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ARTICLE INFO ABSTRACT

Communicated by Cummings Russell The safe operation of quadrotors in near-wall urban or indoor environments (e.g., inspection and search-and-
rescue missions) is challenged by unmodeled aerodynamic effects arising from wall-proximity. It generates

Keywords: complex vortices that induce destabilizing suction forces, potentially leading to hazardous vibrations or colli-
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sions. This paper presents a comprehensive solution featuring (1) a physics-based suction force model that
explicitly characterizes the dependency on both rotor speed and wall distance, and (2) a suction-compensated
model predictive control (SC-MPC) framework designed to ensure accurate and stable trajectory tracking dur-
ing wall-proximity operations. The proposed SC-MPC framework incorporates an enhanced dynamics model that
accounts for suction force effects, formulated as a factor graph optimization problem integrating system dy-
namics constraints, trajectory tracking objectives, control input smoothness requirements, and actuator physical
limitations. The suction force model parameters are systematically identified through extensive experimental
measurements across varying operational conditions. Experimental validation demonstrates SC-MPC’s superior
performance, achieving 2.1 cm root mean squared error (RMSE) in X-axis and 2.0 cm RMSE in Y-axis position
control - representing 74% and 79% improvements over cascaded proportional-integral-derivative (PID) control,
and 60% and 53% improvements over standard MPC respectively. The corresponding mean absolute error (MAE)
metrics (1.2 cm X-axis, 1.4 cm Y-axis) similarly outperform both baselines. The evaluation platform employs a
ducted quadrotor design that provides collision protection while maintaining aerodynamic efficiency. To facil-
itate reproducibility and community adoption, we have open-sourced our complete implementation, including
control system codebase, experimental datasets, and demonstration videos, available at https://github.com/R
oboticsPolyu/SC-MPC.

aerodynamic disturbances induced by wall proximity, thereby enabling
robust flight control in such environments.

A significant aerodynamic disturbance acting on the quadrotors
operating near walls has been identified [4,5]. Control experiments

1. Introduction

Multi-rotor aerial vehicles (MAVs), particularly quadrotors, have further indicate that both cascaded proportional-integral- derivative
increasingly been deployed in confined urban or indoor environments (PID) and model predictive control (MPC) [6,7] struggle to maintain
due to their maneuverability and versatility. These capabilities enable stability and prevent collision, as these disturbances cause the quadrotor
applications such as firefighting, search-and-rescue, external window to drift towards the wall. This resulting instability leads to repeated
cleaning, and tunnel or wall inspection [1-3], which often necessitate oscillations due to the wall-proximity effect. As shown in Fig. 1-a,
operations near vertical surfaces. However, in these constrained envi- airflow direction was visualized using smog [8]. Additionally, force
ronments, aerodynamic disturbances pose a significant challenge to measurement experiments conducted on a test bench, as depicted in
MAV stability because of the wall-proximity effect. This effect induces Fig. 1-b, quantified the magnitude of the suction force and established its
complex flow interactions and unsteady aerodynamic forces. To miti- relationship with parameters such as wall distance and rotor speed.
gate these issues, this study introduces the ‘Wall Inspector’: a specialized Suction force modelling is vital to maintain trajectory accuracy by

system that actively estimates and counteracts the complex
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Nomenclature Fgmg drag force in the body frame N
I, moment of inertia kg xm?
{P} wall plane frame M, aerodynamic torque N*m
{w} world frame u control input
{b} bOd_}" frame . x", u"  reference state and reference input
g B eliosmon r.otatlon vm PP covariance matrix of dynamic residuals
= exp(0™) rotation D aerodynamic drag coefficient matrix N*s/m

v velocity m/s o . 5

. g gravitational acceleration m/s
Wy angular velocity rad/s

. . my mass kg
F suction force in the world frame N b  th , ition in the bodv f
ks Suction force scale factor N/m Py J-th rotor’s position in the body frame m
dinr threshold distance m Q, Qy, P?, G, and Qy;;,, weight matrices in MPC
d distance from the center of the rotor to the wall m Is 3-dimensional identify matrix
Ty thrust in the body frame N
o —— — — — — — — — — —
<%,

N\ L
%,, \ General direction oﬁ/
Pcey  airflow
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(a-1) (a-3) Wall proximity
L (a) Suction force mechanism

Distance-based
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| (¢) Safety-assured quadrotor control

Force data
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(b) Force modelling
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Fig. 1. Investigation of wall-proximity aerodynamic effects and proposed control approach. (a) Suction force mechanism investigation: (a-1) A schematic diagram
shows the airflow field around a ducted rotor in proximity to a wall. (a-2) and (a-3) display the smog flow paths in free space and near a wall, respectively. (b) Force
measurement test bench. (c) Proposed trajectory tracking and collision avoidance. Video link: https://youtu.be/wjbxtRiHkPk.

compensating for dynamics model errors in quadrotors near walls. As
illustrated in Fig. 1-c, to fill this gap, we employ a more comprehensive
dynamics model that leverages distance measurements between the wall
and the ducts to enhance the control methodology, thereby ensuring
safer trajectory adherence in proximity to walls. In addition, offline
parameters derived from test bench experiments exhibit variability
during flight. To address this, parameter identification from flight data is
implemented using the Levenberg-Marquardt algorithm [9,10] to refine
the suction force model parameters.

