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Abstract. The burrs remaining on switch rails are prone to cracking or even fracturing during operation,
thereby diminishing their service life. Moreover, the complex profile of the switch rail makes stable robotic
milling difficult, with constantly changing posture and milling force. Therefore, this paper proposes a feed–
displacement dual-channel adaptive force control (FDAFC) framework comprising a tangential force–speed
loop and a normal-force–displacement loop. The tangential loop employs feed-per-tooth normalization com-
bined with an engagement-aware force–speed mapping and first-order gain scheduling. This design adaptively
corrects the feed to regulate tangential force and compensate for engagement-dependent nonlinearities, thereby
reducing cross-coupling with the normal channel. The normal loop uses position-based impedance control with
radial basis function (RBF)-scheduled inertia, damping, and stiffness to track the desired normal force under
time-varying loads. A Lyapunov-guided adaptation law guarantees uniform boundedness, asymptotic tracking-
error convergence, and closed-loop stability. Finally, integrated co-simulation and experiments substantiate the
efficacy of the compliant milling force-tracking controller for switch rail deburring. The long-distance milling
method for robots proposed in this study offers a new approach for automatic burr removal from the switch rail.

1 Introduction

Railway turnout is responsible for changing train tracks and
plays a crucial role in railway operations. The switch rail is
a core structural component of the switch, which operates
under complex loading conditions for extended periods. Its
manufacturing quality directly impacts the safety of railway
operations (Wang and Lei, 2021; Wang et al., 2025a). Prob-
lems such as hard burrs and residual milling chips appear
in computerized numerical control (CNC) milling of switch
rails, which leads to cracks in the service process, shortens
their service life, and affects the safety of railway transporta-
tion (Jin et al., 2020; Wang et al., 2023). Currently, burr re-
moval from the switch rail is primarily performed manually,
which results in issues such as low quality, poor consistency,
and incomplete grinding (Xiao et al., 2023; Ge et al., 2025).

Therefore, the development of an automated burr removal
method for switch rails is crucial.

During automated deburring, unstable boundary recogni-
tion and geometric mismatch can hinder the setup of reli-
able geometric references for tool path planning and control.
Existing studies mainly focus on burr detection, CAD-to-
point-cloud registration, and geometry-aware tool path cor-
rection. Mohammed et al. (2023) proposed a sparse convo-
lutional neural network (CNN)-based pipeline for 3D burr
detection and height estimation and enhanced geometric
alignment robustness via robust registration. Villagrossi et
al. (2017) and Lai et al. (2018) integrated laser- or vision-
based measurement with robot motion to enable online ac-
quisition of geometric information and real-time trajectory
correction. González et al. (2024), in contrast, leveraged an
industrial camera and contour-deviation processing to en-
able fast edge identification and generated NC subprograms
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in stages to accommodate part deformation and variations
in burr scale. However, these methods mainly enhance the
geometry-to-tool path stage, while contact machining still
demands explicit force control and adaptive compensation
to handle milling load disturbances, pose-dependent contact
conditions, and overcut sensitivity of the thin edge.

Once the geometric reference is established, the kine-
matic smoothness of the generated trajectory directly influ-
ences the process’ dynamic stability. Rahul and Chiddar-
war (2024) used deep reinforcement learning for model-free
path planning and converted the planned paths into exe-
cutable trajectories using inverse-Jacobian mapping. Zhang
et al. (2024) improved the trade-off between efficiency and
stability by incorporating adaptive weights into trajectory op-
timization. Tafuro et al. (2025) proposed a self-supervised
vision-proprioception framework that directly maps visual
inputs to deburring trajectories while mitigating sim-to-real
degradation. However, these studies mainly address exe-
cutability at the planning and kinematic levels. Because
contact machining is highly nonlinear and subject to time-
varying loads, trajectory smoothing alone is insufficient to
maintain a stable contact force and consistent surface quality.
Hence, trajectory planning must be integrated with contact-
control strategies.

Deburring quality depends critically on end-effector con-
tact force and equivalent compliance; therefore, hybrid posi-
tion/force and impedance/admittance control are widely used
to explicitly regulate the contact interaction. Classical hybrid
position/force control (Raibert and Craig, 1981) achieves
force–position coordination by decomposing the task space
into free and constrained directions. Impedance/admittance
control (Hogan, 1984) further shapes the contact response by
specifying the desired interaction dynamics. In deburring ap-
plications, several task-specific improvements have been re-
ported. Burghardt et al. (2017) combined force control with
process-window optimization to achieve controlled cham-
fer formation. Tao et al. (2015, 2016) introduced adaptive
control strategies, such as fuzzy PID and radial basis func-
tion neural network (RBFNN), to improve tracking perfor-
mance and disturbance rejection. More recently, Lloyd et
al. (2024) proposed the simultaneous registration and ma-
chining (SRAM-D) framework, which unifies online regis-
tration, adaptive admittance tuning, and feed-rate regulation
in a closed-loop architecture to jointly handle geometric un-
certainty and contact stability. Existing validations are pre-
dominantly conducted on small to medium workpieces under
fixed-base or short-stroke conditions. Under long-distance
continuous machining, common assumptions, including a
limited workspace, nearly constant compliance, and locally
compensable errors, may no longer be valid.

Currently, burr removal strategies for robot milling, both
domestically and internationally, primarily focus on medium
and small workpieces (Burghardt et al., 2017; Villagrossi
et al., 2017; Tao et al., 2016; Zhang et al., 2024). Due to
the switch rail length, which can exceed 40 m, long-distance

robot motion leads to increased errors and degraded system
stability compared with stationary operation. The switch rail
profile is complex and variable, with the switch rail edge’s
cross-section gradually changing along its length (Tang et
al., 2026; Grossoni et al., 2021). Additionally, the switch
rail edge is weak, and the included angle increases progres-
sively (Kisilowski and Kowalik, 2020). Consequently, both
the milling angle and the force change. However, during ma-
chining, the robot must both prevent force-induced overcut of
the thin edge and maintain stable regulation under force vari-
ations. This requires adaptive adjustment according to edge
characteristics and milling load changes to achieve compli-
ant and stable contact with the switch rail edge (Chen et
al., 2024; Wang et al., 2025b). To address the varying cross-
sectional geometry of the switch rail edge and the challenges
of long-distance robotic feed milling, this paper proposes
a linear-motor–robot machining system. Building on hybrid
position/force and impedance-control principles, a structured
dual-loop adaptive force controller is developed for variable
expected force milling. The main contributions of this paper
are as follows:

1. Tangential force–speed control is implemented via feed-
per-tooth normalization with adaptive feed correction
and first-order gain scheduling while also decoupling
the normal-force–displacement loop.

