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Abstract: Robotic meat cutting is increasingly in demand in meat industries due to safety issues, labor
shortages, and inefficiencies. This paper proposes a multi-demonstration human–robot skill transfer
framework to address the flexible and generalized cutting of sheep hindquarters with complex
3D anatomy structures by imitating humans. To improve the generalization with meat sizes and
demonstrations and extract target cutting behaviors, multi-demonstrations of cutting are encoded
into low-dimension latent space through principal components analysis (PCA), Gaussian mixture
model (GMM), and Gaussian mixture regression (GMR). To improve the robotic cutting flexibility
and the cutting behavior reproducing accuracy, this study combines a modified dynamic movement
primitive (DMP) high-level behavior generator with the low-level joints admittance control (AC)
through real-time inverse velocity (IV) kinematics solving and constructs the IVAC-DMP control
module. The experimental results show that the maximum residual meat thickness in the sheep
hindquarter cutting of sample 1 is 3.1 mm, and sample 2 is 3.8 mm. The residual rates of samples 1
and 2 are 5.6% and 4.8%. Both meet the requirements for sheep hindquarter separation. The proposed
framework is advantageous for harvesting high-value meat products and providing a reference
technique for robot skill learning in interaction tasks.

Keywords: sheep hindquarters; robotic meat cutting; learning from demonstration; admittance
control; Gaussian mixture regression

1. Introduction

Meat cutting is a crucial component of the meat industry’s value chain. This process
involves breaking down a carcass into primal parts and precisely harvesting meat cuts with
varying values [1,2]. Skilled workers with a profound understanding of animal anatomy are
vital to guaranteeing the final cuts’ consistency and quality and determining their market
prices. However, the traditional manual cutting methods have several issues, including
biological variation, training, sanitation concerns, and harsh working conditions [3]. With
the recent labor shortages, supply inefficiencies caused by COVID-19, and other limitations,
the meat industry has seen a considerable increase in the need for automation. Robotic
solutions offer a promising approach to address these challenges by enabling human-
like cutting operations, reducing labor costs, improving food safety, and promoting a
sustainable meat supply [4].

Robotic cutting is achieved through three main methods [5], i.e., primal sawing, 2D-
space, and 3D-space cutting. The primal sawing method is efficient in primal cutting
and middle pieces separation [6]. However, the simple sawing actions are insufficient for
harvesting meat cuts from forequarters, hindquarters, rib cages, and carcass flanks. The
2D-space methods have been primarily adopted for precisely cutting primal pieces [7,8],
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such as carcass flanks or rib cages, utilizing deep learning and multi-DoF robot systems.
The 2D-space methods are highly limited in cutting meat with more complex 3D anatomy
structures, e.g., sheep hindquarters. The motion planning and control of robot cutting
for sheep hindquarter separation is difficult due to several factors, i.e., cutting scenario
variability, cutting close to the bone, variable bone size, and complex anatomic structures [9].
Compliant cutting in a 3D space can precisely separate meat tissue from bones or different
meat tissues from each other. Xie et al. [10] proposed an admittance control method to
cut along the ischial bone with comparable efficiency and accuracy to humans for sheep
hindquarter cutting. However, the cutting path was constrained on several planes around
the bone, which limited the flexibility of the cutting. Meat and Livestock Australia (MLA)
proposed a force-controlled robot for sheep hindquarter cutting [11]. The robot equipped a
blade with an optimized shape to lower the cutting forces. However, the generalization
of the cutting motions is not addressed. Furthermore, a robotic prototype was proposed
to cut the shoulders of the sheep forequarter [12] through an oscillating cutting motion
and force control. It is a problem to generalize the oscillating cutting pattern between
the forequarters and hindquarters. In addition, Nabil et al. [13] utilized a finite element
model to accurately predict the deformation of the meat tissue during cutting and control
the robot’s motion. Although the study allows for precise tracking of the fascial tissues
between the meat tissues of a beef hind leg, the bones were not considered. More work
is needed to achieve flexible and generalized motion planning while coupling with the
force control.

Robots have been trained to execute flexible motions in interaction tasks based on the
human–robot skill transfer (HRST) framework [14]. The framework involves a high-level
nonlinear dynamical system such as a dynamic movement primitive (DMP) and a low-level
compliant controller [15]. The nonlinear dynamical system combines a set of radial basis
functions (RBFs) that mimic the muscle unit behaviors in humans to generate flexible
motion trajectories [16]. Meanwhile, the low-level controller is an impedance controller(IC)
or admittance controller (AC) for the robot joints, which handles the interaction between the
robot and objects [17,18]. The DMP model has been coupled with feedback terms related to
the interaction force to form a Cartesian space AC [19,20] in grinding, handling, and robot
collaboration tasks. However, the method was highly limited by inverse kinematics solving
(IKS), since the desired trajectories were modulated online. In the primary research [21], we
utilized the DMP model to generate the desired movement in sheep hindquarter separation
and the inverse velocity (IV) algorithm for online IKS of the robot with AC. However,
the low-level joint control has no feedback to the DMP model, which limits the flexibility
of the method. The studies mentioned above consider joint space control and high-level
planning separately, so the robotic cutting flexibility and the cutting behavior reproducing
accuracy are highly limited. More studies combining low-level joint AC and the high-level
DMP behavior system by real-time IV kinematics solving are in demand to improve the
integration, consistency, and efficiency of the collaboration between the two systems.

Moreover, The studies mentioned above are single-demonstrated, whose generaliza-
tion is a crucial issue due to the cutting objects’ variable types, locations, and dimensions.
The generalization can be addressed through multi-demonstration HRST. Gams et al. [22]
proposed the compliant movement primitive (CMP) model to learn the interactive forces
and motion trajectories and utilized the Gaussian process regression (GPR) model to encode
multi-demonstrations. Low motion tracking error and compliance control were achieved.
In addition, Wu and Billard [23] combined the Stable Estimator of Dynamical Systems)
and Gaussian mixture model (GMM) and Gaussian mixture regression (GMR) to learn a
compliant cutting behavior model from multiple demonstrations. The model was then
integrated into the IC of the robot for cutting single-layered skin-like soft tissue and re-
sponding to human interactions. The studies mentioned above are implemented under an
IC framework. An expensive lightweight backdrivable robot arm is needed to produce joint
torques precisely. In the task of cutting hindquarters, HRST through multi-demonstration
on a robot with AC and real-time IV remains an open problem.
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To address the efficient collaboration between human-like behavior generation and
joint-space compliant control and achieve flexible and generalized hindquarter cutting,
this paper proposes a multi-demonstration HRST framework. To improve the general-
ization with meat sizes and demonstrations and extract target cutting behaviors, multi
demonstrations of cutting are encoded into a low-dimension latent space through principal
components analysis (PCA), Gaussian mixture model (GMM), and Gaussian mixture regres-
sion (GMR). To improve the robotic cutting flexibility and the cutting behavior reproducing
accuracy, this study combines a modified dynamic movement primitive (DMP) high-level
behavior generator with the low-level joints admittance control (AC) through real-time
inverse velocity (IV) kinematics solving and constructs the IVAC-DMP control module. The
proposed framework is evaluated in four cutting scenarios. The proposed method has the
potential to reduce the cutting force, minimize meat loss, and increase meat yield, which
is advantageous for harvesting high-value meat products. Additionally, it can serve as a
reference technique for flexible and generalized robot skill learning in interaction tasks.