Contributions: This paper elucidates the wall-proximity effect on ro-
tors through airflow visualization and empirical tabletop experiments,
culminating in a suction force model. Furthermore, the suction-

compensated dynamics model is integrated into an on-manifold model
predictive control (MPC) framework. During dynamic flight near walls,
a more accurate model is derived from flight data, accounting for dif-
ferences in aerodynamic configurations between practical flight and
tabletop experiments. The primary contributions are as follows:

(1) A physics-based suction force model for wall-proximity
aerodynamics: We present a detailed exposition and the suc-
tion force model, which explicitly characterizes the dependence
on both rotor speed and wall distance for ducted quadrotor ro-
tors. This model is validated through systematic smog flow
visualization and force measurement experiments. The


https://youtu.be/wjbxtRiHkPk
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exposition proposed through Bernoulli’s principle is different
from existing research [4,5].

(2) An aerodynamic parameter identification method for flight
data: We propose an aerodynamic parameter identification
technique for refining the dynamics model. The model parameter
is optimized using the Levenberg-Marquardt algorithm. This
method explicitly addresses the discrepancy between static
bench-test parameters and dynamic flight conditions by mini-
mizing dynamics model residuals, enabling accurate model
adaptation to real-world aerodynamic configurations encoun-
tered during operation.

(3) Areal-time suction-compensated on-manifold MPC (SC-MPC)
framework: We propose a real-time-capable (100 Hz) model
predictive controller integrating the identified suction model into
an on-manifold optimization formulation. By formulating the
optimization problem, the nonlinear iterative optimization is
implemented that inherently reduces linearization errors.
Explicitly compensating for wall-proximity disturbances within
the dynamics factor residuals enables robust trajectory tracking
and collision avoidance.

(4) Comprehensive experimental validation with a ducted
quadrotor platform: In addition to simulations, we demonstrate
the superior performance of SC-MPC through near-wall trajectory
tracking experiments using a custom ducted quadrotor. Results
show 74% and 79% reduction in RMSE for X/Y-axis position
control compared with cascaded PID, and 60% and 53%
compared with standard MPC, while achieving collision-free
operation where baselines fail. The complete system imple-
mentation is open-sourced for reproducibility.

2. Related work
2.1. Dynamics model and its identification

Numerous studies have explored the ideal dynamics model of
quadrotor [11-14], all of which depend on idealized assumptions. For
example, the Kalman filter has been employed to identify the dynamics
model online for visual-inertial MAVs [14,15] as well as small
fixed-wing drones [16]. In high-speed scenarios, traditional models
prove inadequate, prompting the use of deep learning to capture dy-
namics model residuals [17,18]. The aerodynamic performance of a
ducted-rotor system is influenced by the tip-gap distance, as demon-
strated through thrust measurements and static wall-pressure analysis
[19]. The study [20] investigated shaftless ducted rotor (SDR). How-
ever, all these methods have been validated primarily on static sce-
narios. For instance, surrounding walls seriously influence quadrotor
dynamics. Thus, some scholars have addressed dynamics models in
non-ideal environments, with [5] attributing the wall-proximity effect to
rotor deflection caused thrust towards the wall. Additionally, [8]
investigated the dynamic interactions of MAVs approaching each other’s
base, visualizing airflow characteristics with smog. Learning-based
methods have also enhanced quadrotor control stability and accuracy
[17,18], though they rely heavily on data and lack interpretability.

2.2. Quadrotor control

MPC is a predominant approach for real-time optimization-based
planning and control [21-26]. It’s renowned for its predictive ability
and proficiency to handle constraints. To cope with the computation
complexity of MPC, many studies have proposed accelerated methods to
ensure the real-time performance of MPC [24,27].

FGO is frequently utilized for positioning problems, with further
details available in [28-30]. FGO optimizes variable increments
depending on the last linearized point, often derived from trajectory
planning. Optimal control and estimation are dual in the
linear-quadratic-Gaussian (LQG) setting, as Kalman discovered, then
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Todorov [31] generalized this result to non-linear stochastic systems,
discrete stochastic systems, and deterministic systems. For instance,
maximum a posteriori (MAP) estimation and optimal control problem are
dual in the non-linear stochastic systems [31]. Consequently, FGO has
been effectively applied to MPC problem [32-36] by framing MPC as a
MAP estimation task. Yang [33] addressed optimal control problems
using constrained factor graphs and optimized the factor graphs to
obtain the optimal trajectory and the feedback control policies using the
variable elimination algorithm. Lu [23] formulated the MPC based on a
canonical representation of on-manifold systems, which is linearized at
each point along the incremental trajectory without singularities.
Reinforcement learning has also been applied to control problems for
close proximity quadcopter flight [37]. However, RL suffers from high
sample inefficiency (requiring extensive, costly real-world interactions),
safety risks due to exploratory actions (e.g., drone crashes), and lack of
theoretical guarantees (black-box policies with unverified stability).