2. Position-based impedance with RBF parameter adap-
tation realizes normal-force–displacement control, and
Lyapunov-based design guarantees bounded track-
ing/asymptotic convergence under nonlinear time-
varying milling disturbances.

3. The effectiveness and stability of the smooth control
strategy proposed in this paper are validated through
Simulink and ADAMS co-simulation and experimental
verification.

The structure of the paper is organized as follows. Section 2
introduces the robot milling system. Section 3 presents the
robot’s kinematics and dynamics. Section 4 establishes the
adaptive milling force control strategy. Section 5 presents a
co-simulation with Simulink and ADAMS. Section 6 con-
cludes with experimental verification. Finally, the conclusion
is given in Sect. 7.

2 Configuration of the linear-motor–robot milling
system

The robot is mounted on a linear-motor module to satisfy
the long-distance milling requirements of the switch rail,
forming a 7-DOF linear-motor–robot system. The robotic
machining system mainly consists of linear-motor modules,
an industrial robot, and an end-effector, as shown in Fig. 1.
The linear-motor module integrates the drive and guide rail
functions, enabling straight-line robot motion, and its mod-
ular design accommodates switch rails of different lengths.
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Figure 1. Robot processing system.

Table 1. D–H parameters.

Ai ai−1 (mm) αi−1 (°) di (mm) θi (°)

A1 0 0 d1 0
A2 0 −90 490 θ2
A3 160 90 0 θ3 (90)
A4 780 0 0 θ4
A5 150 −90 660 θ5
A6 0 90 0 θ6
A7 0 0 110 θ7

The end-effector consists of an electrically driven spindle, a
milling cutter, and a six-axis force sensor. During machin-
ing, the spindle drives the high-speed cutter for switch rail
milling, while the force sensor mounted at the robot end mea-
sures the milling force in real time.

3 Kinematic–dynamic modeling of the robot system

The joint kinematics of the robotic milling system are es-
tablished using an improved D–H parameter method, with
the joint coordinate frames shown in Fig. 1. The D–H pa-
rameters are shown in Table 1, with the first motion joint of
the system being a prismatic joint (di) and the remaining six
joints being revolute joints (θi).

Based on theD–H parameter table, the transformation re-
lationship of coordinate system i relative to i− 1 is estab-
lished, and the homogeneous transformation matrix Ai−1

i can
be expressed as

Ai−1
i = cosθi −sinθi 0 ai−1
cosαi−1 sinθi cosαi−1 cosθi −sinαi−1 −di sinαi−1
sinαi−1 sinθi sinαi−1 cosθi cosαi−1 di cosαi−1
0 0 0 1

 . (1)

The coordinate transformation relationship of the end-
effector relative to the base of the robot milling system can

be obtained as

A0
7 = A
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7 ==
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0 0 0 1

 , (2)

where n,o, and a values are the end-effector orientation, and
p denotes the position. Once the joint angles of the robotic
arm are obtained, the end-effector position and orientation
can be calculated using Eq. (2).

The proposed milling system is modeled as a 7-DOF se-
rial chain, where the linear motor is represented as the first
prismatic joint d1, followed by six revolute joints θ2− θ7.
Therefore, the forward kinematics, Jacobian mapping, and
the subsequent dynamic recursion are all formulated based
on this prismatic–revolute joint sequence.

Given the end-effector velocity vector ṗ in Cartesian
space, the corresponding joint velocity q̇ = [ḋ1θ̇2. . .θ̇7]

T is
derived using the Jacobian pseudo-inverse method (Khan,
2023; Ma et al., 2025):

q̇ = J+ṗ+ (I − J+J )q̇0, (3)

where J+ is the Moore–Penrose pseudo-inverse of the Ja-
cobian matrix, J+ ∈ Rn×m. q̇0 is an arbitrary joint veloc-
ity vector in the null space. This formulation can yield the
minimum-norm joint velocity solution. To improve trajectory
smoothness and maintain stability, an acceleration-level gra-
dient projection with damping is introduced (Kratěna et al.,
2025; Xie et al., 2022):

q̈ = J+(p̈− J̇ q̇)+ (I − J+J )(−Tq̇ −K∇H(q)), (4)

where T is the gain matrix, and T q̇ is the damping term,
which can ensure the stability of the motion. −K∇H (q) is
the gradient of the performance index function. This con-
trol law suppresses abrupt joint accelerations while ensur-
ing tracking accuracy. In null-space optimization, a weighted
L2-norm minimization strategy is adopted to balance joint
motion and system stability (Tiseo et al., 2024):

min1/2(q̇ − q̇0)W(q̇ − q̇0), (5)

where W= diag(w1. . ..wn) is a positive definite weight ma-
trix. Joint weights are assigned according to their motion im-
portance under machining conditions; for example, a higher
weight can be set for the frequently moving third joint to sup-
press excessive displacement variations.

In addition, the driving force or moment along the de-
sired trajectory is calculated using the Newton–Euler recur-
sion method (Zhou et al., 2025; Bai et al., 2024), incorporat-
ing the displacement, velocity, and acceleration of the robot
joints. The following is for the kinetic analysis of the rota-
tional pair. The extrapolation method for calculating velocity
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and acceleration (i = 1→ 6) is

i+1ωi+1 =
i+1
i Riωi + θ̇i+1

ˆi+1Zi+1
˙i+1ωi+1 =

i+1
i R ˙iωi +

i+1
i Riωi × θ̇i+1

ˆi+1Zi+1+ θ̈i+1
ˆi+1Zi+1

˙i+1vi+1 =
i+1
i R

(
˙iωi

×
iP i+1+

iωi × (iωi × iP i+1)+ ˙ivi
)

˙i+1vCi+1 =
˙i+1ωi+1×

i+1PCi+1 +
i+1ωi+1

×(i+1ωi+1×
i+1PCi+1 )+ ˙i+1vi+1

i+1Fi+1 =mi+1
˙i+1vCi+1

i+1Ni+1 =
Ci+1Ii+1

˙i+1ωi+1+
i+1ωi+1

×
Ci+1I i+1

i+1ωi+1,

(6)

where i+1ωi+1 denotes the angular velocity of link i+ 1 in
frame i+ 1; i+1

i R denotes the rotation from frame i to frame

i+ 1. θ̇i+1 is the angular velocity of joint i+ 1; ˙i+1vi+1 and
˙i+1vCi+1 are the linear accelerations of the origin of frame

i+ 1 and its center of mass, respectively; and ˆi+1Zi+1 is the
unit vector along the z axis of frame i+1. iP i+1 is the origin
of the position of frame i+1 in the coordinate system of joint
i. i+1PCi+1 is the position vector of the center of mass of link
i+ 1 expressed in frame i+ 1.