The rest of the paper is structured as follows. The proposed framework is presented
in Section 2. Section 2.2 presents the data acquisition and preprocessing. The multi-
demonstration human–robot skill transfer with GMM-GMR is then explained in Section 2.3.
Moreover, Section 2.4 demonstrates the IVAC of robot joints. The evaluation and the
discussion are presented in Section 3. The conclusion is provided in Section 4.

2. Materials and Methods

This section provides a detailed description of the proposed framework for imitating
and controlling the cutting of soft tissue by robots.

2.1. System Overview
2.1.1. Cutting Behavior Representation

The cutting behavior is represented by hd(t),

Hd = [hd(t1), hd(t2), · · · , hd(tM)], (1)

Fd = [fd(t1), fd(t2), · · · , fd(tM)],

Td = [t1, t2, · · · , tM],

hd(t) = [xd(t), qd(t)]T,

xd(t) = [xd,x(t), xd,y(t), xd,z(t)]T,

qd(t) = [qd,w(t), qd,x(t), qd,y(t), qd,z(t)]T,

fd(t) = [ fd,x(t), fd,y(t), fd,z(t), τd,x(t), τd,x(t), τd,x(t)]T,

where t is the time, and Hd is the collected time series of cutting behavior. M is the number
of time points in the time series. Fd is the collected time series of cutting force. Td is
the time points series. The position of the cutting tool in the world coordinate system is
represented by xd(t), which has xd,x(t), xd,y(t), xd,z(t) as coordinates for the x, y, z axes,
respectively. The quaternion of the cutting tool orientation in the world coordinate system is
represented by qd(t), which consists of qd,w(t) as the scaler part and qd,x(t), qd,y(t), qd,z(t)
as the imaginary part. The cutting force/torque measured by the F/T sensor is represented
by fd(t), where fd,x(t), fd,y(t), fd,z(t) are the decoupled measured forces of x, y, z while
τd,x(t), τd,x(t), τd,x(t) are the decoupled measured torques of the x, y, z axes, respectively.

2.1.2. Process of Training and Control

The process of imitation learning and control is divided into three stages, as shown in
Figure 1. By giving multiple groups of human behavior time-series samples in the same
cutting scenario, we train a GMM in the probability distribution of human behavior at
each time point. Then, we generate the target cutting behavior through GMR with the
trained GMM. The target cutting behavior is transformed into a DMP system in this work
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to generate the target cutting behavior (position, orientation, and feedforward cutting force)
of the robot end effector in the base coordinate system. Finally, we input the target cutting
behavior to the IVAC module to control the joint angles of the robot during cutting to
achieve human-like flexible cutting.

…

Stage 3:  robot repetition

…

d,N d,N d,N, ,H F T

cat cat,H T

d,1 d,1 d,1, ,H F T
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Expectation& Maximization
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Dynamic time wrappingCutting behavior
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Encoder Decoder

Stage 1: data collecting stage

Figure 1. Diagram of the human–robot skill transfer and control framework.

2.1.3. Experiment Platform

As is shown in Figure 2, the experiment platform includes a loading device, a cutting
tool, a visual motion capture system, and a multi-degree-of-freedom robot arm. The cutting
tool is constructed by connecting a meat separation blade with a six-axis F/T sensor using a
metal frame. The ArUco augmented reality marker [24] is fixed to the left side of the cutting
tool, and two intel RealSense D435i cameras track its pose to form a visual motion capture
system. The D435i cameras detect the ArUco marker at a frequency of 30 Hz. They verify
the marker’s encoding ID and utilize the corner detection tool in OpenCV to determine
the marker’s position and orientation in the camera’s coordinate system. This process
enables the camera to track the marker accurately. The marker’s ID is 123. This unique
ID distinguishes and verifies other QR codes within view. The marker is 60 mm × 60 mm,
ensuring clear visibility from a preset distance. The marker is a finely machined anodized
aluminum sheet with distinct corners and low reflection. Meanwhile, the F/T sensor
measures the decoupled forces and torques in the x, y, and z axes.

The F/T sensor has flanges at the front and rear; the front flange is connected to the
metal frame of the cutting tool, and the rear flange can be connected with the flange of
the robot end or with a 3D-printed grip. When the rear flange connects with the grip,
the demonstrator holds the cutting tool by the grip to cut. Otherwise, the robot arm
manipulates the cutting tool to cut.
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Figure 2. Experiment Platform. (a) the cutting tool is manipulated by the robot, (b) the cutting tool is
manipulated manually, (c) the set of robotic cutting, (d) the set of demonstration. The cutting tool
is manipulated manually first to sample multiple demonstrations. Then, the robot is trained and
reproduces the same cutting behavior.

2.2. Data Acquisition and Preprocessing
2.2.1. Data Acquisition

This study collects the cutting behavior and force data in four demonstrating scenarios
to construct the datasets. The experiment was conducted in the College of Engineering,
China Agricultural University with indoor white light and at a room temperature of 17 ◦C.
The experiment materials include the sheep meat from the local (Beijing) meat plants and
foam blocks. The raw data are calibrated, aligned, and then utilized to train the GMM-GMR
model. To ensure the robot learns the exact human behaviors, this study only uses the
actual demonstrations from real humans, and no data augmentation methods are employed.
The datasets include 9570 data points (2348 from scenario 1, 884 from scenario 2, 1358 from
scenario 3, and 4980 from scenario 4) from 38 demonstration samples (4 from scenario 1, 2
from scenario 2, 2 from scenario 3, and 30 from scenario 4). Scenario 1 is cutting the medial
hind-leg muscles attached with the ischium ventral; 2 is cutting the lateral hind-leg muscles
attached with the ischium dorsal; 3 is cutting the lateral hind-leg muscles attached with the
ilium dorsal; 4 is to segment a foam block pasted on a rigid surface.

