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Abstract: Robots are essential for carrying out tasks, for example, in a nuclear industry,
where direct human involvement is limited. However, present-day nuclear robots are
not versatile due to limited autonomy and higher costs. This research presents a merely
teleoperated DexterTM nuclear robot’s transformation into an autonomous manipulator for
nuclear sort and segregation tasks. The DexterTM system comprises a arm client manipula-
tor designed to operate in extreme radiation environments and a similar single/dual-arm
local manipulator. In this paper, initially, a kinematic model and convex optimization-based
dynamic model identification of a single-arm DexterTM manipulator is presented. This
model is used for autonomous DexterTM control through Robot Operating System (ROS).
A new integration framework incorporating vision, AI-based grasp generation and an
intelligent radiological surveying method for enhancing the performance of autonomous
DexterTM is presented. The efficacy of the framework is demonstrated on a mock-up
nuclear waste test-bed using similar waste materials found in the nuclear industry. The
experiments performed show potency, generality and applicability of the proposed frame-
work in overcoming the entry barriers for autonomous systems in regulated domains like
the nuclear industry.

Keywords: nuclear robot; sorting and segregation; object detection; dynamics identification;
pick and place; radiation detection; teleoperation

1. Introduction
Nuclear reactors are often preferred over fossil fuels for efficient and sustainable large-

scale power generation without refueling for a long time. Developing nations worldwide
consider nuclear energy as one of the most important energy sources for meeting growing
energy demands [1]. Even though nuclear energy production contributes towards clean
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energy, the disposal of nuclear wastes efficiently and safely is challenging [2]. In addition
to that, efficient methods for decommissioning and clean-up of aging nuclear reactors, for
example, Sellafield (UK) [3], and technology developments for handling nuclear disasters,
for example, Fukushima (Japan) [4], are in need. The Nuclear Decommissioning Authority
(NDA) oversees many legacy facilities in the UK that are in the process of being decom-
missioned and with rising nuclear wastes the scale of the problem is enormous [5]. Safe,
effective and optimized waste management is a significant part of these long-term nuclear
maintenance or decommissioning tasks. The radioactive wastes in nuclear power plants
are commonly classified as High-Level Waste (HLW), Intermediate-Level Waste (ILW),
Low-Level Waste (LLW) and Very Low-Level Waste (VLLW), according to the nature of
material, level of radioactivity and the heat produced [6]. In order to facilitate a waste
management strategy, these wastes needed to be sorted and segregated for optimal packing.
Currently, these materials are handled by trained operators wearing personal protective
equipment (PPE) [7] or by remotely controlled robots [8]. The human-led nuclear waste
handling tasks are challenging due to proximity to radioactive wastes, limited efficiency,
and high time consumption. In order to address these challenges, methodologies using
robotic technologies have emerged to find ways to perform safe and efficient handling of
nuclear materials.

Several attempts have been made earlier using robots [9–12], but robotic sorting and
segregation of nuclear wastes are seldom reported in the literature. The Joint European
Torus (JET) machine employs a human-in-loop approach for teleoperating the robotic
boom and a dual-arm robotic system inside the JET Torus [13]. A robotic arm mounted
on a mobile robot, Hydro-Lek, for nuclear decommissioning tasks is presented in [14,15].
Hydro-Lek is a seven degrees-of-freedom (DoF) hydraulic manipulator with a continu-
ous jaw rotation mechanism designed to grasp objects and cut ropes. The Oak Ridge
National Laboratory’s Advanced Servomanipulator System and Dual-Arm Remote Saw-
ing Manipulator System are task-specific robotic systems designed for specific nuclear
decommissioning applications [16]. A modular robotic system for Reactor Core Detector
Removal was presented in [17] for positioning, extracting, transporting, cutting and coiling
tasks. As robotics- and artificial-intelligence-based computer vision technologies [18–20]
have advanced through industrial automation, it is now clear that autonomous robotics
can also play a key role in nuclear waste sort and segregation applications. Refs. [21,22]
presented industrial non-nuclear waste sorting robotic methodologies using KUKA arms
and a 4-DoF fast Parallel robot. Conventional robotic mechanisms and motion planning
approaches work well for structured or semi-structured environments [23]. However, in
harsh environments, the precarious nature of the physical tasks involved and regulatory
constraints impose several other challenges in terms of deploying commercial robots for
nuclear clean-up. A recent survey on challenges for future robotic sorters suggested the
requirement for a highly dexterous dual-arm robotic systems for efficient sorting of un-
structured and heap of objects [24]. Even though there is advancement in image-based
detection of waste objects and environmental monitoring using computer vision and AI,
developing a new autonomous dexterous robotic system specifically for the sorting and
segregation of nuclear waste is challenging.