Moreover, the forces and moments are calculated using an
extrapolation method (i = 7→ 2):

ifi =
i
i+1R

i+1fi+1+
iFi

ini =
iNi +

i
i+1R

i+1ni+1+
iPCi

×
iFi +

iPi+1×
i
i+1R

i+1fi+1

τi =
inTi
ˆiZi,

(7)

where ifi is the interaction force acting on link i, expressed
in the coordinate system of joint i; similarly, ini is the torque
of action. FN values are the inertial force and inertial mo-
ment, respectively. τ is the driving torque of joint i.

The following is for the kinetic analysis of the mobile pair.
The extrapolation method for calculating velocity and accel-
eration (i = 0) is

i+1ωi+1 =
i+1
i Riωi

˙i+1ωi+1 =
i+1
i R ˙iωi

& ˙i+1vi+1 =
i+1
i R( ˙iωi × iPi+1+

iωi

×(iωi × iPi+1)+ ˙ivi)

&+ 2i+1ωi+1× ḋi+1
ˆi+1Zi+1+ d̈i+1

ˆi+1Zi+1
˙i+1vCi+1 =

˙i+1ωi+1×
i+1PCi+1 +

i+1ωi+1

×(i+1ωi+1×
i+1PCi+1 )+ ˙i+1vi+1

i+1Fi+1 =mi+1
˙i+1vCi+1 ,

(8)

where d is the displacement of the mobile pair. The extrap-
olation method for calculating forces and moments (i = 1)
is{

ifi =
i
i+1R

i+1fi+1+
iFi

τi =
inTi
ˆiZi .

(9)

Considering the effect of gravity, the initial value ˙0v0 =G

can incorporate the gravitational effect on the link into the
dynamic recurrence equation.

4 Feed–displacement dual-channel adaptive force
control

4.1 System architecture of adaptive force control

The feed–displacement dual-channel adaptive force control
(FDAFC) comprises a tangential force–speed loop and a
normal-force–displacement loop. This separation is physi-
cally motivated by the different roles of tangential and nor-
mal contact interactions in milling. The tangential force
mainly reflects feed-related engagement and cutting-load
variations, whereas the normal force is governed by con-
tact compliance and overcut avoidance under changing lo-
cal stiffness and geometry. At each iteration, the controller
updates the feed speed using the measured tangential force.
The resulting correction modifies the feed per tooth and
is propagated to the normal loop via an explicit normal-
force reference update channel. When the burr distribution
or tool-workpiece engagement changes, the tangential loop
re-estimates the speed correction and updates the normal ref-
erence accordingly. This coupled–decoupled–recoupled op-
eration enables stable and efficient compliant machining, as
shown in Fig. 2.

The tangential loop decouples speed regulation using feed-
per-tooth normalization and an engagement-aware force–
speed map. A scalar update law computes the feed speed
correction from the tangential force error and drives the in-
ner motion loop. A first-order gain-scheduled approximation
around the operating point mitigates engagement-dependent
nonlinearity: it reduces to the nominal linear model when the
scheduling variable is zero and provides first-order compen-
sation otherwise.

The normal loop employs position-based impedance con-
trol driven by the normal-force error. To reject time-varying
milling loads and contact-parameter variations, the inertia,
damping, and stiffness are adapted online using a radial ba-
sis function neural network (RBFNN). The Lyapunov-based
update laws guarantee uniform boundedness and closed-loop
stability. Under standard assumptions, the force-tracking er-
ror converges, ensuring stable compliant machining.

4.2 Tangential milling force–speed control

During burr milling, maintaining a fixed cutter feed speed
may lead to excessive tangential force, causing cutter wear
or even tool failure. Therefore, the feed speed must be adap-
tively adjusted according to the measured tangential milling
force. The empirical relationship between initial feed speed
V and cutter parameters can be expressed as

V = Z′× n× fz′ , (10)
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Figure 2. Robot milling compliance control strategy diagram.

where Z′ is the number of blades, Z′ = 4; n is the spindle
speed; and fZ′ is the amount of milling feed per edge of the
cutter.

For cylindrical milling, the relationship between feed
speed and milling force is (Shaw and Cookson, 2005;
Groover, 2010)

F =KF 9.81a0.88
e f 0.75

Z" apZ"d−0.86, (11)

where ae and ap denote the side and back cutting amount,
fZ" is the feed per tooth, Z" is the number of cutter teeth, d
is the cutter diameter, andKF is the correction factor. Hence,
the speed control model can be formulated as follows:

(Vd −V )= z(Fdt −Ft ), (12)

where Vd and V are the expected and initial feed speed, Fdt
and Ft are the expected and actual tangential milling force,
and z is the speed coefficient. The one-dimensional equation
is expressed as e = fdt − ftvc = vd − v, then

vc = z× e, (13)

where vc is the feed speed correction. When ft = 0, the end-
effector is only the speed control. The corrected actual feed
speed vt = vd − vc can be adjusted based on the burr dis-
tribution and the shape of the rail edge. Given input vt , the
controller computes joint angles through inverse kinematics
to control the end-effector feed speed.

Equation (11) indicates that the expected milling force
varies with milling area and feed speed. Therefore, the cou-
pling between tangential milling force–speed control and
normal-milling force–displacement control is crucial and
must be considered when designing milling compliance con-
trol.