2.2.2. Data Calibration and Filtering

The raw data are calibrated to obtain the transform matrices between the robot base
coordinate system W, the robot end mounting flange center coordinate system E, the F/T
sensor coordinate system S, the marker coordinate system T, the Camera 1 coordinate
system C1, and the Camera 2 coordinate system C2. TWE represents the transform matrix
of W and E. TES represents the transform matrix of E and S. TC1T represents the transform
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matrix of C1 and T. TC2T represents the transform matrix of C2 and T. TWC1 represents
the transform matrix of W and C1. TWC2 represents the transform matrix of W and C2.
TTE represents the transform matrix of T and E. The data calibration process includes
seven steps:

1. TWE is the homogeneous matrix representation of E’s pose in W. The pose is read
from the law-level embedded controller of the robot. Since the end mounting flange
and the F/T sensor are connected by a mechanical structure, TES can be pre-obtained.

2. TC1T is the homogeneous matrix representation of T’s pose in C1, andTC2T is the
homogeneous matrix representation of T’s pose in C2. TC1T and TC2T are provided
by the ArUco marker detection algorithm. Furthermore, TWE, TC1T , and TC2T , TWC1 ,
TWC2 , TTE1 , and TTE2 are obtained through hand–eye calibration.

3. We convert the measured pose of T on C1 and C2 to the pose of E on W with Equa-
tion (2) using the calibrated TWC1 , TWC2 , TTE1 , and TTE2 ,

TWE1 = TWC1 TC1TTTE1 , (2)

TWE2 = TWC2 TC2TTTE2 .

4. We rewrite the homogeneous matrices TWE1 and TWE2 into pose vectors and obtain
the position xd and quaternion qd of the cutting tool in the world coordinate system
by Kalman filtering the pose vectors from the two camera sources.

5. We convert the cutting forces measured on the coordinate system S to the coordinate
system E by (3) using the calibrated TSE,

fe =
[
AdTSE

]Tfs, (3)

where fe denotes the cutting force on E, fs denotes the cutting force on S, and
[
AdTSE

]
denotes the adjoint representation of TSE.

6. To ensure accurate cutting force measurements, we use a gravity-compensated cali-
bration method [25] to eliminate the impact of the cutting tool’s self-weight on the
collected data. The resulting cutting force is denoted as fd. The components of this
force, fd,x, fd,y, and fd,z, represent different directions. fd,x points towards the side of
the blade, fd,z points towards the tip, and fd,y points towards the edge, all within the
blade plane.

7. Dynamic time warping (DTW) is utilized to align the sample time-series length in the
same scenario in a Python environment.

2.2.3. Latent Space Representation of Dataset

In order to improve learning efficiency, this study utilizes the encoding of the high-
dimension time series in the dataset into the one-dimension latent variable series Zcat. First,
the samples in the dataset are concatenated, as shown in Equation (4),

Hcat = [Hd,1, Hd,2, . . . , Hd,L], (4)

Tcat = [Td,1, Td,2, . . . , Td,L],

where Hcat denotes the concatenated series of cutting behavior. Tcat denotes the concate-
nated series of time points. L denotes the number of samples. Hd,1, Hd,2, . . . , Hd,L are the
samples. Second, we perform a principal components analysis (PCA) on Hcat. The PCA
extracts the correlation and importance information among different axes of the cutting
tool in the latent variables. The feature vector with the largest eigenvalue obtained by PCA
is as follows,

Wpca =
[
wpca,1, wpca,2, . . . , wpca,6

]
, (5)

where Wpca denotes the feature vector with elements wpca,1, wpca,2, . . . , wpca,6. Then, Hcat is
transformed into its latent variable representation using Equation (6),
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Zcat = WpcaHcat, (6)

where Zcat denotes the latent variable series with a length of L×M.

2.3. Learning of Cutting Behaviors with GMM and GMR
2.3.1. Learning from Multi-demonstrations of Cutting Behaviors with GMM

The GMM is a statistical model for representing a given population as several Gaussian-
distributed subpopulations. Therefore, it is suitable for learning cutting behavior with
multi-demonstrations from the same scenario [26]. In this study, the GMM is trained on the
dataset {Zcat, Tcat}, with the state vector consisting of the cutting behavior latent variable
zcat and time tcat, as shown in Equation (7),

p(ξ) ∼
K

∑
k=1

πkNk(µk, Σk), with
K

∑
k=1

πk = 1, (7)

ξ =

[
tcat
zcat

]
, µk =

[
µt,k
µz,k

]
, Σk =

[
Σt,k Σtz,k
Σzt,k Σz,k

]
,

where p(ξ) is the probability distribution of state vectors, and p(ξ) is the mixture of
K multivariant Gaussians. Nk(µk, Σk) represents the kth Gaussian with a center µk, a
covariance matrix Σk, and a weight πk.

The values of πk, µk, and Σk are obtained by training on input data through the expec-
tation maximization (EM) method. The EM algorithm iteratively improves the similarity
between the GMM and the realistic distribution of data samples to achieve maximum like-
lihood estimation of the sample distribution. The iterative optimization process involves
initialization, E-step, and M-step:

1. The mixture model consists of 10 Gaussians. To reduce the sensitivity of the EM
algorithm to the selection of the initial values, we use k-means to initialize the centers
and covariance matrices of the Gaussians. After initializing, we train the GMM with
the dataset of the four cutting scenarios that were collected;

2. The E-step calculates the intermediate variable γm,k using current µk and Σk, as is
shown in Equation (8),

γm,k =
πkNk(ξm|µk, Σk)

∑K
k=1 πkNk(ξm|µk, Σk)

. (8)

where γm,k denotes the condition probability of ξm generating from the kth Gaussian;
3. Then, the M-step updates πk, µk, and Σk using γm,k calculated in the E-step, as is

shown in Equation (9),

πnew
k =

∑M
m=1 γm,k

M
, (9)

µnew
k =

∑M
m=1 γm,kξm

∑M
m=1 γm,k

,

Σnew
k =

∑M
m=1 γm,k(ξm − µk)(ξm − µk)

T

∑M
m=1 γm,k

,

where πnew
k denotes the weight after updating. µnew

k denotes the center after updating.
Σnew

k denotes the covariance matrix after updating.

2.3.2. Robotic Cutting Behavior Generation with GMR

As is shown in Figure 3, this study employs GMR to generate the target latent space
trajectory Zref for the cutting behaviors. In Figure 3a–d, the green-colored dots represent
the points in the datasets, and thick red lines represent regression trajectories generated
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by the GMR. The ellipses represent the Gaussians in the GMM. The radius and angle of
every ellipse represent a Gaussian covariance matrix Σk, and the crosses represent the mean
values of the Gaussians. Figure 3e–h show the corresponding cutting paths. The latent
variable trajectories are almost averaged out by the GMM-GMR model in the four scenarios.
Significant differences are found in the GMM and GMR trajectories learned in the four
scenarios, since the cutting paths vary.