Robotic remote operation technologies under human supervision are needed to per-
form hazardous decommissioning and sorting activities. For faster development and to
overcome the entry barriers in a highly regulated nuclear domain, the authors solve the
problem by building a novel solution to further automate and induce intelligence to the
existing commercial DexterTM teleoperation system by Veolia Nuclear Solutions (VNSs),
Oxford, UK. A new methodology for switching from teleoperation to autonomous oper-
ation is presented based on rigorous system identification and dynamic modelling. This
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paradigm shift allows a quicker and more efficient introduction of shared autonomy into
the previously manual tasks. Industrial manipulators are generally designed for structured
and predictable factory environments. In contrast, DexterTM is specifically developed
for extreme and hazardous environments, including high-radiation nuclear decommis-
sioning sites, where human intervention is either unsafe or impractical. While industrial
robots primarily operate in fully autonomous or pre-programmed modes, DexterTM is a
teleoperated system with a human-in-the-loop architecture. It employs a kinematically
identical local and remote arm setup, allowing an operator to manipulate the remote arm
in real-time. This feature is critical for responding to unexpected conditions in dynamic
and unstructured nuclear environments. Dexter incorporates cable-driven joints and gear-
driven mechanisms. This is a significant departure from conventional industrial robots,
which predominantly rely on direct-drive, gear-drive or harmonic-drive actuators. The
cable-driven system enhances flexibility, but introduces complexities in dynamic modeling,
requiring precise system identification and compensation strategies.

The DexterTM manipulator comprises cable-driven joints, complex gear assembly
and parallel linkages. Identifying the dynamics of such a system is not straightforward
and requires precise modelling and system identifications. Dynamical model parameter
identification of the DexterTM manipulator through excitation trajectories is one of the
major contributions of this paper. The complex friction model and joint elasticity of
cable-driven joints are also considered to obtain a comprehensive dynamic model through
constrained optimization. This enables the DexterTM to perform sort and segregation tasks
autonomously. The new framework presented realised object identification, classification,
tracking, robotic grasping, sorting and packaging of nuclear wastes according to the
radiation levels. For more complex grabs and tangled wastes, the integrated system would
also have the ability to call on the expertise of a skilled operator to take over the task for
manual operation; the remote DexterTM robot will replicate the operator’s movements
on the local DexterTM. By sharing the tasks between human and computer intelligence,
this approach offers a step change in safety and efficiency through limited intervention
by operators for complex tasks. This methodology will enable accelerated adoption of
automation and autonomy in extreme environments without rigorous changes in highly
regulated sectors.

This paper first introduces the DexterTM robotic teleoperation system, and the sort and
segregation experimental setup is proposed in Section 2. In Section 3, an outline of the
proposed sort and segregation framework is presented. Section 4 elaborates on the modeling,
system identification, and control of the DexterTM for autonomous operation. The sensor
integration and autonomous procedures for the radiation scanning, sorting, segregating, and
packing of the wastes are described in Section 5. Section 6 covers experimental verification
and validation, and finally, the concluding inferences are stated in Section 7.

2. Preliminaries and System Overview
This section presents relevant preliminary details that define the baseline architecture

and building blocks of the new framework covered in Section 3. Initially, the DexterTM,
a commercial haptic-enabled and radiation-hardened teleoperated robotic platform, is
introduced. Later, an overview of the experimental setup is provided, which accomplishes
autonomous nuclear sort and segregation activities.

2.1. DexterTM Teleoperation System

DexterTM, in Figure 1, is an exemplar of a collection of telemanipulation capabilities
purposed for extremely hazardous environments, notably extreme radiation [13]. The
DexterTM system is primarily developed for Human-in-Loop operations using kinemati-



Machines 2025, 13, 214 4 of 25

cally identical local and remote arms, the former in a safe operations centre and the later in
a hazardous operational environment. The Mascot (the predecessor to DexterTM) started
life as an indispensable part of the Joint European Torus (JET) nuclear fusion program’s
remote handling operation and it supports the nuclear fuel debris retrieval from a stricken
reactor at the Fukushima Daiichi nuclear power plant in Japan. VNS’s DexterTM is a system
that is able to repair, maintain and/or re-tool a larger complex mechanical system, includ-
ing the ability to respond to unforeseeable upset conditions. In essence, this high-value
system provides an insurance policy guaranteeing that the system can be kept in service
despite not being accessible to humans. In addition to that, a real-time control system and
RTServiceLibrary provides features like system redundancy and fault tolerances through
various services like high priority process execution, non-blocking mechanisms for network
communication and a tree structure for different levels of fault abstraction [25]. The human
operator performs the tasks with the local manipulator, which the remote manipulator
replicates in real time in the remote location. The remote manipulator can be positioned
up to 8 km from the local manipulator using only data cables and there is no mechanical
connection between the two systems. One of the key features of the DexterTM arm is that the
arm can be considered as a straightforward replication of the operator’s arms. The human
operator can prepare for tasks and carry them out almost exactly as if they were intervening
in the environment directly. Along with the extreme smoothness, responsiveness, and
sensitive force, the feedback of the arms coupled with camera feedback creates a sense of
“Telexistence” for the operator.