3. Modelling and methodology
3.1. Operations

The existence of homeomorphisms around any point in a manifold .7
enables the definition of two operators, i and H, which provide a local,
vectorized representation of the manifold’s globally complex geometry.
These operators are defined as follows [38]:

Addition operator: The F operator maps a state on the manifold and
a perturbation in the local Euclidean space to a new state on the mani-
fold:

H:.# x R"—.#,xfu = ¢, (u),Vu € B.(x) @

where ¢, : Uy—R" is a homeomorphism from a neighborhood UycC.#7
around X € .7 to an open subset of R", and B, (x)CR"is the region where
the homeomorphism is valid.

Subtraction operator: The H operator computes the perturbation
that, when added to a state, yields another state on the manifold:

B: .7 x #-R'yEx = ¢,(y),Vy € Ux 2)

Physically, y = xFu represents adding a small perturbation u € R*
to the state x €.# moving along the manifold to a new state y.
Conversely, yHx determines the perturbation u that, when added to x
via M, yields y. These operators create a local Euclidean view of the
manifold, facilitating control design and analysis.

3.2. Dynamics model

The quadrotor is modeled as a rigid body of constant mass m;, and
symmetric inertia tensor J, = diag(Jx, Jy,J;) € R%*3, subject to gravi-
tational force, collective thrust, aerodynamic drag, and aerodynamic
torque. Two right-handed orthogonal frames are defined: the world
frame F,, aligned opposite to gravity, and the body frame F,, fixed to the
quadrotor’s center of mass, with pointing upward. The nominal dy-
namics model of the quadrotor [13] are described by:

W
Py =V
R, = RVo;
b = Rp Wy

. 3)
me];/ = —myezg + R‘t;v (egTb + Fld)rag (V‘:))

@y = I, (— 0 Jywp + M;)

where p¥, v’ € R RY € SO(3),;, € R® represent the position, velocity,
rotation, and angular velocity of the quadrotor, respectively. Here, e3 =
[0,0, l]T is a unit vector, my is the mass, g is the gravitational accelera-
tion, T;, > 0 is total thrust, Fgmg (vg") denotes the aerodynamic drag, Jj is
the inertia tensor, and M, is the aerodynamic torque. The drag model is
linear:
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Rotor j

Fig. 2. Force modelling in wall-proximity. Fp, F;, and F,, represent the wall plane frame, body frame, and world frame, respectively. Define the plane Fp frame as a
right-handed Cartesian coordinate system where the X-axis is aligned with the wall’s outward normal vector, the Z-axis is oriented opposite to gravity (vertically

upward), and the Y-axis is given by y = z x xto satisfy the right-hand rule.

F),,. = DROVY @

where D = diag(ky,ky,k;) represents the drag matrix.

The dynamics model (3) works well for non-interaction environ-
ments. However, during wall-proximity flight, the suction force signif-
icantly affects control stability and accuracy. When the quadrotor
operates within a critical distance dy, from a planar wall, an additional
suction force F; appears due to low pressure induced by high-velocity
gap flow (Fig. 1-a, Fig. 2). The translational dynamics become:
myV, = —myesg + Ry (eg Ty + Fld’,ag> +F, (5)
where F; represents the suction force due to the wall-proximity effect. As
depicted in Fig. 2, a quadrotor operates in proximity to a planar surface i,
where rotor 2 and rotor 3 are subject to a specific suction force. The
underlying mechanism, as illustrated in Fig. 1-a, involves the formation
of a closed airflow loop between the wall and the duct rotor. The high-
velocity airflow in this region generates negative pressure, contributing
to the suction effect.

Force measurement experiments, as depicted in Fig. 1-b, are con-
ducted to quantify the model. All experiments illustrating this theory
will be detailed in Section 4 through the force measurement experi-
ments. The suction force F; is proportional to the wall distance,
expressed as Fso(dy,, — d), and diminishes to zero when d exceeds the
threshold dy, [4,5]. The suction force F; is mathematically defined as:

ks(dp —d) 0<d<dy
FS:{ SRS )
where ks > 0 and dy, > 0 are model parameters. The suction model
parameters ks, dg,, are identified via force measurement experiments
(Section 4.4).