(a)  Scenario 1: GMM-GMR (b)  Scenario 2: GMM-GMR (c)  Scenario 3: GMM-GMR (d)  Scenario 4: GMM-GMR

(e)  Scenario 1: cutting path (f)  Scenario 2: cutting path (g)  Scenario 3: cutting path (h)  Scenario 4: cutting path

bone

cutting path

cutting path

bone
bone

foam

rigid pad

meat

meat

meat

cutting path

cutting path

Figure 3. GMM-GMR models and generated latent variable trajectories in 4 scenarios. (a) the learned
Gaussian components of GMM and the trajectory generated by GMR in Scenario 1, (b) the learned
Gaussian components of GMM and the trajectory generated by GMR in Scenario 2, (c) the learned
Gaussian components of GMM and the trajectory generated by GMR in Scenario 3, (d) the learned
Gaussian components of GMM and the trajectory generated by GMR in Scenario 4, (e) the medial
hind-leg muscles cutting path in Scenario 1, (f) the lateral hind-leg muscles cutting path in Scenario 2,
(g) the lateral hind-leg muscles cutting path in Scenario 3, (h) the foam cutting path in Scenario 4.

The regression function is calculated using the following equation:

zref(t) = µ̂z(t) =
K

∑
k=1

wk(t)µ̂z,k(t), (10)

with,

µ̂z,k(t) = µz,k + Σz,kΣ−1
t,k (t− µt,k),

wk(t) =
πkN (t|µt,k, Σt,k)

∑K
k=1πkN (t|µt,k, Σt,k)

, (11)

where zref(t) denotes the regression value of the latent variable at time t. µ̂z,k(t) denotes
the regression value of µz,k at time t, and wk denotes the weight. µz,k, Σt,k, and Σz,k are
parameters defined in Equation (7). In this study, the values of the latent variables were
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calculated using Formula (10) at each time point, and the reference cutting behavior time
series Zref in latent space was obtained,

Zref = [zref(t1), zref(t2), · · · , zref(tM)], (12)

2.3.3. Post-Processing

The latent variable series of cutting behavior obtained by GMR were post-processed
to generate the reference cutting behavior time series. First, by decoding the sequence of
latent variables in (12), the reference cutting behavior (positions, quaternions, and forces)
time series is generated,

Href = [href(t1), href(t2), · · · , href(tM)], (13)

Href = WT
pca · Zref,

href(ti) = WT
pca · zref(ti), with i = 1, · · · , M,

where the symbol Href refers to the time series of reference cutting behaviors. Each element
href(ti) is a cutting behavior vector in the form of Equation (1) at time ti. The symbol Wpca
refers to the eigenvector in Equation (5). The symbol zref(ti) is a latent variable at time ti.
The time series has a length of M.

According to Equation (1), the time series Href of reference cutting behaviors is divided
into Xref, Qref, and Fref,

Xref = [xref(t1), xref(t2), · · · , xref(tM)], (14)

Qref = [qref(t1), qref(t2), · · · , qref(tM)],

Fref = [fref(t1), fref(t2), · · · , fref(tM)],

where Xref denotes the reference tool position sequence, Qref denotes the reference tool
orientation sequence, and Fref denotes the reference cutting force sequence.

Furthermore, the first- and second-order derivatives of the reference positions and
quaternions are calculated,

Vref = [vref(t1), vref(t2), · · · , vref(tM)], (15)

V̇ref = [v̇ref(t1), v̇ref(t2), · · · , v̇ref(tM)],

Ωref = [ωref(t1), ωref(t2), · · · , ωref(tM)],

Ω̇ref = [ω̇ref(t1), ω̇ref(t2), · · · , ω̇ref(tM)],

with

vref(ti) =
xref(ti)− xref(ti−1)

ti − ti−1
, i > 1, (16)

v̇ref(ti) =
vref(ti)− vref(ti−1)

ti − ti−1
, i > 1,

ωref(ti) =
dq(qref(ti−1), qref(ti))

ti − ti−1
, i > 1,

ω̇ref(ti) =
ωref(ti)−ωref(ti−1)

ti − ti−1
, i > 1,

where ti denotes the time with t1 = 0, vref(t1) = 0 m/s, v̇ref(t1) = 0 m/s2, ωref(t1) =
0 rad/s, and ω̇ref(t1) = 0 rad/s2. The unit quaternion representation is adopted to avoid
the orientation singularity. dq(qref(ti−1), qref(ti)) denotes the orientation offset, which
maps the quaternion offset into angular velocity space for derivation.
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2.4. Admittance Control in Joint Space Coupling with DMPs
2.4.1. Dynamic Motion Primitives of Target Cutting Behaviors

(1) Activation Function: Like original DMPs, we convert time variables into phase
space activation signals on [0, 1) through an activation function. We take the Sigmoid
system (17) with upper and lower limits as the activation function

τṡ = αss(1− s), (17)

where s is the phase space activation signal, and αs = 2 log(0.01/0.99). s starts at 0.99 and
decreases to 0.01 at t = τ to simulate neural signal activation and attenuation.

(2) Modified DMPs model: first, considering the transformation relationship between
quaternions and angular velocities, we extend the model proposed by Hoffmann et al. [27]
to the quaternion space and build the following improved DMP model (18) for reference
cutting behavior,

τ2
[

ad
αd

]
=

[
Kp

Kq

] s
(

wT
pg− x + x0

)
+ (1− s)(xg − x)

s
(

wT
qg− dq(q, q0)

)
+ (1− s)dq(qg, q)

− [
Dp

Dq

][
vd
ωd

]
, (18)

with

τ

[
ẋ
q̇

]
=

[
v

η ∗ q/2

]
, τ

[
ad
αd

]
=

[
v̇d
ω̇d

]
(19)

where Kp, Kq, Dp, Dq are constant coefficients. τ is the time scaling factor. x denotes the
end-effector position, x0 the initialing position, and xg the final position. q denotes the
quaternion of the end effector’s orientation, q0 the initialing quaternion, and qg the final
quaternion. v denotes the velocity of the end effector and ω the angular velocity. ad denotes
the acceleration of the end effector and αd the angular acceleration. η is a quaternion with a
scalar part of 0 and an imaginary part of ω. dq : R4 7→ so(3) is the logarithmic mapping of
the quaternion deviation to angular velocity space, as defined in [28]. g denotes the radial
basis vector, and wp and wq are the parameter matrices of N × 3. The nth element of g is
defined as follows

[g]n =
ϕn(s)

∑N
n=1ϕn(s)

, (20)

with,
ϕn(s) = exp(−hn(s− cn)

2), (21)

where ϕn(s) denotes the nth Gaussian radial basis function, hn the width of this basis, and
cn the center of this basis.