Figure 1. A schematic of DexterTM teleoperation system architecture comprising local and
remote manipulators.

A single arm of DexterTM system comprises all revolute joints to exhibit 6-DoF motion.
The first three joints are driven by a gear system and last three joints are cable-driven
by a two-finger end-effector. The electrical actuators responsible for each joint motions
are placed together at the base of the DexterTM in a specialised configuration with in a
protective casing. This is beneficial for reliable operations in a nuclear environment where
radiations and high temperatures will effect the electrical systems. In order to achieve heavy
load carrying capacity, a specialised parallelogram mechanism is also provided between
joints one and three. For transforming this torque-controlled DexterTM teleoperation system
to the autonomous system, where currently the remote arm joint positions follow local
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arm joint positions, an accurate kinematic and dynamical model has to be obtained. The
dynamical model identification of DexterTM robot is challenging considering the above
mentioned configurations and specialised actuation mechanisms. Further, the frictions in
joints and the elasticity of cables bring additional challenges in model identification.

2.2. Sort and Segregation Experimental Setup Overview

The experimental setup comprising DexterTM local and remote arms is shown in
Figure 2a. The remote system is isolated to perform complete sort and segregation opera-
tions safely similar to a nuclear environment. As shown in Figure 2b, sensors and sorting
tables are placed within the worspace of remote arm for performing autonomous opera-
tions. In order to obtain the 3D information of the object, two industrial grade SICK sensors
are placed facing towards the robot workspace in an eye-to-hand configuration. Initially,
the sorting table is loaded with all the waste objects that need sorting. Once a waste object
is picked up and its characteristics identified, it will be deposited in ILW, LLW or recycling
trays, as shown in Figure 2b. Since the robot base is stationary, a trolley mechanism man-
ually moves the corresponding trays into the robot’s workspace after characterizing the
waste item.

Figure 2. The experimental setup comprising a mock-up of nuclear waste sorting test-bed. (a) DexterTM

local and remote arms. (b) Remote arm with associated sensors and sorting table.

3. Outline of Proposed Framework
The new framework presented in this paper aims to advance the autonomy and au-

tomation of DexterTM system and integrate it with advanced characterization and tracking
technologies to identify, classify, transfer and package waste items commonly found in the
nuclear industry. Figure 3 shows a top-level system process flow for a nuclear sort-and-
segregation task using the DexterTM system, which comprises various control modules,
as shown in Figure 4. The low-level control module consists of DexterTM kinematic and
derived dynamic models, and position controllers. Using the ROS framework, various
submodules and Task Groups (TGs) are interconnected for task transitions, sensor inter-
faces, safety, teleoperation and Digital Twin in the middle-level control. The GUI enables
an interface to control various control tasks in middle-level control and also act as an
information display system for the operator to make decisions. The system is designed
such that high priority is given for system and operation safety of robot through process
control. The process control is also responsible for identification of various failure modes,
such as object slip and drop, and failure to generate feasible trajectory to desired pose. The
failure modes will generate corresponding flags in the GUI for the operator to intervene
and take necessary actions.
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Figure 3. Top-level system process flow for DexterTM system-based nuclear sort and
segregation application.

Figure 4. Nuclear sort and segregation system architecture.

4. Robot Modelling, Identification and Control
This section initially describes DexterTM’s kinematic model and an analytical formu-

lation of dynamic equations, including friction and joint elasticity components. Next, a
system identification procedure is presented for obtaining reliable dynamic parameters.
Finally, a joint space position controller is implemented using a pre-computed feed-forward
torque controller.
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An open kinematic chain of DexterTM joint frames, shown in of Figure 5, is considered
for obtaining the minimal kinematic model of the robot. The calculated Denavit–Hartenberg
(DH) notation-based kinematic parameterization of the DexterTM is provided in Table 1,
where ai, di and qi are corresponding link lengths, offsets and joint angles of DexterTM, as
shown in Figure 5.

Figure 5. Frame definition of the DexterTM manipulator.

Table 1. DH parameters of DexterTM robot.

Joint ai αi di θi

1 0 π/2 0 q1 − π/2

2 0 −π/2 d2 q2

3 a3 π/2 0 q3 + π/2

4 0 π/2 d4 q4

5 a5 −π/2 0 q5 − π/2

6 0 −π/2 d6 q6

4.1. DexterTM Kinematic and Dynamic Model

The motion of the 6-DoF DexterTM manipulator can be described by the general rigid
body dynamics as in (1)

τ = M(q)q̈ + C(q, q̇)q̇ + G(q) + τ f + τe, (1)

where q, q̇, q̈, ∈ R6 represent the joint position, velocity and acceleration vectors, respec-
tively. M(q) ∈ R6×6 represents the mass/inertia matrix containing respective mass mi

and inertia tensors Ii. C(q, q̇) ∈ R6×6 contains the corresponding Coriolis and Centrifugal
forces/torques. The terms G(q) and τ ∈ R6 are the gravitational force and input torque
vectors, respectively.