When the tangential force–speed control model adjusts
the feed speed, the expected force in the normal-force–
displacement control model also changes. Tangential and

normal milling forces are proportionally related to the total
milling force, which allows for deriving the relationship be-
tween milling force and feed speed:{
fdn = C1KF 9.81a0.88

e f 0.75
zn apZ

"d−0.86

fdd = C2KF 9.81a0.88
e f 0.75

zd apZ
"d−0.86 , (14)

where fdn is the expected normal milling force at the ex-
pected feed speed, fdd is the expected normal milling force
after velocity correction, fzn is the feed per tooth at the de-
sired feed speed, fzd is the feed per tooth after speed correc-
tion, and C1C2 is the proportional coefficient.

According to Eqs. (10) and (14), vt is fed into the calcu-
lation module to establish the relationship between the ex-
pected normal milling force and the feed speed. The formula
can be obtained as

fdd

fdn
=
f z

fz

k(f z)
k(fz)

,C, (15)

where fz = vd
Z′n

is the feed per tooth at the expected feed
speed, f z =

vt
Z′n

is the feed per tooth after velocity cor-
rection, and k() is scheduled by feed. A first-order gain-
scheduling approximation about fz is adopted as

k(fz)≈ k(fz)

[
1+ γ

fz− fz

fz

]
, |γ | � 1. (16)

Substituting the above into Eq. (15) yields

fdd ≈ fdn
f z

fz

[
1+ γ

fz− fz

fz

]
, (17)

where setting γ = 0 recovers the original linear mapping;
for γ 6=, in addition to the linear scaling fz/fz, a first-order
adaptive compensation for nonlinearity and large speed vari-
ations is introduced.
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Figure 3. Co-simulation model of milling compliance control.

To ensure the validity of the first-order gain-scheduling
approximation in Eq. (16), the feed-per-tooth variation
around the nominal point fz is constrained such that∣∣γ (f z− fz)/fz

∣∣< 1. In our implementation, the velocity
correction is bounded, i.e., (f z− fz)/fz ∈ [−δf δf ], where
δf is set to 0.3 (±30 %) in the experiments. Accordingly, γ
is chosen to satisfy |γ |δf < 1. For robustness under large or
abrupt speed changes, (f z− fz)/fz is saturated before eval-
uating Eqs. (16)–(17), preventing excessive gain scheduling
and maintaining stable closed-loop behavior.

4.3 Normal-milling force–displacement control

The force error E = Fdd −Fn is used as the input to the
impedance model, where Fdd is the expected milling force
and Fn is the actual normal milling force. The normal milling
force, measured as the y-axis component of the six-axis
force sensor, is simplified as a one-dimensional quantity. The
impedance model is given by

md (ẍ− ẍd )+ bd (ẋ− ẋd )+ kd (x− xd )= e, (18)

where md , bd , and kd denote the desired inertia, damping,
and stiffness, respectively, and x and xd are the actual and

desired displacements. With position-based impedance con-
trol (Zong et al., 2025; Dong et al., 2024) and xc = x− xd ,
Eq. (18) becomesmd ẍc+bd ẋc+kdxc = e. In the Laplace do-
main, e (s)=− fe(s)

md s
2+bd s+kd

. In free space, fn = 0, yielding
md ẍc+ bd ẋc+ kdxc = fdd . Thus, the controller degenerates
to position control in free space.

Dynamic variations in switch rail milling introduce
nonlinear, time-varying load disturbances, rendering fixed
impedance parameters inadequate. In edge milling, changes
in rail-profile stiffness, intermittent burr engagement, and
cutter–workpiece interaction produce a time-varying equiv-
alent impedance that is difficult to capture with a fixed an-
alytical model. Accordingly, an RBFNN is employed as a
lightweight online function approximator to adapt MdCdKd
from force-tracking errors (Zong et al., 2025; Li et al., 2025).
Compared with heuristic gain scheduling, this strategy pro-
vides continuous low-cost approximation without prior iden-
tification of stiffness/friction profiles.

The input vector isEnet = [eKeCeM ]
T , and the radial basis

vector is R = [r1r2. . .r6]T . Therefore, the Gaussian function
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Figure 4. Robot end-effector in contact with segments A, B, and C
of the switch rail.

rj can be expressed as follows (Zhao et al., 2025):

rj = exp

(
−
‖Enet−Cj‖

2

2b2
j

)
, (j = 1,2, . . .,6), (19)

where Cj denotes the center position of the Gaussian func-
tion at the j th neuron in the hidden layer, Cj = [cj1cj2cj3]

T ,
and bj represents the width of the Gaussian function at the
j th neuron in the hidden layer, and it is a constant greater
than 0.

The hidden-layer centers Cj are fixed a priori and uni-
formly distributed over the normalized input space, and a
common width bj = b is chosen according to the average
inter-center spacing. The network weights are initialized to
zero and updated online using a discrete-time adaptation law
with a learning rate of 0.5 and a sampling period of 1 ms. The
learning rate is selected empirically to balance convergence
speed and robustness to measurement noise.

After parameterization via RBFNN, the following equa-
tion can be derived:

Ff (ξ )=W T φ(ξ )+ ε(W ), (20)

where φ(ξ ) denotes the hidden layer output, W =

[w1w2. . .w6]
T is the RBF weight vector, and ε(W ) repre-

sents the approximation error associated with W . Specifi-
cally, Eq. (20) can be expressed as

y6(k)=
∑6

j=1
wjirj , (i = 1,2,3), (21)

where k denotes the discrete-time index. The optimal weight
W ∗ is defined as

W ∗ = argmin�W
(

sup||Ff (ξ )−W T φ(ξ )||
)
. (22)

For any nonlinear continuous function, the optimal weight
W ∗ always exists, and the corresponding approximation er-
ror ε(W ∗) exhibits uniform boundedness. Accordingly, the
impedance dynamics can be written as{
Md ẍc+Cd ẋc+Kdxc = ψ̂k
e(k)= xc = x− xd

, (23)

where MdCdKd denote the desired inertia, damping, and
stiffness, respectively. Then, the RBFNN input is defined as

eM = ë(k),eC = ė(k),eK = e(k). (24)

Table 2. Tracking error of the force in segment A of the switch rail.

