology forms a tree-like communication structure as illustrated in Figure 1. 

 

 

 
 

Figure 1. Tree system topology 

 

 

The system adopts a hierarchical structure, where robot 1 serves as a virtual leader. No global 

broadcasting or control signal exchange exists among robots, ensuring a fully distributed architecture suitable 

for DMPC. The physical leader follows a predefined trajectory and shares its predicted state sequence [0: 𝑁𝑝] 

with directly connected followers. First-layer followers receive this trajectory and solve local DMPC 

problems incorporating formation-keeping, obstacle avoidance via barrier functions, and a Lyapunov-based 

terminal cost. Second-layer followers, disconnected from the leader, optimize based on neighbor consensus, 

obstacle avoidance, and terminal stability. 

After obtaining the motion trajectory, to verify the proposed model’s capability of avoiding static 

obstacles, four additional obstacles of different sizes and shapes were introduced in the simulation. These 

obstacles were placed adjacent to or overlapping the previously generated trajectory (Figure 2). In this way, 

the experiment evaluates both the ability of the proposed model to avoid static obstacles encountered during 

motion and its capability to maintain the formation of the robot team. 

 

 

 
 

Figure 2. Environmental map containing the leader robot’s trajectory and obstacles 

 

 

4.1.2. DMPC and SQP parameters 

Table 1 summarizes the main parameters of the proposed DMPC–SQP controller, consistent with 

the notation introduced in section 3, and additionally specifies the Gaussian noise injected into the simulation 

to evaluate robustness. In this study, zero-mean Gaussian noise is added to both the position and heading 

measurements of every robot at each control step [24], [25]. The noise levels are selected to reflect small-

amplitude sensing uncertainty while preserving numerical stability of the SQP solver. 
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Table1. Parameters used in the DMPC-SQP controller 
Parameter Description Value 

𝑇𝑠 Sampling time 0.1s 

𝐻  Prediction horizon 5 steps 

𝑁  Number of robots 5 (1 leader, 4 followers) 

Leader index Physical leader Robot 3 

𝑣𝑥,𝑖 , 𝑣𝑦,𝑖 bounds Translational velocity limits [-1,1] m/s 

𝑤𝑖 bounds Angular rate limit [-π/4, π/4] rad/s 

𝜆𝑑 Formation/position tracking weight 50 

𝜆𝜃 Heading tracking weight 30 

𝜆𝑣 Control effort weight 0.1 

𝑄𝑓 Terminal weight diag(20,20,2) 

𝑟𝑠𝑎𝑓𝑒 Safety margin 𝑟𝑜𝑏𝑠+1.5 

𝑟𝑜𝑏𝑠 Obstacle radius 2.5 (map units) 

𝑟𝑓𝑖𝑙𝑡𝑒𝑟 Obstacle search radius 6 

𝐾𝑛𝑒𝑎𝑟 Max. nearest obstacles considered 60 

𝜇𝑏𝑎𝑟𝑟 Obstacle barrier weight 8 

SQP solver MATLAB fmincon Algorithm: SQP 

Max SQP iter. Solver iterations per step 5 

Tolerances Optimality, step tolerance 5×10−3, 10−4 
sigma_pos Position noise standard deviation 0.01m 
sigma_theta Heading noise standard deviation 0.1 

 

 

4.1.3. Obstacle representation and log-barrier function 

Static obstacles are extracted from the binary grid map, and only those within a local radius  

𝑟𝑓𝑖𝑙𝑡𝑒𝑟 = 6 around the current robot position are considered in the cost to reduce computation. For each 

obstacle 𝒪, with distance 𝑑ℴ[ℎ] = ‖𝑝𝑖[ℎ] − 𝑝ℴ‖, a smooth logarithmic barrier is applied whenever the robot 

enters the safety region: 

 

𝐽𝑜𝑏𝑠
𝑖 [ℎ] = {

𝜇𝑏𝑎𝑟𝑟(−𝑙𝑜𝑔𝜌ℴ[ℎ]), 𝑟𝑜𝑏𝑠 < 𝑑ℴ[ℎ] < 𝑟𝑠𝑎𝑓𝑒 ,

106,                                          𝑑ℴ[ℎ] < 𝑟𝑜𝑏𝑠,
0,                                              𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒,

  

 

𝜌ℴ[ℎ] =
𝑑ℴ[ℎ]−𝑟𝑜𝑏𝑠

𝑟𝑠𝑎𝑓𝑒−𝑟𝑜𝑏𝑠
 ∈ (0,1)  

 

The ratio 𝜌ℴ[ℎ] is clipped to [10−9, 1 − 10−9] for numerical stability. This construction yields a 

differentiable penalty on (𝑟𝑜𝑏𝑠, 𝑟𝑠𝑎𝑓𝑒), compatible with the SQP solver, while the large constant cost 106 

enforces an effective hard constraint inside the obstacle radius. 

 

4.1.4. SQP solver configuration and environment 

For each robot 𝑖, the optimization variable is the stacked control vector 

 

𝑉𝑖 = [𝑣𝑖[0], 𝑣𝑖[1], … , 𝑣𝑖[𝐻 − 1]]
𝑇 ∈  ℝ3𝐻  

 

where the horizon states are generated by forward simulation of the discrete kinematic model in (12).  