To accurately model DexterTM’s behavior, two additional terms, τ f and τe, are intro-
duced to capture frictional effects and joint elasticity, respectively. Given that DexterTM op-
erates in a constrained nuclear environment where motions are generally slow, the Striebeck
effect becomes more pronounced, making a complex friction model necessary [26]. The
joint friction term τ f ∈ R6 is therefore modeled as

τ f =
((

Fc + (Fs − Fc)e−|q̇|/q̇s
)
+ Fvq̇

)
, (2)
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where Fs, Fv, Fc and q̇s represent static, viscous, Coulomb and Striebeck constants,
respectively [27].

Additionally, joint elasticity is considered due to the cable-driven actuation mechanism
used in DexterTM. The flexibility in the cables introduces compliance in the joints, which is
modeled as a stiffness term:

τe = Kq, (3)

where K ∈ R6×6 is a diagonal stiffness matrix.
The identification of dynamic parameters for DexterTM includes these additional fric-

tion and elasticity terms, which are essential for achieving accurate torque control. The
presence of complex gear systems and cable-driven actuation necessitates a precise estima-
tion of these parameters. Since the parameter identification process involves a constrained
optimization problem, we employ a well-established convex optimization algorithm to
ensure robust and physically consistent parameter estimation [26]. This optimization ap-
proach allows for an efficient solution while maintaining feasibility constraints imposed by
the robot’s physical limitations.

4.2. Dynamic Model Parameter Identification

The Dynamical parameter identification [28] is a crucial part in the process of trans-
forming purely teleoperated DexterTM robot to an autonomous system. The direct identifi-
cation of model parameters are not straightforward considering the advanced DexterTM

robot mechanisms. Therefore, data collected by actuating the DexterTM manipulator using
excitation trajectories are used to identify the dynamical model parameters through convex
optimization. An outline of the parameter identification procedure is shown in Figure 6.

Robot 
Dynamic 

Modelling

Optimal 
Excitation 
Trajectory 
Generation

Trajectory 
Excitation 
and Data 
Collection

Parameter 
Identification

Model 
Validation Identified 

Parameters

Symbolic Model

Retry

Symbolic 
Model

Excitation 
Trajectories

Training 
Data

Test Data

Figure 6. Dexter dynamic model parameter identification process.

From the generic dynamic model of the DexterTM robot (1), the unknown parameters
that needs to be identified for ith link are mass mi, Center-of-Mass (CoM) li = [lx, ly, lz],
inertia parameters (Iixx, Iixy, Iixz, Iiyy, Iiyz, Iizz), friction constants (Fis, Fic, Fiv) and stiffness
constant Ki. In total 84 parameters need to be identified for a 6-DoF DexterTM manipulator.

For simplicity, (1) is represented in the linear form [29] by

τ = H(q, q̇, q̈)β, (4)

where H ∈ R6×84 represents a regression matrix and β ∈ R84 represents the unknown
dynamic parameters vector. From the DexterTM robot’s physical configuration its under-
standable that not all dynamical parameters will contribute to the dynamic model and
becomes zero. Hence, a minimum set of identifiable parameters is obtained from (4) using
numerical QR decomposition method [30]. The dynamic equation with reduced number of
parameters (r = 57) can be represented as

τ = Hr(q, q̇, q̈)βr, (5)
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where Hr and βr are the reduced regression matrix and vector of the identifiable dynamic
parameter set. From an excitation trajectory qi(t), where t = t1, t2, . . . , tk time step, and us-
ing the collected joint position, velocity, acceleration and torque values, the linear equation
in (5) can be represented as

τ =


τ(t1)

τ(t2)
...

τ(tk)

 = Heβr, (6)

where He is an extended regression matrix

He =


Hr(q(t1), q̇(t1), q̈(t1))

Hr(q(t2), q̇(t2), q̈(t2))
...

Hr(q(tk), q̇(tk), q̈(tk))

. (7)

4.2.1. Identification by Minimization

The dynamical parameter estimation is posed as a minimization problem between
measured torque vector τm and predicted torque vector τ in (6) using an excitation tra-
jectory. The parameter identification is performed by solving the following constrained
optimization problem

min
βr

||τm − Heβr||2 βr ∈ D

subject to
{

h(βr),
(8)

where h(βr) represents the constraints and D denotes search space. In order to ob-
tain a physically feasible parameter set following physical consistency constraints, h(βr)

is defined.

• The mass of the links must be positive definite: m > 0;
• The inertia tensors must be positive definite I > 0,;
• Eigenvalues of the inertia tensors (σx, σy, σz) must satisfy triangle inequality conditions

σx + σy > σz, σx + σz > σy, σy + σz > σx, as in [31];
• The mass center should remain in its convex hull that is mllb < li and mlub > li [32],

where llb and lub represents lower and upper bounds of the li, respectively;
• The stiffness of the spring is positive definite: K > 0.