The suction force in the current model is derived from a pressure
differential induced by flow acceleration near the wall, consistent with
Bernoulli’s principle [39]. The gap flow velocity model is derived as
follows: According to the suction model (6) and Bernoulli’s principle
[391], for a fluid of density p, when the local flow velocity v(d) increases
as the gap distance d decreases, the resulting pressure drops,

1 1
AP(d) = 5 p (v —W(d)?) = 5x(du — ) %)
which generates an attractive force proportional to dys, —d when d < dg,
where « is a constant value. Here, v is the freestream velocity, and v(d)
is approximated as,

[ k(daw — d) x(dgr — d)
V(d) = Vref 1+ Bow =0 = Vref 1+———5— (€)]
vgef 2Vr%ef

Beyond dy, the pressure equilibrates (AP = 0), terminating the force
and v(d) = V.

The aerodynamic suction force is first modeled for a single ducted
rotor. Since the quadrotor is equipped with four such ducted rotors, each
rotor’s suction force must be defined in the appropriate frames. Let p?j
denote the j-th rotor’s position in the body frame. Then, the position of
the j-th rotor in the wall plane frame Fp is expressed as follows:

P, =K. (Ryp} +p}) + Pl ©)

where RP and p?, represent the rotation matrix and translation vector of
the world frame in the wall plane frame. Therefore, the total suction
force F; model of the quadrotor due to the wall-proximity effect is as
follows:

3 3 3
F=) F,=> (R}F)) =Ry > ekd,
Jj=0 j=0 j=0
1o
ep,| —dw dw—efp; >0
d = TP
0 dipr — e;p, <0

where e; = [1,0,0]".
3.3. Suction-compensated model predictive control

The control framework contains two layers. The upper-level layer is
an MPC, which takes thrust and angular velocity as the control inputu =

[Ty, w]]". Its state x = [(p‘g')T, ", (V‘Q’)T]T, where 6} is a rotation

vector corresponding to a rotation matrix R} €SO(3), i.e,

exp{(6%)"} = RY. The low-level layer achieves thrust and angular ve-
locity tracking from the output of MPC.

The objective of MPC is to minimize the quadratic penalty associated
with the deviation between the predicted states and their respective
reference values over a defined future time horizon N [6]. The tradi-
tional MPC problem can be formulated as follows:
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O State
U Control rate factor
D Dynamics control factor
Fig. 3. Factor graph of MPC problem.
= 2 2 2
2 _ r _ r _ r
gmin 3 (11 =% g + I e = i 15) + 11 2w =
s.t. Xy = F(xk,uk),O < k <N-— 1

Upin < U < Unax, (11)
Xk €Ex,u €U, 0<k<N-1

XN EXf

Xo = Xinit

where ¥y C R" and % C R™ are polyhedral sets, x; C R" is a terminal
polyhedral region, Q > 0, G > 0, and P > O are the state, input, and final
state weighting matrices, respectively, the uy and u (0 <k <N —1)are
the control input and the reference input, respectively,
X, (1 <k < N-1)and xj; are reference states, and X;; is the initial state
from the state estimator.

To obtain the solution of MPC using FGO [32,40], the problem (11)
can be reformulated as follows:

S (B s + (B2,
minf, = +ZL\: (X1 EIF (X, uk))lzzg

Uo:N-1 (12)
N-2 N-1
JrZk:o (B ) + Zk:o h(uk)élim

S.t. Xo = Xinit

where Q, Qy, PE , G, and Qy;,, represent different weighting matrices.

We define all these penalty terms in a cost function, such as trajec-
tory tracking penalty term and smoothness penalty term. The control
input rate rV(u, g, 1) = uyxHug,; is restricted to prevent changes in the
control input from exceeding the capacity of the actuator. Moreover, the
input adheres to the bound limit function h(uy). Additionally, the con-
trol part involves the reference trajectory factor residuals r'¥ (x,x¥) =
xEx™, and dynamic factor residuals r° (X, 1,Xx, ux) = X 1 EF (X, ug).
The factor graph of MPC can be seen in Fig. 3. The factors will be dis-
cussed in detail in the following.

1) Dynamics Control Factor
The nominal dynamics model is updated according to Eq. (5),
which considers the suction force when the quadrotor nears the wall.
The dynamics model x = f(x,u) of a quadrotor is improved as
follows:

13

wa <e3Tb + F?irag) + F;

- W
VY = —esg +
b J my

The discrete state propagation function in the dynamic factor re-

siduals is as follows:

§k+1 = F(Xk, llk) = XkEHAff(Xk, llk) (14)

The dynamic factor residual r” is as follows:
2 (Xie 1, X, W) = Xier 19Xkt

Ph., — Py, — Atvy — 0.5V, A

T
= Logmap(( ‘b”k> {,‘;‘1>7Atwbk

w w . w
Vi, — Vb, Atvbk

(15)

To propagate covariance, the dynamics model factor residuals can
be represented in the body frame from the Eq. (15):

b

Fr + Tb €3
— _ pbink drag k
€ =Rlp, — 05 T AP
& = Log(RURy, ) — wy At (16)