The SQP iterations are carried out by MATLAB’s fmincon with algorithm: SQP (quasi-Newton with 

BFGS Hessian approximation); finite-difference gradients of the cost; box constraints enforcing the velocity 

bounds in (13); maximum 5 iterations per MPC step; warm start by shifting the previous optimal sequence 

one step ahead. All simulations were executed in MATLAB on a PC platform (Intel Core i7-8650U 

CPU@1.90GHz, 16 GB RAM), which is sufficient to run the controller faster than the sampling period  

𝑇𝑠 = 0.1s. 

 

4.2.  Simulation results 

4.2.1. Formation tracking and obstacle avoidance 

As shown in Figure 3, the proposed hierarchical virtual-leader DMPC framework enables the leader 

to follow the smoothed global trajectory computed by 𝐴 ∗ + CHOMP, while all followers maintain the 

desired V-formation. The black cells represent static obstacles placed along or near the planned path. The 

formation successfully avoids collisions and preserves its shape even in curved segments and narrow 

passages. The zoomed-in views at points B1 and B2 confirm that the inter-robot distances and relative 

geometry remain close to their desired values throughout the motion. 
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Figure 3. Simulation of the hierarchical virtual-leader DMPC formation tracking and obstacle avoidance 

 

 

4.2.2. Tracking errors and steady-state performance  

Figure 4 shows the position tracking errors of all robots, and Figure 5 presents the corresponding 

heading errors. Table 2 reports the minimum, maximum, and average values of these errors for each robot. 

Although the injected Gaussian noise has relatively small amplitude (0.01 m in position and 0.1° in heading), 

its presence allows evaluating the disturbance-rejection capability of the hierarchical DMPC-SQP 

formulation. The tracking-error curves in Figures 4 and 5 show that noise does not introduce drift or 

oscillation in either position or orientation. Instead, the errors remain bound and smooth, indicating that the 

predictive optimization compensates for stochastic perturbation effectively. 

Overall, the results demonstrate that-even without explicit stochastic modeling or filtering-the 

proposed DMPC-SQP architecture inherently suppresses the effect of low-level Gaussian noise. This 

suggests promising robust characteristics and indicates that the model can be extended toward more 

challenging uncertainty conditions (e.g., higher noise, biased sensors, or partially missing measurements) in 

future work. 

 

 

   

  
 

Figure 4. Position error of each robot 
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Figure 5. Heading error of each robot 

 

 

Table 2. Table of the minimum, maximum, and average position and heading errors of the robots 
Robot Min pos error Max pos error Avg pos error Min heading error Max heading error Avg heading error 

Leader 0.0227 4.5327 0.4284 -32.0948 68.2998 1.1102 
F1 0.0009 2.1725 0.2064 -14.0287 27.1414 0.5154 

F2 0.0066 3.4554 0.2941 -30.0047 48.8564 0.3915 

F3 0.0305 5.5310 0.5606 -33.8092 73.4396 1.2931 
F4 0.0058 2.5944 0.3350 -37.3614 31.1505 -0.6190 

 

 

4.2.3. Computational performance 

The computational efficiency of the proposed hierarchical DMPC–SQP scheme is evaluated through 

the recorded optimization times (Table 3). The average SQP solve time per robot is 0.009835 s (≈101.7 Hz), 

showing that each local optimization problem is solved very quickly. The maximum solve time, 0.048408 s, 

occurs during demanding avoidance maneuvers but remains well below the sampling period 𝑇𝑠 = 0.1 s, 

ensuring real-time feasibility. 

At the system level, the peak mean solve time across all robots is 0.035190 s (step 1031), indicating 

a moment of increased formation-wide computational load; however, this value also satisfies real-time 

constraints. The mean total DMPC cycle time, including all Gauss-Seidel updates, is 0.051994 s, 

corresponding to a 19.23 Hz control update rate-significantly faster than the required 10 Hz. 

These results demonstrate that the proposed hierarchical DMPC–SQP framework is computationally 

efficient and suitable for real-time implementation in obstacle-rich multi-robot environments. Additional 

simulation visuals are available at: https://sites.google.com/view/tuan-dp/trang-ch%E1%BB%A7. 

 

 

Table 3. SQP computational statistics 
Mean solve time per robot Max solve time per robot Std deviation Peak mean time (at step 1031) Mean total DMPC cycle time 

0.009835s 0.048408s 0.004150s 0.035190s 0.051994s 

 

 

5. CONCLUSION  

This paper introduced a hierarchical virtual-leader DMPC framework solved via SQP for V-

formation control of omnidirectional mobile robots. The leader follows a trajectory generated by 𝐴 ∗ and 

CHOMP, while followers rely only on local neighbor information. Simulations show that the approach 

achieves accurate formation keeping, smooth trajectory tracking, and safe obstacle avoidance. The controller 

runs in real time with low computational cost, and the formation remains stable even when small Gaussian 

noise is added to position and heading measurements, demonstrating inherent robustness. 

Current limitations include the focus on static obstacles, low-amplitude noise, and the absence of 

comparisons with alternative DMPC architectures. Future work will extend the method to dynamic 

environments, analyze performance under communication delays or stronger uncertainty, and validate the 

approach on real robot platforms. 
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