4.2.2. Optimal Excitation Trajectory Generation

It is important to ensure that the excitation trajectories provided to the DexterTM must
induce all the modeled dynamical effects for accurate parameter identification. Therefore,
finite Fourier series-based excitation trajectories are used to obtain variable amplitudes and
frequencies. Using Fourier series functions the angular position trajectories of ith joint can
be written as

qi(t) =
N

∑
n=1

an,i

w f n
sin(w f nt)− bn,i

w f n
cos(w f nt) + q0,i , (9)

where w f , N and q0,i are the frequency and the number of harmonics and initial joint angles,
respectively. an,i and bn,i are trigonometric term constants and 2N + 1 parameters have to
be identified per joint. Since the joint angle’s range and workspace of DexterTM manipulator
is limited, another constrained nonlinear optimization is performed in order to generate
sufficiently rich trajectories. Minimizing the condition number of the regression matrix
He [33] is defined as an objective function towards this with joint and pose constraints:
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arg min cond(He)

subject to


qmin ≤ q ≤ qmax,

q̇min ≤ q̇ ≤ q̇max,

q̈min ≤ q̈ ≤ q̈max,

smin ≤ s ≤ smax,

(10)

where s represent task space end-effector positions.

4.3. Position Control System Design of DexterTM

Advanced control methods are required for highly nonlinear robots like DexterTM

for accurate and efficient trajectory execution. The computed torque control method
with linearization for compensating the robot dynamics is one of the common nonlinear
control methods [34]. Instead of altering the DexterTM’s internal low-level torque control
architectures, an offline calculated feed-forward computed torque controller is utilized in
this research.

Based on the desired joint trajectories (qd, q̇d, q̈d), predicted joints torques are obtained
offline using (1). The controller then applies these predicted joints torques to DexterTM

joints together with a Proportional–Integral–Derivative (PID) control, as shown in Figure 7.
The joint control command u for the DexterTM system can be written as the following:

u = M(qd)q̈d + C(qd, q̇d)q̇d + G(qd) + τ f (q̇d)

+τe(qd) + Kpe + Kd ė + Ki

∫
e, (11)

where joint error e is defined as qd − q and Kp, Kd, Ki are PID gains.

Figure 7. Joint-space feed-forward nonlinear control scheme.

4.4. Motion Planning and Trajectory Generation

For generating optimal motion trajectories on DexterTM robot in order to reach desired
positions, Open Motion Planning Library’s (OMPL’s) Rapidly Exploring Random Tree
(RRT*) algorithm is utilised through ROS [35]. The implemented motion planner considers
joint limits, singularities and self-collisions of DexterTM manipulator. In order to avoid
collisions with objects in the DexterTM workspace, a 3D occupancy grid map (Octomap) of
the environment is also generated and included in the planner. The real-time point cloud
input of the environment is obtained from depth cameras. Figure 8 presents the point
cloud of the environment generated on the test setup described in Section II(B) for optimal
trajectory generation with collision avoidance.
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Figure 8. Octomap of the environment and ROS-Rviz simulation model.

5. Autonomous Object Grasping and Packing
Autonomous detection of objects from a pile, its characterisation and packing using a

robotic system requires efficient algorithms and their integration into a single framework.
The autonomous framework developed in this research (Figure 3) around DexterTM system
utilizes various AI-based methodologies to perform nuclear sort and segregation tasks in
a single pipeline. The methodologies used for identifying the objects, how and where to
grasp the objects, material characterisation, radiation scanning of the objects and optimal
packing are presented in this section.

5.1. Object Detection, Material Characterization and Grasp Point Generation

The vision system of the autonomous DexterTM consists of two stationary SICK
Visionary-S RGBD sensors attached to the sensor frames, as shown in Figure 2b. These
industrial sensors are traditionally used for verifying box packing and are ideal for identi-
fying a large number of items simultaneously with high-frequency operations. Two SICK
sensors are carefully placed in the DexterTM workspace such that a single point cloud of the
whole scene can be generated from two RGBD images, which almost completely describes
the scene in 3D. The next step in object detection and classification involves using efficient
AI-based image processing algorithms.

In order to improve performance and to avoid integration complexities in terms of
system requirements and dependencies, segmentation, classification and material charac-
terization are implemented together using the SoftGroup [36] AI model. The 3D instance
segmentation model, SoftGroup, also provided the flexibility for isolating point cloud of
the target object from the robot gripper to perform efficient single-object characterization
rather than only from piles. Around 130 different objects commonly seen in nuclear waste
sites were considered, and over 400 scans of these objects were carried out to formulate the
training dataset for the SoftGroup model. Each scan was created by both SICK cameras
taking an RGBD image simultaneously, which was then processed into a single point cloud
of the whole scene. Along with the scans from a pile of 20–40 objects on the sorting table,
objects held by DexterTM above the sorting table were also collected at different orienta-
tions. In the preprocessing stage, ground truth segmentation masks and classification tags
consisting of object category, material, mass, volume and density were manually annotated.
For material categorisation of the objects, the object category and material classifications
are merged to encode both geometric/semantic and material information. For example,
instead of having “steel” and “aluminium” as material classes and “rod” and “metal scrap”
as category classes, “steel rod”, “steel scrap”, “aluminium rod” and “aluminium scrap” are
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considered as separate independent classes. In this way, a single SoftGroup model performs
all segmentation and classification tasks for the whole system, significantly reducing the
system’s complexity and running time, without sacrificing the model’s prediction accuracy.