Without Normal
force force Compound

Control type control control only force control

Tangential force error (N) 35.13 – 1.76
Normal-force error (N) 21.23 1.42 1.67

Jacobian information of the robot end position control can be
obtained as

∂y(k)
∂ψ̂k(k)

≈
∂y6(k)
∂ψ̂k(k)

=

6∑
j=1

wj rj
cj1− eK

b2
j

. (25)

The control criterion function can be represented as

E(k)= 1/2e(k)2. (26)

The gradient descent method is used to adjust parameter
MdCdKd :

1Md =−ηm
∂E
∂Md
=−ηm

∂E
∂y

∂y

∂ψ̂k(k)
∂ψ̂k(k)
∂Md

= ηme(k) ∂y

∂ψ̂k(k)
eM

1Cd =−ηc
∂E
∂Cd
=−ηc

∂E
∂y

∂y

∂ψ̂k(k)
∂ψ̂k(k)
∂Cd

= ηce(k) ∂y

∂ψ̂k(k)
eC

1Kd =−ηk
∂E
∂Kd
=−ηk

∂E
∂y

∂y

∂ψ̂k(k)
∂ψ̂k(k)
∂Kd

= ηke(k) ∂y

∂ψ̂k(k)
eK

, (27)

where ηmηcηk is the learning rate for inertia, damping, and
stiffness parameters, respectively. Suppose that the param-
eter KdCd is selected to satisfy the following inequality:
M2
dKdC

−1
d >MdCd . The weight adaptive law Ẇ is then de-

fined as follows:{
Ẇ = 1/2e2W̃PR

W̃ =W ∗−W
, (28)

where both ẆW̃W ∗ and R are 6×1 vectors, P is a 1×6 vec-
tor, andW ∗ is the optimal approximation value of the weights
of the RBF neural network. In the stability analysis, the dom-
inant uncertainties in the normal-force channel are treated
as lumped nonlinear disturbances and approximated by the
RBFNN, while the residual approximation error is assumed
to be bounded. Under this assumption, the Lyapunov-based
adaptation ensures bounded closed-loop signals and stable
force tracking.

The Lyapunov candidate (Precup et al., 2021) is defined as
follows:

V = 1/2MdC
−1
d (Kde+Cd ė)2

+ 1/2
(
M2
dKdC

−1
d −MdCd

)
ė2
+ 1/2KdCde2

+ 1/2||W̃ ||2,

(29)
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Figure 5. Force response of segment A of the switch rail under normal-force control only. (a) Without force control: normal milling force.
(b) Force control: normal milling force.

Figure 6. Force response of segment A of the switch rail under compound force control. (a) Without force control: tangential milling force.
(b) Force control: tangential milling force. (c) Tangential force control: expected normal milling force. (d) Force control: normal milling
force.

Table 3. Tracking error of the force in segment B of the switch rail.

Without Normal
force force Compound

Control type control control only force control

Tangential force error (N) 69.52 – 3.15
Normal-force error (N) 38.73 2.39 2.92

Table 4. Tracking error of the force in segment C of the switch rail.

Without Normal
force force Compound

Control type control control only force control

Tangential force error (N) 39.24 – 6.11
Normal-force error (N) 86.79 4.04 4.90
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Figure 7. Force response of segment B of the switch rail under normal-force control only. (a) Without force control: normal milling force.
(b) Force control: normal milling force.

Figure 8. Force response of segment B of the switch rail under compound force control. (a) Without force control: tangential milling force.
(b) Force control: tangential milling force. (c) Tangential force control: expected normal milling force. (d) Force control: normal milling
force.

where ||W̃ ||2 = W̃ T W̃ . Differentiating Eq. (30) gives

V̇ = (Kde+Cd ė)(MdC
−1
d Kd ė+Md ë)− 2W̃ T Ẇ

+

(
M2
dKdC

−1
d −MdCd

)
ėë+KdCdeė

=MdC
−1
d K2

deė+MdKdeë+MdKd ė
2
+MdCd ėë

+

(
M2
dKdC

−1
d −MdCd

)
ėë+KdCdeė− 2W̃ T Ẇ. (30)

Substituting Eqs. (23) and (29) into Eq. (31), the following
can be obtained:

V̇ =MdC
−1
d K2

deė+Kde(−Cd ė−Kde)+MdKd ė
2

+

(
MdKdC

−1
d

)
ė(−Cd ė−Kde)+KdCdeė

− e2
||W̃ ||2PR =−K2

de
2
− e2
||W̃ ||2PR. (31)

Based on the above assumptions, we can push V ≥ and V̇ ≤.
When the error e = 0, V̇ takes a value of 0. From the Lya-
punov stability criterion, it follows that the system is asymp-
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Figure 9. Force response of segment C of the switch rail under normal-force control only. (a) Without force control: normal milling force.
(b) Force control: normal milling force.

Figure 10. Force response of segment C of the switch rail under compound force control. (a) Without force control: tangential milling force.
(b) Force control: tangential milling force. (c) Tangential force control: expected normal milling force. (d) Force control: normal milling
force.

totically stable and the error e is uniformly bounded. Further,
by invoking LaSalle’s invariance principle, when k→∞, the
error converges to a neighborhood of 0, thereby verifying the
closed-loop stability of the control system.

5 Simulation of adaptive milling force control

5.1 Establishment of adaptive force control simulation
model

Based on the preceding analysis, the proposed controller is
implemented in an ADAMS–Simulink co-simulation envi-

ronment, as shown in Fig. 3. For a given reference trajectory,
the outer loop regulates tangential force by adjusting the feed
rate, whereas the inner loop employs adaptive impedance
to regulate normal displacement and track the desired con-
tact force. The corrected motion command is mapped to
joint space via redundancy resolution. Joint torques are com-
puted via Newton–Euler inverse dynamics and applied to
the ADAMS joints as actuation inputs. The ADAMS model
simulates the tool–rail contact and outputs the joint states
and end-effector pose, together with the measured interac-
tion forces and contact deflection. These signals are fed back
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Figure 11. Milling experiment on the switch rail. (a) Robotic
processing system: 1. KAWAKI HANATAN 0613 cutter, 2. Elec-
tric spindle (Inlinbot RCD-E800D), 3. Six-axis force sensor (HPS-
FT060S), 4. ROKAE XB25 industrial robot, 5. Linear-motor mod-
ules, 6. Chinese no. 9 switch rail, 7. Workbench. (b) Cutter–switch
rail contact during milling. (c) Surface of the switch rail after
milling. (d) Surface roughness after milling.

to Simulink in real time to close the co-simulation loop and
support coordinated motion–force tracking.