The Equation (18) defines a virtual critical damping system with attraction points
[xg, qg]T and [wT

pg, wT
qg]T. [xg, qg]T converges the system towards the final position and

[wT
pg, wT

qg]T adjusts the shape of the motion trajectory. The importance of [xg, qg]T and
[wT

pg, wT
qg]T to the system is weighted by 1− s and s. When t is small, the shape of the

generated trajectory is more important, and as s trends toward 0, convergence to the final
position [xg, qg]T becomes more important.

(3) Learning Parameters: Yp and Yq are the targets derived from the demonstration
trajectory time series,

Yp = [yp(t1), yp(t2), . . . , yp(tM)], (22)

Yq = [yq(t1), yq(t2), . . . , yq(tM)],

with
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yp(t) = −s[xref(t)− xref(t1)] + (1− s)[xref(tM)− xref(t)−
Dpvref(t)

Kp
− aref(t)

Kp
, (23)

yq(t) = −sd(qref(t), qref(t1)) + (1− s)d(qref(tM), qref(t))−
Dqωref(t)

Kq
− αref(t)

Kq
.

The reference trajectory and feedforward force jointly describe the cutting behavior. The
parameter matrices of the nonlinear terms wp and wq are the representations of the cutting
behavior in the parameter space.

wp and wq are learned from the demonstration data by solving the optimization
problems (24),

min
M

∑
i=1
∥wT

pg(si)si − yp(ti)∥ , (24)

min
M

∑
i=1
∥wT

qg(si)si − yq(ti)∥ ,

where, at each time step, i, si represents the activation signal, and g(si) is the corresponding
radial basis vector. The parameter matrices to be solved are denoted as wp and wq. We
utilized the locally weighted linear regression (LWR) method to solve Equation (24) in
this study.

2.4.2. Robot Joints Admittance Control

In this study, we implement the proposed algorithm on an Aubo-i7 robot arm (Shang-
hai, China). The arm has six joints. The controller interacts with the low-level embedded
motion controller of the robot to set and read the joints’ position. The interaction is through
robot operating system (ROS) software architecture and TCP-CAN transparent transmis-
sion at 50 Hz. Regarding the robot body as rigid, we design the following admittance
control law (25) to the joints’ motion for safe and effective cutting.

Kj(θm − θr)−Dj(θ̇m − θ̇r) = ∆τ, (25)

where kj is the joint stiffness coefficient matrix and dj the joint damping coefficient matrix.
θm is the command positions of the joints. δτ is the joints’ torque offsets. We conduct the
following transformation (26) to transform the cutting force offsets in the coordinate system
of the end effector into the joints’ torque offsets

∆τ = JT(Ffb − Fff), (26)

where, Fff is the feedforward force, Ffb is the measured feedback force. Kj and Dj are
calculated by Equations (27) and (28)

Kj = JTΓKJ, (27)

Dj = JTΓ
1
2 DJ, (28)

where D = 2
√

KM, M =

m1 · · · 0
...

. . .
...

0 · · · m6

, K =

k1 · · · 0
...

. . .
...

0 · · · k6

, and Γ =

γ1 · · · 0
...

. . .
...

0 · · · γ6

.

k is the stiffness coefficient matrix on the end effector coordinates, and d is the damping
coefficient matrix on the end effector coordinates. Γ is the stiffness adjustment factor matrix,
and its diagonal elements γ1, . . . , γ6 are the stiffness adjustment factors in the direction
of the corresponding axis of the end effector. The initial values of γ1, . . . , γ6 are all 1. The
stiffness and damping of the admittance control in different directions can be set separately
by changing γ1, . . . , γ6.
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The admittance control converts the end effector force offsets into the angular velocity
of the robot’s joints. Based on the Equations (25)–(28), we propose the following update
law (29) and (30) of the velocities and angles of the joints

θ̇m ← θ̇r + (JTDJ)
−1[

JT(Ffb − Fff)− JTKJ(θm − θr)
]
, (29)

θm ← θm + θ̇mdt, (30)

After that, the joints’ angles are sent to the low-level embedded motion controller of the
robot for execution. This paper does not include a discussion of the low-level embedded
motion controller.

2.4.3. Inverse Velocity Motion Control

The robot updates the reference pose and feedforward force each time step during
cutting. First, it updates v̇d and ω̇d using Formula (18). Moreover, vd and ωd are updated
via numerical integrals (31) [

vd
ωd

]
←

[
vd
ωd

]
+

[
v̇d
ω̇d

]
∆t, (31)

Then, the reference position xd and the reference pose qd are updated

xd ← x +
vd∆t

τ
(32)

qd ← expq(
ωd∆t

2τ
)∗q. (33)

To achieve continuous tracking of the end effector’s motion and avoid joint angle
and velocity limits, we need to solve for the inverse kinematics [29–31] and obtain the
command joint angles θr, as described in Equation (25). In detail, we use the instantaneous
kinetic energy of the robot joints as the cost function. The constraints we take into account
include the first-order forward kinematics of the robot and the physical limitations of the
joint angles and velocities. The joint velocities are then obtained by solving the following
optimization problem

min
θ̇r

θ̇
T
r Mθ̇r, (34)

s.t. Jθ̇r = [vr, ωr]
T, (35)

θmin
r ≤ θr ≤ θmax

r , (36)

θ̇
min
r ≤ θ̇r ≤ θ̇

max
r . (37)

where M is the inertial matrix. Equation (34) is the instantaneous kinetic energy of the joint
to be optimized. Equation (35) is the forward kinematic constraint. Equation (36) is the
constraint on the physical position of the joint angle. Equation (37) is the physical velocity
constraint of the joint. The solution to the above optimization problem is

θ̇opt = J†[vd, ωd]
T. (38)

In Equation (38), the pseudo-inverse J† of the joint Jacobi J is calculated as

J† = M−1JT(JM−1JT). (39)

In this study, we have introduced compensation in Formula (38) to eliminate the cumulative
error of numerical calculation. It ensures that the robot tracks the motions generated by the
modulated DMPs. The final calculation Formula (40) of θ̇r is as follows:
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θ̇r = θ̇opt + J† log6(X
−1
r Xd), (40)

where Xr is the homogeneous matrix of the end effector pose at θr derived from the forward
kinematics of the robot. Xd is the homogeneous matrix of the expected end effector pose,
which corresponds to xd, qd. log6 : SE(3) 7→ R6 is the logarithmic mapping of the robot’s
homogeneous matrix to the twist in motion.

3. Results and Discussion
3.1. Human–Robot Skill Transfer

We train the proposed method on the datasets mentioned in Section 2.2 to demonstrate
its effectiveness and applicability in learning and generating soft tissue cutting behaviors.