Once the objects in the pile are detected and identified, the next step is to identify
feasible grasp poses [37] on the objects in order to perform grasping by the DexterTM. An
object grasp pose generator pipeline is developed using Contact-GraspNet [38], which
takes the segmented and classified point cloud as the input.

5.2. Geometry Characterisation and Mass Estimation

Objects’ geometric information, such as length, width, height, surface area, and vol-
ume, is another important characteristic required for optimal packing. This information is
crucial, along with the object type and name in nuclear applications for keeping a catalog
of objects in a packed container, especially if radioactive. The geometric characterisation is
performed on objects in a pile and also after the objects held by the gripper for revalidation.
A sequence of operations is performed using the point cloud generated by two cameras,
which outputs a watertight mesh of the object under consideration for geometric charac-
terisation. Generally, with two RGBD cameras, the complete capture of all the sides of the
object is not possible, and the corresponding mesh is unreliable for accurate characterisation.
In the first step, the combined 3D point cloud obtained from two cameras is down sampled
and an interpolation is performed to fill the vacant space on the object point cloud. Next,
a simple mesh (dense 3D geometry) is created from the interpolated point cloud using a
surface reconstruction method called Ball pivoting using Open3D [39]. In order to calculate
the volume of objects, a watertight mesh consisting of a continuous and closed surface is
needed. Using the manifold method in Open3D, the watertight meshes are generated, and
finally, the geometric information of the object is obtained.

On top of identifying the object mass from camera input, a direct mass estimation
model using DexterTMrobot is also developed for better accuracy. For this, 25 different
objects with known masses and the torque value of DexterTM joint-1 to lift the object are
considered. After the object is grasped, the DexterTM is moved to a specific predefined
configuration to estimate the mass. Using the ground truth mass and corresponding torque
values, a fourth-order function is fitted using the linear least square curve fitting method
Figure 9. Using this mapping, the object’s mass m is obtained using the following function:

m = 0.0002τ4
1 − 0.0013τ3

1 − 0.0154τ2
1 + 0.3462τ1 − 0.6673, (12)

where τ1 is the corresponding measured torque values to lift the object.

2 3 4 5 6 7 8 9 10

0

0.5

1

1.5

Figure 9. Curve fitting to mass estimation.

5.3. Radiological Surveying and Decision

In a nuclear sort and segregation application, one of the crucial tasks is the efficient
detection of object’s radioactivity levels. In this research, real radioactive objects were not
available for testing and therefore a radiological surveying pipeline is designed where
random activity levels are assigned to segmented items in the point cloud and radiation
measurements are simulated on a mock up radiation detector held by the DexterTM robot.
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For performing radiation scanning, a 2D end-effector trajectory is generated at a fixed height
from the tray where objects that need to be picked are placed. Although the trajectory
planner aims to scan the whole tray, it is focused more on the object location inputs from
the point cloud and segmentation outputs to reduce scan time requirements. The DexterTM

performs slow and detailed scanning movements near the objects and finally, if calculated
confidence for waste sentencing is low, random scanning is performed over the tray in
order to obtain a more accurate object activity result.

The radiation detector demonstrated here is Createc’s N-Visage Recon. As this is a
gamma detector, the alpha and beta content of waste items is determined though appli-
cation of radionuclide fingerprints in this example. Use of an alpha/beta monitor was
explored and the positional accuracy of the DexterTM demonstrated surface monitoring
with this type of monitor to be possible for simple flat surfaces though challenging for more
complex surfaces. The output activity for each waste item is obtained through calculation
in Createc’s N-Visage algorithm [40], where measurement uncertainty and Minimum De-
tectable Activity (MDA) is determined through a Monte Carlo-based random sampling
method in the algorithm and application of the Currie Equation [41]. To sort the object into
one of the ILW, LLW, or recycling trays by the DexterTM, this activity model is used.