_ DRbvY Ty e
e, = Rbpk —%At—:;—bsm

where pf and pk are as follows:

B
P =Dy, — Vi At+0.5e3gA8" — O.Sm—‘bAt2 -py

. a7

k _ oW W _ s
Py, =Vy,, — V, T €sgAL mbAt

The dynamics model uncertainty is assumed to mainly come from
command’s Gaussian noise. Therefore, the thrust and velocity con-
trol model are assumed to be,

Ty, = Ty, — ik, 1k ~ .17(0,07)

~ k ok
oy, = Op, — 0y, 0, ~.4(0,0,13)

) w

18
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where f"bk and @, are control commands, Ty and wyare actual
controlled thrust and angular velocity, nr and n,, are acceleration
and angular velocity’s Gaussian noise.

Based on Eq. (16), the dynamics factor residuals are specified as
follows,

1P (Xei1, Xk, k) = A + B(uyg — wy),

DRvY

RUpE - 0.5 be A2 0.5At2I,
ny, —
my
Ap = L0g<RZf ‘L:/m> ,B=— 0 Atls |,
DR:vy Ay a
R)pf —— At my
my,
?bk nf
We=1_ [ W= ,
Wp, n,

Furthermore, the covariance matrix P of 12 is as follows:

P° = BX,B"
0.25At%6,15 /m? 0 0.5At%0,1
a 3/ b R at3 (20)
= 0 At o,I3 0
0.5At%6,13 0 Atio, I3
The Jacobian matrix of r” concerning x; is as follows:
X DRE;
_Rb by 14k _RYx AL — —w
Ry (RipS) -R¥AC-05 AP
orP
o 0 -R)'Ry 0 (21)
0 oe, oe,
oRy, avy,
where a(:f;? and ;fx are as follows:
k by
de, by gk ) X beow )
0R;/ = (prv) 7D<vabk) At
' (22)
de, ., DRIAt
6v{,“k a RW my
The Jacobian matrix of error r’ to state x;; is as follows:
oo 0
aw | B
=10 I3 O (23)
axk+l b
0 R
The Jacobian matrix of rP concerning uy is as follows:
0.5A%I5
my,
or?
— == 24
Juc 0 Atls @24
Atl
Atls 0
my

2) Reference Trajectory Factor
The reference trajectory factor’s residual is as follows:

l.ref _ xExref _ (pR V)E(pref,Rref’ vref) (25)
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where the position residual is r;ef = p— p', the velocity residual is

)Y = v— v, and the rotation residual is rj;y = Logmap(R"R").

T T 71T
Then, rY = [ (r;ef ) (r;ef ) <r:ff ) ] .
3) Control Rate Factor and Control Limit Factor
The control boundary factor ensures that the control input meets

the actuator’s limits. Define a bounding function h(uy) for control
input inequality, which is as follows:

h(ux) = max(ux — Upax, 0) + max(wpin — Uk, 0) (26)

where uy,, is the input lower bound and up,.« is the input upper bound.
To smooth the trajectory, the control rate factor is used to limit the
rate of control inputs, which is as follows:

Y (W, Uy ) = W — Wgeyq 27)

Finally, the Levenberg-Marquardt algorithm [9,10] can be used to
solve the MPC problem.

3.4. Dynamics parameters identification

While the suction force principle and model are derived from force
measurement experiments, the aerodynamic configuration of a quad-
rotor in flight may differ significantly from static bench tests. Parameter
identification is therefore employed to accurately estimate the unknown
dynamics model parameters.

3.4.1. Aerodynamic force breakdown and assumptions
The total aerodynamic force acting on the quadrotor is decomposed
into four components:

(1) Thrust Ty: Generated by the four ducted rotors, assumed to act
purely along the body z-axis.

(2) Aerodynamic drag F4,, = Dv: Linear viscous drag opposing
translational motion.

(3) Suction force F;: Wall-proximity effect modeled in Section 3.2.

(4) Rotor-rotor interactions AF: Unmodeled coupling effects between
adjacent rotors (treated as residual).

The following assumptions are made throughout the identification
process:

(1) Incompressible flow: Air density p is constant (low Mach number,
< 0.3).

(2) Quasi-steady aerodynamics: Aerodynamic forces respond
instantaneously to changes in velocity and rotor speed (no sig-
nificant unsteady or memory effects).

(3) Linear superposition of rotor forces: The total suction force F; is
the sum of individual rotor suction forces (Eq. (10)), neglecting
rotor-rotor aerodynamic shadowing.

(4) Negligible ground effect: Only wall-proximity suction is consid-
ered; ground effect is assumed absent as experiments are con-
ducted away from the ground.

(5) Symmetry: The quadrotor’s geometric and mass properties are
symmetric about the wall’s plane.