It can be observed from Figure 4 that the PCA eigenvector heat maps vary remarkably
in scenarios 1, 2, 3, and 4. This suggests that the latent space variables in Equation (6) are
able to effectively identify the cutting behaviors of four scenarios, although we use PCA to
calculate one-dimensional latent space variables for simplicity.
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Figure 4. PCA Feature Matrix: (a) heat map of PCA eigenvectors in scenario 1, (b) heat map of PCA
eigenvectors in scenario 2, (c) heat map of PCA eigenvectors in scenario 3, (d) heat map of PCA
eigenvectors in scenario 4.

Table 1 shows the explanation rates of GMM, axis weights of PCA, and pose recon-
struction errors of GMR in four scenarios. We find in Table 1 that Scenario 1 has the smallest
difference in axis weights, indicating a more complex contact situation. In this scenario,
there are both contacts between the side of the cutting blade and the ischial surface and
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contact between the cutting blade and the ischial surface. Moreover, it can be observed
from Table 1 that w2 is small among the four scenarios. This indicates that when the side
of the cutting knife is in contact with the rigid medium, the large elastic deformation may
reduce the measured value of the cutting force in this direction. From the perspective of
the interpretation rate, on the one hand, the interpretation rates of Scenarios 4 and 2 are
74.71% and 80.96%, indicating that in these two scenarios, the GMM-GMR module in this
work can effectively represent the cutting behavior in the latent space. On the other hand,
the explanation rates of scenarios 1 and 3 are nearly 50.00%, indicating that in these two
scenarios, the effectiveness of latent space variables in representing cutting behavior can be
further improved.

In addition, in Scenarios 2, 3, and 4, the position reconstruction error is less than
0.05 m, the position reconstruction error of Scenario 3 is close to 0.05 m, and in the four
scenarios, the attitude reconstruction error is less than 0.05 rad. Considering the jitter
and operating accuracy during human demonstrations, this suggests that the latent space
GMM-GMR module can effectively generate the target cutting behaviors for the robot in all
the four scenarios.

Table 1. Results of latent variable encoding and generation

Scenario Samples w1 w2 w3 w4 w5 w6 PEavg (m) OEavg (rad) Ratio (%)

1 4 0.3864 −0.01621 −0.3109 −0.4989 0.4202 −0.5730 0.056 0.032 55.50
2 2 0.4390 −0.06339 0.1329 −0.8468 0.2571 −0.04962 0.038 0.025 80.96
3 2 −0.6637 −0.1099 0.6496 −0.04189 −0.3370 −0.1010 0.030 0.040 48.80
4 30 −0.5927 −0.2432 −0.4050 −0.4467 −0.2707 0.3908 0.047 0.038 74.71

w1, w2, w3, w4, w5, and w6 denote the elements of the PCA eigenvector.

3.2. Foam Cutting Test

We carry out a foam-cutting experiment to verify the reliability and effectiveness of
the proposed framework in adapting to the position changes of the rigid medium under
soft tissue. The robot uses the learned parameters and fixed stiffness coefficient to perform
one cutting each at the loading platform heights of +30 mm, +20 mm, +10 mm, 0 mm,
−10 mm, −20 mm, and −30 mm. The to-be-cut soft tissue (a foam block) is pasted on the
surface of the rigid medium, which is a plastic pad used for food processing. We fix the
plastic pad on the loading robot platform, and the loading robot platform can adjust the
height of the plastic pad by itself. The size of the foam block used is 60 × 50 × 50 mm, and
the height of the plastic backing plate at the beginning of the test is 0 mm. As is shown
in the Figure 5, the cutting process can be divided into four phases, i.e., entering, cutting,
releasing, and returning.

As shown in Figure 6, in each test, the robot successfully separates the foam. The
first phase is 0–5.0 s, the second phase is 5.0–10.5 s, the third phase is 10.5–15.0 s, and the
fourth phase is 15.0–20.0 s. In the first phase, the main contact direction is the Z-axis. The
direction of Fx is negative, the direction of Fy is positive, and the direction of Fz is negative.
On the one hand, the changes in Fx and Fy are small, falling from 0 N to approximately
−5 N and rising from 0 N to approximately 5 N, respectively. Both Fx and Fy are within
the safe range of the force sensor and robot payload. On the other hand, Fz decreases
rapidly. The second phase is the cutting phase. Fy rises from approximately 5 N to 25 N
and maintains the great pressure within the safety range of the force sensor and robot
load. In this phase, Fy is mainly used to apply pressure on the plastic plate to ensure
effective cutting of the thin layer in the boundary between the foam and the plastic plate
and to compensate for the resistance of the plastic backing plate to the cutting tool. Fx
further dropped from −5 N to −10 N. Ty and Fx have similar trends. Both Fx and Ty are
close to the data during human demonstration. Fx and Ty are mainly derived from the
demonstration. When demonstrating, the plane of the blade and the plastic plate are not
perpendicular. The third stage is the release stage. The cutting force of each axis gradually
returns to 0 N. From the perspective of motion, there is only a minor deviation between the
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test trajectories and the demonstration trajectories. This shows that after the cutting blade
leaves the plastic plate and foam, the IVAC algorithm can effectively adjust the motion
trajectories and reduce the offset between the target trajectory and the actual trajectory.

(a) phase 1: entering

frame 1 frame 2 frame 3 frame 4 frame 5 frame 6

(c) phase 3: releaseing 

(b) phase 2: cutting

(d) phase 4: returning (e) frame 4 zoomed in

frame 7 frame 8 frame 9 frame 10 frame 11 frame 12

Figure 5. Scheme of foam cutting process. (a) The cutting tool cuts into the foam toward the front
and comes into contact with the plastic plate in the entering phase. (b) The robot then splits the foam
from front to back in the cutting phase. (c) After cutting, the blade leaves the plastic plate and foam.
(d) Finally, the robot returns to the start position and orientation through free movement. (e) frame 4
zoomed in showing the cutting trajectory.

Table 2 presents the maximum, minimum, and average forces on each axis of the force
sensor during robot cutting at different platform heights, as well as the reference values
measured during human teaching. When the platform height is lower than −10 mm, its
amplitude is close to the human demonstration. As the platform height increases, The
amplitude of Fz is also larger. However, in each test, Fz is still within the safe range of the
force sensor and robot load.

Table 2. Foam cutting forces during robot cutting at different platform heights.