The linear-motor–robot system is modeled as a 7-DOF
serial chain, consisting of one prismatic joint for the linear
axis, followed by six revolute joints for the industrial robot,
consistent with the kinematic formulation in Sect. 3. Robot
links and the base are treated as rigid bodies with speci-
fied mass and inertia properties, while structural elasticities
are not explicitly modeled because the co-simulation targets
closed-loop control validation rather than structural vibration
effects.

5.2 Simulation analysis of adaptive milling force control

In the ADAMS model, the milling process is represented by
a tool–rail interaction model to evaluate the force-tracking
performance of the proposed compliant control under spec-
ified milling conditions. The cutter and the switch rail are
treated as rigid bodies. Their interaction is described by a
penalty-based contact formulation that generates the normal
contact force, while tangential interaction is modeled by a
friction law to produce the tangential contact force. The re-
sulting normal and tangential forces are used as the measured
milling forces in the co-simulation.

Based on the milling force profile, the process is divided
into three segments, as shown in Fig. 4: Segment A (0–
60 mm), corresponding to the transition from free to con-
strained space with minimal force; Segment B (60–250 mm),
where the force varies most rapidly; and Segment C (250–
2098 mm), corresponding to the maximum force. The pro-
posed algorithm is validated through force-tracking compar-
isons with and without compliance control.

5.2.1 Segment A

Segment A of the switch rail

Vibration interference occurs at the initial contact between
the robot end-effector and the switch rail. In the simulation,
normal-force control is applied initially, with the resulting
force response curve shown in Fig. 5. Subsequently, compre-
hensive force control is implemented, and the corresponding
force response curve is presented in Fig. 6.

At the initial cutter-rail contact, a pronounced elastic im-
pact occurs, making the thin rail edge prone to overcutting,
as shown in Figs. 5 and 6. After implementing force con-
trol, although initial contact induces vibration, the amplitude
of subsequent vibrations decreases, demonstrating the effec-
tiveness of the control strategy. Performance is evaluated by
comparing the mean deviation between the measured and
reference milling forces with and without force control, as
reported in Table 2. Force control enables accurate tracking
in rail segments with small milling force variations and lim-
ited interference. Based on the estimated environmental stiff-
ness, the displacement error under composite force control is
42 µm.

5.2.2 Segment B

Segment B of the switch rail

Under normal-force-only control and composite-force con-
trol, the force response curves are provided in Figs. 7 and 8,
respectively.

The milling force tracking error for section B is evaluated,
the results of which are presented in Table 3. Force con-
trol effectively achieves force tracking in the segment with
the fastest milling force change and interference, as shown
in Figs. 7 and 8. Based on environmental stiffness calcula-
tions, the displacement error under compound force control
is 42 µm.

5.2.3 Segment C

Segment C of the switch rail

Under normal-force-only control and composite-force con-
trol, the force response curves are provided in Figs. 9 and 10,
respectively.

The tracking error of the force in section C of the switch
rail is used to assess the effectiveness of force control, as
shown in Table 4. Additionally, force control effectively
tracks the force in segments with high milling forces and in-
terference. Based on environmental stiffness calculations, the
displacement error under compound force control is 54 µm.

Simulations under diverse milling force regimes show that
the proposed compliance controller achieves accurate force
tracking. The controller attains this by jointly modulating
tangential velocity and normal displacement. Despite feed
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Figure 12. Comparison of the resultant milling force with and without compound force control in three segments of the switch rail: (a)
Segment X, (b) Segment Y, and (c) Segment Z.

Table 5. Statistics of the resultant milling force in three representative segments.

Segment Without force control Compound force control

Mean (N) SD (N) Peak to peak (N) Mean (N) SD (N) Peak to peak (N)

X 63.00 18.88 81.13 65.10 7.57 44.18
Y 64.00 20.95 84.91 64.88 7.48 40.15
Z 66.50 21.85 91.29 65.27 7.55 40.99

speed variations and the resulting updates to the normal-
force reference, the controller maintains accurate normal-
force tracking.

6 Experimental validation in robotic switch rail
milling

To validate the effectiveness of the proposed FDAFC frame-
work, the experimental platform is configured as follows. As
shown in Fig. 11a, the robotic milling system is built on an
industrial robot with a positioning repeatability of±0.05 mm
and a maximum working radius of 1617 mm. A six-axis force
sensor is used for online force measurement, and the mea-
sured signals are sampled at 100 Hz and transmitted to the
industrial PC via EtherCAT. Moreover, the proposed com-
pliant milling controller is implemented on the industrial PC
equipped with an Intel i7-9700TE CPU and 32 GB RAM.

Since the full-length Chinese no. 9 switch rail exceeds the
workspace of the current experimental platform, a 1000 mm
section is selected as the workpiece and further divided into
three representative segments for long-distance milling tests.
The spindle speed is set to 24 000 r min−1, and the initial
feed speed is 5 mm s−1. During operation, the robot con-
troller updates the cutter path online to maintain alignment
between the cutter side and the top edge of the switch rail,
as shown in Fig. 11b. As shown in Fig. 11c, the machined
switch rail surface exhibits a smooth and uniform appear-
ance, with no obvious tool marks or force-induced over-
cutting of the thin edge. Repeated measurements show that

the post-milling surface roughness averages 3.2 µm, as illus-
trated in Fig. 11d, demonstrating satisfactory surface quality
for switch rail milling.

The resultant milling force is used as an overall indicator
of the milling load to characterize the combined variation in
the cutting load. Figure 12 presents the resultant milling force
under the cases with and without compound force control
in the three representative segments, and the corresponding
statistical results are summarized in Table 5.

The mean resultant milling force under compound force
control remains close to that of the uncontrolled case across
all three segments, whereas the fluctuation level is signifi-
cantly reduced. As summarized in Table 5, the standard de-
viation is reduced by 59.9 %, 64.3 %, and 65.4 % in Segments
X, Y, and Z, respectively, while the peak-to-peak value is re-
duced by 45.5 %, 52.7 %, and 55.1 %. These results demon-
strate that the proposed FDAFC framework effectively sup-
presses force fluctuation without noticeably changing the av-
erage milling load level, thereby improving the stability of
long-distance robotic milling.