3.4.2. Identification problem formulation

The parameters requiring online identification are the suction model
parameters k; and dyp, (defined in Eq. (6)), as thrust, drag, and inertia are
assumed known from bench tests. Based on Eq. (3) (translational dy-
namics) and Eq. (10) (suction force model), the force residual for each
time step k is defined as:
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Fig. 4. Framework of the simulation system.

~ ~ w\T
t}(0) = mya}, + myesg — Ry esTy, — RZD(R;) vy —F, (p{,vk,e) (28)

where 0 = [k, dy,]" is the parameter vector, Py.s Vi ﬁ:k, and @, are the
position, velocity, rotation matrix, and acceleration estimated by visual-
inertial odometry (VIO) or VICON, and T, is the commanded total
thrust.

The derivative of force residuals r{ to coefficient k; is as follows:

orf  OF, e~

aiks = 7671(5 = 7RP jZO:eldj (29)
The derivative of rf concerning dy is as follows:

ot JF, 4RV ek, elTp‘rj >0 30

Odp  Odar | —4RYek, efp; <0

3.4.3. Step-by-Step identification procedure
The parameters 0 are identified from flight data using the Levenberg-
Marquardt (LM) algorithm [9,10]. The procedure is as follows:

Step 1 — Data collection: Record state estimates (13;;, ?;;, ﬁ;”k, and
52;) and thrust commands Tj, during a wall-approach trajectory
where the quadrotor gradually reduces distance to the wall from >
dypy to < dyr-
Step 2 - Initial guess: Set initial parameters 6, based on static force
measurement experiments, e.g., kso = 0.5N/m,dgro = 0.15m.
Step 3 - Residual construction: For each time step k, compute rf
using Eq. (28).
Step 4 — Jacobian computation: The derivatives of the residual with
respect to each parameter are (29) and (30).
Step 5 — LM iteration: Update parameters iteratively: 6., = 6; —
(JT +/111)71J1Tr£(01), where J; is the stacked Jacobian matrix at
iteration [, [ + 1 > 0 is the damping factor adjusted adaptively, and I
is the identity matrix.
Step 6 — Convergence criteria:

Terminate when either: Relative parameters change
| 6.1 —64] / 1161/ <1072 or Maximum iterations (Iyax = 50) reached.
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Fig. 5. Framework of the quadrotor system.
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Three dimensional trajectories under different simulation parameters
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Fig. 6. MPC versus MPC: Circular trajectory tracking position and tracking error curve for different parameters (dg = 0.10m).

4. Simulations and experiments
4.1. Simulation and experiment scheme

To quantitatively compare different control strategies under wall-
proximity suction effects, we predetermine two performance indexes:
Root Mean Square Error (RMSE) and Mean Absolute Error (MAE) of
position tracking errors. RMSE emphasizes large transient errors caused
by collisions or sudden suction forces, while MAE reflects steady-state
accuracy. These metrics are computed for both the wall-perpendicular
and vertical axes, where disturbances are most severe. All controllers
are evaluated using the same indexes.

4.1.1. Simulation scheme

The quadrotor targets a circular trajectory along a wall, and control
inputs to quadrotor added with Gaussian noise. The simulation frame-
work is illustrated in Fig. 4. The thrust model is T = T g + nr,ny ~
°(0,0.2N) and the angular velocity model is w, = wf,m + n,,n, ~
1°(0,13-0.2rad /s). The wall-proximity disturbance is simulated based on
the suction model. The proposed method is compared with cascaded PID
and MPC to verify the feasibility. The suction force scale factor is set to
1.0 N/m, 4.0 N/m, or 10.0 N/m, respectively, and threshold distance is
set to 10.0 cm.

4.1.2. Wall-proximity effect experiment scheme

The suction force induced by the wall-proximity effect attracts the
quadrotor toward the vertical surface, eventually colliding with the
surface. A noticeable acceleration towards the vertical surface is
observed. To validate this phenomenon and substantiate our hypothesis,
a tabletop experiment has been designed, as depicted in Fig. 1-b. Two
sets of experiments are conducted, to model the influence of wall dis-
tance and rotor speed on the suction forces exerted by the vertical sur-
face. The wall-proximity effect is examined by incrementally moving a
large vertical surface closer to the hovering quadrotor. Control input
signals are programmed into the control board, which transmits them to
the electronic speed controller (ESC) to regulate the rotor. Simulta-
neously, force data is collected using a data interpreter connected with a
computer.

4.1.3. Trajectory following experiment scheme
Four ducts are installed to encase the rotors. A motion tracking

Table I
Comparison of RMSE and MAE for Y-Axis position control across different pa-
rameters and methods.

Method ks(N/m) dgr(cm) MAE of Y (cm) RMSE of Y (cm)
Cascaded PID 10.0 10 cm 0.041 0.054

MPC 1.0 10 0.0027 0.0047

MPC 4.0 10 0.0088 0.0098

MPC 10.0 10 0.029 0.030

SC-MPC 10.0 1 0.0032 0.0039

system can provide real-time data on the quadrotor’s pose and the wall’s
pose. The thrust estimation module computes the required throttle set-
tings, while the low-level controller tracks the throttle and angular ve-
locity commands. The performance of cascaded PID, MPC, and the
proposed SC-MPC in trajectory tracking near the wall is evaluated and
compared. The overall framework is illustrated in Fig. 5.