+30 mm +20 mm +10 mm +00 mm −10 mm −20 mm −30 mm Human

Fx

maximum 2.459 1.646 0.285 0.233 0.245 0.248 0.317 0.682

minimum −9.376 −9.301 −9.054 −8.683 −8.583 −8.548 −8.235 −10.271

average −2.560 −2.582 −2.579 −2.383 −2.286 −2.227 −2.158 −3.177

Fy

maximum 34.400 33.778 32.592 31.604 30.917 30.180 29.119 36.452

minimum −0.063 −0.155 0.001 −0.031 −0.031 −0.133 −0.237 −0.189

average 12.463 11.747 11.136 10.558 10.200 9.749 9.202 12.985

Fz

maximum 20.068 20.783 13.843 12.388 13.660 15.097 13.447 13.313

minimum −21.865 −19.712 −22.068 −19.825 −16.831 −13.500 −12.252 −11.229

average 2.289 2.698 1.468 0.923 1.467 2.161 2.039 2.084

Tx

maximum 0.028 0.004 0.004 0.003 0.003 0.004 0.008 0.016

minimum −9.282 −9.112 −8.871 −8.682 −8.548 −8.392 −8.178 −8.478

average −3.237 −3.105 −2.940 −2.827 −2.741 −2.658 −2.540 −2.747

Ty

maximum 0.727 0.485 0.046 0.044 0.044 0.048 0.061 0.041

minimum −2.371 −2.335 −2.315 −2.280 −2.259 −2.249 −2.215 −2.241

average −0.653 −0.643 −0.635 −0.619 −0.607 −0.598 −0.571 −0.657

Tz

maximum 0.003 0.003 0.002 0.006 0.004 0.002 0.003 0.001

minimum −0.227 −0.227 −0.204 −0.217 −0.213 −0.204 −0.192 −0.202

average −0.047 −0.040 −0.036 −0.036 −0.038 −0.037 −0.033 −0.041
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(a) force in X axis (b) torque in X axis (c) position offset in X axis (d) Orientation offset in X axis

(e) force in Y axis (f) torque in Y axis (g) position offset in Y axis (h) orientation offset in Y axis

(i) force in Z axis (j) torque in Z axis (k) position offset in Z axis (l) orientation offset in Z axis

Figure 6. Robot cutting force and motion. (a) force in X axis, (b) torque around X axis, (c) position in
X axis, (d) rotation angle around X axis, (e) force in Y axis, (f) torque around Y axis, (g) position in Y
axis, (h) rotation angle around Y axis, (i) force in Z axis, (j) torque around Z axis, (k) position in Z
axis, (l) rotation angle around Z axis. ‘mean’ denotes the average curves of cutting forces, torques,
positions, and orientations. ‘learned’ denotes the desired curves of cutting forces, torques, positions,
and orientations learned from the demonstration. The first and second columns show the robot
cutting forces and torques at different platform heights. The third and fourth columns show the
position and orientation of the robot end effector at different platform heights.

The above results suggest that the proposed IVAC algorithm can adapt to different
platform heights quickly by changing its motion trajectory and has a wide adjustment range.
The proposed framework can ensure that the cutting force is within a safe range, which is
suitable for cutting when the position of the rigid medium under soft tissue is uncertain. It
can also be found from the results that the cutting force errors of the same axis are quite
different at different execution phases. It suggests that the optimal stiffness differs from
phases and axes during execution. Follow-up research can consider the optimization of the
stiffness coefficients of IVAC through reinforcement learning or variable admittance control.

3.3. Sheep Hindquarters Separation Test

This study carries out a sheep hindquarter separation test to evaluate the effectiveness
of the proposed framework in the meat cutting scenario. The separation processes of the

Figure 6. Robot cutting force and motion. (a) force in X axis, (b) torque around X axis, (c) position in
X axis, (d) rotation angle around X axis, (e) force in Y axis, (f) torque around Y axis, (g) position in Y
axis, (h) rotation angle around Y axis, (i) force in Z axis, (j) torque around Z axis, (k) position in Z
axis, (l) rotation angle around Z axis. ‘mean’ denotes the average curves of cutting forces, torques,
positions, and orientations. ‘learned’ denotes the desired curves of cutting forces, torques, positions,
and orientations learned from the demonstration. The first and second columns show the robot
cutting forces and torques at different platform heights. The third and fourth columns show the
position and orientation of the robot end effector at different platform heights.

The above results suggest that the proposed IVAC algorithm can adapt to different
platform heights quickly by changing its motion trajectory and has a wide adjustment range.
The proposed framework can ensure that the cutting force is within a safe range, which is
suitable for cutting when the position of the rigid medium under soft tissue is uncertain. It
can also be found from the results that the cutting force errors of the same axis are quite
different at different execution phases. It suggests that the optimal stiffness differs from
phases and axes during execution. Follow-up research can consider the optimization of the
stiffness coefficients of IVAC through reinforcement learning or variable admittance control.
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3.3. Sheep Hindquarters Separation Test

This study carries out a sheep hindquarter separation test to evaluate the effectiveness
of the proposed framework in the meat cutting scenario. The separation processes of the
left hind leg of the hindquarter are selected as the test scenarios. In the test, the robot
needed to cut the leg muscles along the hip bone (ilium and ischium) of the hindquarter
to separate the left hind-leg from the hip bone. To complete the separation, the robot uses
the proposed IVAC algorithm and the learned skill to perform cutting in Scenarios 1–3
sequentially. We prepare two sheep hindquarters for testing.

The separation effects are shown in Figure 7; the robot successfully separates the
hip bone and hind-leg of the sheep carcass. The hind-leg of the divided sheep carcass is
relatively complete, and there is only a little meat left on the hip bone. Moreover, no bone
cracks appeared during the separation processes, and there is no collision accident between
the cutting tool and the bone. This indicates that the cutting by the robot is compliant
and accurate.

(a) scenario 1 (b) scenario 2  (c) scenario 3: 

left leg  right leg  

left leg  right leg  
left leg  

right leg  

Figure 7. Effects of hindquarter separation. (a) Scenario 1: cutting the medial hind-leg muscles
attached with the ischium ventral. (b) Scenario 2: cutting the lateral hind-leg muscles attached
with the ischium dorsal. (c) Scenario 3: cutting the lateral hind-leg muscles attached with the ilium
dorsal. The yellow-colored area represents the cut muscles, and the blue-colored area represents the
ischium bone.

Table 3 shows the meat residual rate (RR), maximum residual meat thickness, and
maximum absolute value of cutting force. The maximum residual meat thickness is used to
characterize the adaptive performance of IVAC. The smaller the maximum residual meat
thickness, the better the adaptive performance of IVAC when there are differences in shape
and size between the test sample and the teaching sample. The maximum absolute value of
the cutting force reflects the cutting resistance under the premise of completing the cutting.
The smaller the value, the higher the cutting efficiency. Moreover, RR is defined as the ratio
of the weight of the residual hind leg meat on the hip bone of the sheep carcass to the total
weight of the separated hind-leg. RR evaluates the loss of high-value leg meat during the
cutting process. The smaller the value, the less the loss. RR is calculated with Equation (41)

RR =
2.0×mres

mres + mleg
× 100%, (41)

where RR denotes the residual rate, mres denotes the weight of the residual hind-leg meat
on the hip bone, and mlegdenotes the weight of the separated hind-leg.