7 Conclusions

To address inconsistent machining quality caused by position
control errors and burr effects during the long-feed process of
the robotic system, this paper proposes a flexible milling con-
trol strategy based on the linear-motor–robot configuration.
Robot kinematics and dynamics are formulated using D–
H parameters, a damped least-squares pseudo-inverse with
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L2-weighted null-space optimization, and Newton–Euler in-
verse dynamics. An FDAFC frame is devised: feed-per-
tooth normalization with first-order gain scheduling regulates
the tangential force, while RBF-scheduled position-based
impedance tracks normal force. Moreover, a coupling law
updates the normal-force reference, and Lyapunov-guided
adaptation ensures stable, compliant milling. To support
analysis, an ADAMS-Simulink model is developed, where
the milling force exhibits three distinct regions. Under com-
pound force control, the maximum tracking errors are 6.11 N
for tangential force and 4.90 N for normal force. The experi-
mental results confirm that the proposed FDAFC framework
can effectively suppress milling load fluctuation and achieve
satisfactory surface-finish quality in switch rail milling.

Nevertheless, the current FDAFC framework is formulated
based on tangential/normal-force decoupling in the contact
frame and does not explicitly model or compensate for
the coupled closed-loop interactions between the linear-axis
translation and the two force control channels. Future work
will investigate an integrated multivariable control strategy
that explicitly accounts for these coupling effects to improve
multi-axis coordination.
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Kratěna, T., Vavruška, P., Švéda, J., and Zeman, P.: Workpiece posi-
tion optimisation in robotic multi-axis machining, Results Eng.,
27, 106421, https://doi.org/10.1016/j.rineng.2025.106421, 2025.

Lai, Z., Xiong, R., Wu, H., and Guan, Y.: Integration of vi-
sual information and robot offline programming system for im-
proving automatic deburring process, in: 2018 IEEE Interna-
tional Conference on Robotics and Biomimetics (ROBIO), Kuala

https://doi.org/10.5194/ms-17-615-2026 Mech. Sci., 17, 615–628, 2026

https://doi.org/10.5194/ms-15-169-2024
https://doi.org/10.1007/s11223-017-9903-3
https://doi.org/10.1016/j.rcim.2023.102646
https://doi.org/10.5194/ms-15-653-2024
https://doi.org/10.5194/ms-15-653-2024
https://doi.org/10.1016/j.ymssp.2025.113483
https://doi.org/10.1016/j.jmsy.2024.02.014
https://doi.org/10.1016/j.engfailanal.2020.104987
https://doi.org/10.1016/0736-5845(84)90084-X
https://doi.org/10.1016/0736-5845(84)90084-X
https://doi.org/10.1007/s00170-020-05203-2
https://doi.org/10.5194/ms-14-209-2023
https://doi.org/10.3390/ma13030701
https://doi.org/10.1016/j.rineng.2025.106421


628 K. Xu et al.: FDAFC-based robotic framework

Lumpur, Malaysia, 12–15 December 2018, IEEE, 1132–1137,
https://doi.org/10.1109/ROBIO.2018.8665148, 2018.

Li, Z., Shang, W., and Zhang, B.: Hybrid impedance con-
trol of cable-driven parallel robots using adaptive friction
compensation, IEEE Trans. Ind. Electron., 72, 703–713,
https://doi.org/10.1109/TIE.2024.3409905, 2025.

Lloyd, S., Irani, R. A., and Ahmadi, M.: Precision robotic debur-
ring with simultaneous registration and machining for improved
accuracy, quality, and efficiency, Robot. Comput.-Integr. Manuf.,
88, 102733, https://doi.org/10.1016/j.rcim.2024.102733, 2024.

Ma, X., Li, H., Xie, Y., Liu, J., Peng, Y., Xie, S., and Luo, J.: Adap-
tive dynamics-based prescribed-time control for robots forma-
tion tracking in task space, IEEE Trans. Syst. Man Cybern. Syst.,
55, 6476–6485, https://doi.org/10.1109/TSMC.2025.3579053,
2025.

Mohammed, A., Kvam, J., Onstein, I. F., Bakken, M., and
Schulerud, H.: Automated 3D burr detection in cast manu-
facturing using sparse convolutional neural networks, J. In-
tell. Manuf., 34, 303–314, https://doi.org/10.1007/s10845-022-
02036-6, 2023.

Precup, R.-E., Roman, R.-C., and Safaei, A.: Data-driven
model-free controllers, CRC Press, Boca Raton, FL,
https://doi.org/10.1201/9781003143444, 2021.

Rahul, M. R. and Chiddarwar, S. S.: Deep reinforcement learning
with inverse Jacobian based model-free path planning for debur-
ring in complex industrial environment, J. Intell. Robot. Syst.,
110, 4, https://doi.org/10.1007/s10846-023-02030-x, 2024.

Raibert, M. H. and Craig, J. J.: Hybrid position/force control
of manipulators, J. Dyn. Syst. Meas. Control, 103, 126–133,
https://doi.org/10.1115/1.3139652, 1981.

Shaw, M. C. and Cookson, J. O.: Metal cutting principles, 2nd
Edn., Oxford University Press, New York, NY, ISBN 978-0-19-
514206-8, 2005.

Tafuro, A., Molinaro, M., Zanchettin, A. M., and Rocco, P.:
Self-supervised vision-driven trajectory planning for intelli-
gent robotic deburring, Mach. Intell. Res., 22, 655–676,
https://doi.org/10.1007/s11633-025-1560-6, 2025.

Tang, X., Cai, X., Xu, J., and Yang, F.: A full information expression
model for track irregularity based on stochastic harmonic func-
tions in vehicle–turnout structure stochastic vibration analysis,
Railw. Eng. Sci., 34, 349–369, https://doi.org/10.1007/s40534-
025-00381-9, 2026.

Tao, Y., Zheng, J., Lin, Y., Wang, T., Xiong, H., He, G., and Xu,
D.: Fuzzy PID control method of deburring industrial robots, J.
Intell. Fuzzy Syst., 29, 2447–2455, https://doi.org/10.3233/IFS-
151945, 2015.

Tao, Y., Zheng, J., and Lin, Y.: A sliding mode control-based on a
RBF neural network for deburring industry robotic systems, Int.
J. Adv. Robot. Syst., 13, 8, https://doi.org/10.5772/62002, 2016.