4.2. Simulation results

As illustrated in Fig. 6, the trajectory tracking error curve of the
quadrotor shows that the proposed method can alleviate the influence of
wall-proximity effect, and the trajectory tracking accuracy is signifi-
cantly better than cascaded MPC. For the bad case of k = 10.0 N/m, the
proposed method (yellow curve) eliminates errors caused by near wall
effects compared with MPC (purple curve). From the Table I, the larger
the suction force scale factor, the greater the control error in the di-
rection perpendicular to the wall. The suction force acts perpendicular
to the wall (Y-axis), while no aerodynamic disturbance exists along the
X-axis; therefore, X-axis tracking errors are negligible and not reported.

4.3. Force measurement and modelling

The duct height is 35 mm, and top opening diameter is 66 mm. As
shown in Fig. 2, a three-blade rotor is used, secured onto a bracket
connected to the force sensor. All ducts were manufactured from a PLA
3D printer. They weigh approximately 34 g each. Distance: Experiments
are also conducted at a constant PWM signal (PWM = 1350). Four dis-
tances are selected to measure the suction force. We quickly pushed the
wall closer to the duct and measured its force at a specified distance. The
magnitude of the suction force generated by the wall-proximity effect is
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Fig. 7. Suction force measurements with different distances between the duct
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Fig. 8. Suction force measurements of varying PWM values: The blue line
represents experimental results. The experiment is conducted at d = 1 cm
from the vertical surface with the duct installed.

obtained by calculating the change in force. PWM: Experiments are also
conducted at four pulse width modulation (PWM) signals: 1155, 1255,
1355, and 1455. Most drones do not obtain rotors’ rotational speed. In
addition, for wall inspectors, its acceleration is generally very low, and it
can be approximated that the rotational speed does not change much.
Therefore, in our near-wall trajectory following experiments, PWM was
ignored. In our previous research [15], the dynamics model of actuator
is modelled that the rotor rotational speed w ~ k; (PWM)? + b (Figs. 7
and 8).
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Conclusion of Suction Model: (1) The suction force decreases linearly
with distance das F; = ks(dg —d) for d < dy,, beyond which it vanishes
(F; = 0); (2) The suction force increases approximately linearly with the
increase of PWM value.

4.4. Parameters identification and trajectory following in wall-proximity

4.4.1. Parameters identification

The suction force model parameters k; (scale factor) and dg,
(threshold distance) are critical for accurate compensation in the SC-
MPC framework. Although preliminary estimates of these parameters
can be obtained from static bench-top force measurements (Section 4.3),
such values often deviate from those observed during actual flight due to
differences in aerodynamic configuration, airflow interference among
multiple rotors, and dynamic flight conditions. To address this
discrepancy, this subsection identifies the suction model parameters
directly from flight data using the Levenberg-Marquardt algorithm, as
formulated in Section 3.4.

Flight data were collected during near-wall maneuvers under
cascaded PID control, ensuring excitation of the suction effect. The
motion tracking system provided real-time estimates of acceleration v,
velocity v, and rotation R. Using the force residual defined in Eq. (28), a
set of observation equations was constructed over a 10-second window
of close-proximity flight (d < 15cm).

The identified parameters for our ducted quadrotor are: k; =
4.10N/m and dg = 0.132m.

In comparison, static bench-top experiments produced a scale factor
of kstaric = 2.27N/m under identical rotor speed conditions. The identi-
fied flight parameter k; = 4.10N/m is approximately 80.6% higher,
likely due to additional aerodynamic interactions from all four ducted
rotors operating simultaneously near the wall, as well as unsteady flow
effects not captured in the static single-duct setup.

Theoretical maximum suction force from four rotors is 2 x ks x
digr = 2 x 4.10 x 0.132N = 1.08N when one-side rotors are within the
threshold distance. Given that our quadrotor weighs approximately 1 kg
(gravity ~9.8 N), the maximum suction force reaches about 11% of the
vehicle’s weight, indicating a substantial influence. Nevertheless, the
identified parameters successfully enable the SC-MPC to achieve
collision-free tracking, as evidenced in Section 4.4.2. This highlights the
importance of flight-based parameter identification over purely static
calibration.