According to Table 3, the maximum residual meat thickness of sample 1 is 3.1 mm
and sample 2 is 3.8 mm, both of which are less than 5 mm. The segmentation residual rates
of samples 1 and 2 are 5.6% and 4.8%. The results indicate that the proposed method can
segment sheep carcasses well and has good generalization and effectiveness. In addition,
the maximum residual meat thickness and segmentation residual rate obtained in the
experiment are small, indicating that the segmentation accuracy is high enough to segment
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the hind-legs of sheep carcasses. The last four rows of Table 3 are the absolute maximum
value of the cutting force in the directions of Fx, Fy, Fz, and Tx. It can be observed from
Table 3 that the largest absolute values of the cutting force in each axis of samples 1 and
2 under the three scenarios are all within the safe range of the robot and the force sensor.
This suggests that the proposed method can not only ensure that the cutting depth and
residual rate meet the process requirements but also avoid excessive cutting force through
adaptation. The proposed framework can realize the human–robot skill transfer in the
sheep hindquarters separation test.

Table 3. Performance of sheep carcass hindquarter cutting test from 2 samples.

Criete
Sample 1 Sample 2

Scenario 1 Senario 2 Scenario 3 Scenario 1 Scenario 2 Scenario 3

Weight [kg] 5.18 6.30
RR [%] 5.6 4.8

Maximal thickness [mm] 3.1 3.8

|Fx|max[N] 6.461 3.056 4.072 7.655 7.441 4.787
|Fy|max[N] 30.719 24.780 15.972 31.981 27.404 20.432
|Fz|max[N] 17.968 21.855 4.185 30.686 22.858 5.004
|Tx|max[N] 5.708 4.971 3.803 5.726 5.2870 4.808

Figure 8 shows the cutting forces and torque curves of cutting sample 1 to illustrate
the similarity between robot cutting and the human demonstration. The first column of
Figure 8 shows the results of cutting scenario 1. (a) The robotic cutting force tendency of
each axis is consistent with the reference curve measured in the human demonstration,
indicating that the robot can imitate the human cutting behavior well. (b) The robot cutting
force measured is close to the humans demonstration. (c) The maximum robot cutting force
in the Fz direction (200 steps) is greater than the human cutting force. However, it is still
within the safe range of the robot and force sensor. This suggests that the proposed method
can perform cutting efficiently and avoid excessive cutting force.

The values in the second column of Figure 8 are curves in scenario 2. Meanwhile,
the tendency and amplitude of the robot’s cutting force Fy, Fz, Tx are very close to that of
human cutting. As is shown in the third column of Figure 8, the tendency and amplitude
of the robot cutting force are near human, and the vibration of robot cutting is greater in
scenario 3. Additionally, Figure 8 shows that the total separation time of the hind-leg is
nearly 30 s. This suggests that the proposed method has practical efficiency compared with
manual cutting.
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Figure 8. Cutting force and torque variation curve of cutting sample 1. (a) Fx in Scenario 1, (b) Fx in
Scenario 2, (c) Fx in Scenario 3, (d) Fy in Scenario 1, (e) Fy in Scenario 2, (f) Fy in Scenario 3, (g) Fz in
Scenario 1, (h) Fz in Scenario 2, (i) Fz in Scenario 3, (j) Tx in Scenario 1, (k) Tx in Scenario 2, (l) Tx in
Scenario 3, (m) Ty in Scenario 1, (n) Ty in Scenario 2, (o) Ty in Scenario 3, (p) Tz in Scenario 1, (q) Tz in
Scenario 2, (r) Tz in Scenario 3. The first column shows the results of Scenario 1. The second column
shows the results of Scenario 2. The third column shows the results of Scenario 3.

4. Conclusions

The meat industry requires automation due to labor shortages and inefficiencies.
Traditional 2D methods are limited when cutting complex 3D anatomy structures, such as
sheep hindquarters. Compliant cutting in a 3D space can precisely separate the meat tissue
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from the bones but lacks flexibility. A multi-demonstration HRST framework is proposed
to address these challenges, reduce cutting force, and minimize meat loss. This method
potentially benefits flexible and generalized robot skill learning in interaction tasks, which
provides an alternative approach for harvesting high-value cuts and increasing yields in
meat industries. Multi-demonstrations of cutting are encoded through the latent space
GMM-GMR module to generate the target cutting behaviors for robot, which enables the
generalization to meat parts and sizes. The IVAC-DMP control provides the flexibility of
modulating robot joint motion during cutting and avoids excessive cutting forces.

The experimental results show that the latent space GMM-GMR can effectively extract
cutting skills from multi-demonstrations. The foam-cutting test results show that the IVAC
module can adapt to the position changes of the rigid medium under soft tissue reliably and
efficiently. The sheep hindquarters separation test result shows that the maximum residual
meat thickness of sample 1 and 2 are 3.1 mm and 3.8 mm. The residual rates of samples 1
and 2 are 5.6% and 4.8%. Both meet the requirements of the sheep hindquarter separation.

There are several limitations to the proposed framework. First, the current PCA
representation of cutting behavior may not be completely accurate. In the future, it may
be beneficial to use models with stronger representation capabilities, e.g., variational
autoencoder to improve the accuracy of the latent space representation. Second, the
demonstrating scenarios used in this study are limited to cutting sheep hindquarters and
foam blocks. To extract more generalizable semantic cutting skills, future studies could
apply the framework to broader tissue-cutting tasks by training with larger-scale datasets
from various meat pieces over longer epochs. Finally, the IVAC module utilized fixed
admittance parameters. To improve interaction flexibility, future studies could apply
variable AC or IC to provide optimal stiffness at different stages of the cutting process and
in different cutting directions.
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Abbreviations
The following abbreviations are used in this manuscript:

HRST Human–robot skill transfer
AC Admittance controller
IC Impedance controller
IV Inverse velocity
IKS Inverse kinematics solving
IVAC Inverse velocity admittance control
DMP Dynamic movement primitive
CMP Compliant movement primitive
DLB Dementia with Lewy bodies
GMM Gaussian mixture model
GMR Gaussian mixture regression
PCA Principal components analysis
LWR Locally weighted linear regression
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ROS Robot operating system
MLA Meat and Livestock Australia
AMPC Australian Meat Processor Corporation
EM Expectation maximization
DTW Dynamic time warping
CMP Compliant movement primitive
SEDS Stable Estimator of Dynamical Systems
DMRI Danish Meat Research Institute
sEMG Surface electromyography
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