Tiseo, C., Merkt, W., Wolfslag, W., Vijayakumar, S., and Mis-
try, M.: Safe and compliant control of redundant robots us-
ing superimposition of passive task-space controllers, Nonlin-
ear Dyn., 112, 1023–1038, https://doi.org/10.1007/s11071-023-
09045-x, 2024.

Villagrossi, E., Cenati, C., Pedrocchi, N., Beschi, M., and Tosatti, L.
M.: Flexible robot-based cast iron deburring cell for small batch
production using single-point laser sensor, Int. J. Adv. Manuf.
Technol., 92, 1425–1438, https://doi.org/10.1007/s00170-017-
0232-2, 2017.

Wang, H. H., Wang, W. J., Han, Z. Y., Wang, Y., Ding, H. H.,
Lewis, R., Lin, Q., Liu, Q. Y., and Zhou, Z. R.: Wear and
rolling contact fatigue competition mechanism of different types
of rail steels under various slip ratios, Wear, 522, 204721,
https://doi.org/10.1016/j.wear.2023.204721, 2023.

Wang, K., Zhu, H., Xu, J., Bai, T., Tian, C., Qian, Y., Gao, Y., Chen,
R., Wang, P., and Liu, Y.: Study on the damage mechanism of
high-speed turnout switch rails on large ramps, J. Cent. South
Univ., 32, 288–303, https://doi.org/10.1007/s11771-025-5858-x,
2025a.

Wang, Z. and Lei, Z.: Analysis of influence factors of rail cor-
rugation in small radius curve track, Mech. Sci., 12, 31–40,
https://doi.org/10.5194/ms-12-31-2021, 2021.

Wang, Z., Zou, L., Li, J., Zhang, J., and Wang, W.: Point-driven
toolpath curve and orientation smoothing in robotic belt grinding
for turbine blade, Robot. Comput.-Integr. Manuf., 96, 103046,
https://doi.org/10.1016/j.rcim.2025.103046, 2025b.

Xiao, Q., Yang, Y., Chang, C., and Li, D.: Monitoring and
evaluation of high-speed railway turnout grinding effect
based on field test and simulation, Appl. Sci., 13, 9177,
https://doi.org/10.3390/app13169177, 2023.

Xie, Z., Jin, L., Luo, X., Hu, B., and Li, S.: An acceleration-
level data-driven repetitive motion planning scheme for
kinematic control of robots with unknown structure,
IEEE Trans. Syst. Man Cybern. Syst., 52, 5679–5691,
https://doi.org/10.1109/TSMC.2021.3129794, 2022.

Zhang, Y., Liu, H., Cheng, W., Hua, L., and Zhu, D.:
A novel trajectory planning method for robotic de-
burring of automotive castings considering adaptive
weights, Robot. Comput.-Integr. Manuf., 86, 102677,
https://doi.org/10.1016/j.rcim.2023.102677, 2024.

Zhao, J., Li, Y., Li, Y., Pei, B., Yu, Z., and Dong, Z.: A predefined-
time radial basis function (RBF) neural network tracking control
method considering actuator faults for a new type of spraying
robot, Mech. Sci., 16, 51–60, https://doi.org/10.5194/ms-16-51-
2025, 2025.

Zhou, R., Zhao, T., Yang, H., and Su, Q.: An online dynamic pa-
rameter identification approach for robotic manipulator with re-
formulated physical feasibility, IEEE Trans. Instrum. Meas., 74,
1–14, https://doi.org/10.1109/TIM.2025.3573017, 2025.

Zong, L., Jiang, C., Du, H., Luo, Y., and Cong, Y.: Interaction force
control of industrial manipulators via neural network-based inte-
gral terminal sliding mode control algorithm, Nonlinear Dyn.,
113, 26361–26375, https://doi.org/10.1007/s11071-025-11483-
8, 2025.

Mech. Sci., 17, 615–628, 2026 https://doi.org/10.5194/ms-17-615-2026

https://doi.org/10.1109/ROBIO.2018.8665148
https://doi.org/10.1109/TIE.2024.3409905
https://doi.org/10.1016/j.rcim.2024.102733
https://doi.org/10.1109/TSMC.2025.3579053
https://doi.org/10.1007/s10845-022-02036-6
https://doi.org/10.1007/s10845-022-02036-6
https://doi.org/10.1201/9781003143444
https://doi.org/10.1007/s10846-023-02030-x
https://doi.org/10.1115/1.3139652
https://doi.org/10.1007/s11633-025-1560-6
https://doi.org/10.1007/s40534-025-00381-9
https://doi.org/10.1007/s40534-025-00381-9
https://doi.org/10.3233/IFS-151945
https://doi.org/10.3233/IFS-151945
https://doi.org/10.5772/62002
https://doi.org/10.1007/s11071-023-09045-x
https://doi.org/10.1007/s11071-023-09045-x
https://doi.org/10.1007/s00170-017-0232-2
https://doi.org/10.1007/s00170-017-0232-2
https://doi.org/10.1016/j.wear.2023.204721
https://doi.org/10.1007/s11771-025-5858-x
https://doi.org/10.5194/ms-12-31-2021
https://doi.org/10.1016/j.rcim.2025.103046
https://doi.org/10.3390/app13169177
https://doi.org/10.1109/TSMC.2021.3129794
https://doi.org/10.1016/j.rcim.2023.102677
https://doi.org/10.5194/ms-16-51-2025
https://doi.org/10.5194/ms-16-51-2025
https://doi.org/10.1109/TIM.2025.3573017
https://doi.org/10.1007/s11071-025-11483-8
https://doi.org/10.1007/s11071-025-11483-8

	Abstract
	Introduction
	Configuration of the linear-motor–robot milling system
	Kinematic–dynamic modeling of the robot system
	Feed–displacement dual-channel adaptive force control
	System architecture of adaptive force control
	Tangential milling force–speed control
	Normal-milling force–displacement control

	Simulation of adaptive milling force control
	Establishment of adaptive force control simulation model
	Simulation analysis of adaptive milling force control
	Segment A
	Segment B
	Segment C


	Experimental validation in robotic switch rail milling
	Conclusions
	Data availability
	Author contributions
	Competing interests
	Disclaimer
	Financial support
	Review statement
	References