4.4.2. Trajectory following in wall-proximity

As illustrated in Fig. 9, the proposed method is compared with
cascaded PID and MPC in terms of line tracking accuracy near a glass-
made wall. The cascaded PID experiences the maximum amplitude of

Fig. 9. Trajectory tracking comparison through video. (a) Cascaded PID; (b) MPC; (c) Proposed method SC-MPC. The red circle depicts the collision.
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Fig. 10. Trajectory tracking comparison. (a) cascaded PID; (b) MPC; (c) Proposed method. Collision ex. represents collision example.

such as building inspection and cleaning, the proposed method is a
promising way to improve the safety of flight operations. The mean
absolute error (MAE) and root mean squared errors (RMSE) are listed in
Table IL. The experimental results demonstrate the superior performance
of our proposed SC-MPC method compared to both conventional
cascaded PID control and standard MPC approaches. As shown in
Table II, SC-MPC achieves significantly lower tracking errors in both X
and Y axes. Specifically, for X-axis position control, SC-MPC reduces the

Table II
The RMSE and MAE for X-axis, Y-axis, and Z-axis position control.
Method MAE of RMSEof MAEof RMSEof MAEof RMSE of
X (cm) X (cm) Y (cm) Y (cm) Z (cm) Z (cm)
cascaded 4.5 8.1 6.2 9.6 3.7 3.9
PID
MPC 1.7 5.3 2.1 4.3 2.3 2.5
SC-MPC 1.2 2.1 1.4 2.0 1.1 0.98
(ours)

vibration, especially after the quadrotor hits the wall; its ability to
maintain control stability is poor. MPC shows better robustness but still
easily collides with walls. The proposed SC-MPC demonstrates
extremely high precision wall following flight under wall-proximity ef-
fect and completely avoids collisions. This also indicates that the
quadrotor can precisely fly along a wall at an extremely close distance.

In addition, the position tracking curves are shown in Fig. 10. The
quadrotor maintains fixed X-axis and Y-axis positions and repeatedly
moves from bottom to top. Collision not only causes oscillations in the X-
axis and Y-axis positions but also deteriorates the accuracy of Z-axis
position control. Therefore, collision is a sudden and significant distur-
bance that needs to be eliminated. For some real-world applications,

RMSE by 74% (from 8.1 cm to 2.1 cm) compared to cascaded PID control
and by 60% compared to standard MPC (from 5.3 cm to 2.1 cm).
Similarly, for Y-axis control, SC-MPC shows a 79% improvement over
cascaded PID (from 9.6 cm to 2.0 cm) and a 53% improvement over MPC
(from 4.3 cm to 2.0 cm). In addition to the X-axis and Y-axis improve-
ments, the Z-axis position control also benefits significantly from the
proposed SC-MPC method. As shown in Table II, cascaded PID yields an
RMSE of 3.9 cm and an MAE of 3.7 cm in the Z-axis, primarily due to
disturbance propagation from collisions in the lateral directions. Stan-
dard MPC reduces the Z-axis RMSE to 2.5 cm and MAE to 2.3 cm,
indicating better disturbance rejection but still with noticeable tracking
errors. In contrast, SC-MPC achieves an RMSE of only 0.98 cm and an
MAE of 1.1 cm in the Z-axis, corresponding to a 75% reduction in RMSE
compared to cascaded PID and a 61% reduction compared to standard
MPC. These substantial improvements demonstrate that by effectively

10
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Fig. 11. Quadrotor collision with wall: Force analysis.

suppressing collision-induced oscillations in the X and Y axes, the pro-
posed method also preserves the integrity of vertical position control.
Consequently, these quantitative results further validate the overall
robustness and disturbance-rejection capability of the proposed suction-
compensated MPC framework.

In experiments, the proposed method achieves a control frequency of
100 Hz. The average time cost is 5.4 milliseconds, and 99.8% of the
optimization problem solving is <10 milliseconds. The time cost of the
traditional model is close to the proposed JPCM.

How the collision deteriorates Z-axis position control: When the
quadrotor collides (friction and elastic force) or experiences strong
lateral suction, the attitude controller saturates, causing unwanted
pitch/roll oscillations. The collision between the duct and the wall will
generate an elastic force, which is related to the elastic properties of the
duct. These oscillations couple into the vertical channel because the
total thrust vector tilts, reducing the vertical lift component and intro-
ducing periodic vertical accelerations. Additionally, collision impacts
excite structural modes that propagate to the Z-axis, as seen in Fig. 11.
This results in increased Z-axis position error, as the controller struggles
to compensate for the rapidly changing aerodynamic forces and struc-
tural vibrations. The SC-MPC's improved modeling of wall-proximity
effects helps mitigate this issue, but some residual error remains due
to unmodeled dynamics and sensor noise.

5. Conclusion and future work

In many scenarios, such as urban or indoor environments, the lack of
open space presents significant dangers for MAVs when they come close
to walls. The wall-proximity effect generates a suction force on the MAV,
which can cause it to shake violently or even collide with the wall. Thus,
we model the wall-proximity effect using smog visualization and force
measurements. Thereby, the dynamics model-compensated control
method is presented to mitigate the wall-proximity effect. The simula-
tion and trajectory tracking experiments demonstrate accurate and safe
flights in wall-proximity.
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