5.4. Bin Packing

Efficient bin packing is another challenge that is faced in the nuclear industry. The
strategy of dropping objects randomly into the bin often results in instability of heteroge-
neous objects inside the bin, uneven weight distribution and inefficient space utilization.
An efficient container packing algorithm, Tetris, is utilized for autonomous bin packing
using Dexter TM robot [42]. The algorithm calculates the quasi-optimal position and ori-
entation to place the picked objects in the destination container. Initially, using the 2D
Tetris algorithm the bottom layer of the bin is filled using a target function such that it
minimizes the total unoccupied bottom surface area of the container. The target function
places the objects as close as possible to this bottom wall and also minimize the holes in the
bottom surface area of the container. Next, based on the shape of the object in hand and the
landscape of the existing objects in the container, another target function executes Tetris
in the z-direction and tries to maximize the number of objects packed and simultaneously
minimize the gap volume of the container. With this target function, it would try to put
each object onto the lowest region as possible in the container, but in the meantime, also try
to minimise the void volume underneath the object that would be created after putting it,
as this volume would not be recovered.

6. Experimental Evaluation
This section presents the experimental evaluation of the proposed sort-and-segregation

framework, outlined in Section 3, using DexterTM manipulator. The experimental setup
with cameras and sorting tables is shown in Figure 2. The initial part of this section
presents the results of DexterTM dynamical model parameter identification. For verifying
its effectiveness, the tracking performance is studied by implementing a position controller.
Next, the results of sort and segregation subsystems, presented in Section 5, are provided.
Finally, the integrated system performance is evaluated through successful nuclear sort-
and-segregation experiments on similar objects from the nuclear industry.

6.1. Parameter Identification and Model Validation

The input excitation trajectories for dynamical model parameter identification of
the DexterTM manipulator are generated by solving (10) using convex optimization, as
explained in Section 4.2 The generated reference trajectories induces the modeled dynam-
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ical effects, friction and elasticity, of the DexterTM manipulator. The corresponding joint
positions are shown in Figure 10.

Figure 10. Fourier series-based excitation trajectories generated for dynamical parameter identifica-
tion of DexterTM manipulator. Joint trajectories for (a) training and (b) testing.

Using these reference trajectories, the DexterTM joints are actuated using the position
controller shown in Figure 7 where an approximate of dynamical parameters were used
from DexterTM CAD model. In order to find the exact dynamical model parameters, initially,
the executed joint torques and angular motion information (q, q̇, q̈) are collected and stacked
across each time step as the training data set. Using this data, a suitable set of dynamic
parameters is estimated through convex optimization using (8). The designed position
controller (11) is tested along with the updated dynamical parameters to accomplish
DexterTM autonomous control, as shown in Figure 11. Although there are minimal
deviations during the motion due to the nonlinearity caused by its cable-driven nature and
the unmodeled dynamic effects, the controller showed good performance that enabled the
desired target to be achieved.

Table 2 compares the torque tracking error and their deviation for all joints for the
generated training and test trajectory. Even though joint-2 and joint-3 errors are slightly
higher, overall percentage error and standard deviations are minimal, resulting in less
than 0.7 cm end-effector mean positional error through the feed-forward nonlinear control.
These results confirm the accuracy of the dynamical model parameters identified.

Table 2. Joint torque and position tracking mean percentage error and standard deviation of the
training and test trajectories.

Jo
in

t

Torque Tracking (Nm) Position Tracking (rad)

Train Test Train Test

% Std. % Std. % Std. % Std.

q1 6.97 0.23 7.32 0.15 1.24 0.02 1.70 0.02

q2 11.71 0.15 7.98 0.29 1.89 0.08 2.10 0.07

q3 14.58 0.32 18.03 0.32 2.35 0.08 2.43 0.08

q4 8.70 0.01 11.64 0.02 1.34 0.03 1.83 0.03

q5 7.22 0.02 6.62 0.01 1.72 0.04 1.73 0.04

q6 7.39 0.01 8.47 0.01 2.34 0.06 1.97 0.04
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Figure 11. Predicted and measured torques for the test trajectory using estimated dynamical parame-
ters of DexterTM manipulator.

6.2. Sort and Segregation Subsystems

The results of sort and segregation operation performed using experimental setup,
explained in Section 2.2 in a real environment are provided below. Integrating individ-
ual subsystems led to expected full system performance, which successfully sorted and
segregated various objects from a heap.

6.2.1. 3D Instant Segmentation and Classification

The pipeline for the sort and segregation process starts by generating two point clouds
of the environment using two SICK sensors. Initially, the two point clouds were processed
into a single point cloud of the whole scene using conventional Multiview Stereo (MVS)
reconstruction method [43] and performed a denoising. The denoising is required to
overcome the intrinsic device limitation of the SICK sensors, especially when measuring
highly reflective surfaces. The developed SoftGroup model takes the combined point cloud
input and performed segmentation and classification of each object agnostically from the
pile and object in Dexter’s hand. An example of such a pair of acquired RGB-D images for a
scene, merged single point cloud and the result of the SoftGroup model-based pipeline are
shown in Figure 12. It can be seen that most objects were cleanly segmented, and the safety
hat in the gripper was correctly classified (other objects were also classified by the model
but not illustrated in the figure for brevity). A second level of object classification, while
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DexterTM holds the object and rotates it to three predefined orientations, is also performed
by extracting its isolated point cloud. The SoftGroup model predicts the probabilistic
vector of the target object belonging to each candidate category. The pipeline then reports
the most likely category of the target object as the category with the highest probability
averaged across the predictions. The target object’s point cloud was extracted from each
scan orientation’s using the segmentation mask predicted by the SoftGroup model, and
then merged together to obtain a complete point cloud of the object. Figure 13 shows the
complete extracted point cloud of a safety hat, and also the overall categorical probability
histogram of it as averaged across the detailed scans’ model predictions. A sample of the
objects used and their category are provided in Table 3.

Figure 12. Result of object detection and classification from two RGB-D images of a scene. Images from
left to right shows the test objects in the environment from two cameras, their depth images, Multiview
Stereo (MVS) reconstruction and filtered point cloud, and SoftGroup model-based classification and
object detection outputs.

Table 3. Sample of objects and category.

Object Name Object Category

Safety Hard Hat, Plastic Scrap, Glove, Electronic Scrap Plastic

Man-Made Fibres Man-Made Fibres

Wellington Boot Rubber

Steel Rod/Bar Steel

Can Metal

Steel Scrap Plastic + Metal

Figure 13. Single-object point cloud reconstruction from three different object pose performed by
DexterTM after grasping and the category classification result.
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6.2.2. Radialogical Surveying

After scanning the pile and detecting objects, radiological surveying is conducted.
Initially, DexterTM grasps the radiation detector and performs the scanning operation
according to the scanning trajectory calculated offline. The radiation scanning trajectory is
generated based on the segmented object positions in the point cloud of the pile. Figure 14
demonstrates the generated end-effector trajectories, which perform slow scanning near
objects and a final random scanning if confidence in radiation measurement and subsequent
waste sentencing route is determined to be low.

Figure 14. Radiological surveying objects, radiation scan trajectories and radiation levels.

Due to the inherent safety risks and strict regulatory requirements associated with
handling real radioactive waste, conducting experiments in an actual radiological en-
vironment is not feasible. Direct testing with nuclear waste would require specialized
containment facilities, extensive safety protocols and regulatory approvals, which signif-
icantly limit accessibility and experimental flexibility. Additionally, the re-usability of
test items is impractical, as exposure to real radiation would render them hazardous for
further testing or modification. Given these constraints, experiments relied on simulated
radiation data, where random radioactivity levels are assigned to objects to mimic real-
world conditions. The implemented model generates synthetic detector measurements to
create a radioactivity map superimposed on the point cloud while the trajectory is being
executed. Item radiation activity is then matched with associated detected objects. The
video (https://youtu.be/v2hlDxKDGcM, (accessed on 10 February 2025)) demonstrates a
radiation-scanning experiment post object detection. Future work may explore testing in
specialized nuclear facilities to further validate system performance.

6.2.3. Grasp Pose Generation

The core grasp-pose candidate generation method used in this research is Graspnet
(Section 5.1). On top of Graspnet, a heuristic system is implemented on the generated
grasp candidates to create higher quality and deterministic/reproducible grasp poses in
cluttered piles and extreme cases such as the small lego block. This grasp generation system
prioritizes grasp poses of the targeting objects having larger top surface areas and higher
up in a pile. This strategy helped to pick the objects without much disturbance to the pile
and identify objects that were hidden in the previous scan. It also prioritizes grasp poses
closer to the geometric centre of each object, as such grasp poses would lead to a lower
chance for the object to rotate, tip over, or slip out from the gripper during grasping and
after being picked up. Figure 15 shows the top three highest priority grasp poses generated
by the algorithm for two different clutter piles.

https://youtu.be/v2hlDxKDGcM
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Figure 15. Grasp pose generation results from two object piles.

6.2.4. Object Characterisation

The pipeline for object geometry and physical characterization was based on conver-
sion of point cloud of the object into a watertight mesh body, as explained in Section 5.2.
Figure 16 shows two examples of the extracted point clouds for a wellington boot on
the table and a Plastic hose held by DexterTM. By using Open3D’s inbuilt functionality,
approximate geometric information of the object from the watertight mesh is obtained. On
comparing the accuracy against the ground truth manual measurements of over 50 objects,
closer results were observed except for objects with complex shapes, in particular, those
with internal hollowness or folded structures. The estimated masses of objects were calcu-
lated using the estimated volume of object from Open3D, the estimated object material from
category classification and the object category density values. In addition, an estimated
mass of the object held by the DexterTM gripper is also calculated based on the torque
feedback of the motors. The torque-based measurements were more closer to the mass of
ground truth objects. Hence, the vision-based mass information is used as a redundant
information for second validation.

Figure 16. Geometry characterizations of wellington boot (Row 1) and plastic hose (Row 2).
(Column 1): 3D point cloud of the environment. (Column 2): Watertight mesh generated from
detected object point cloud. (Column 3): Geometrical characterization of detected object.

6.3. Bin Packing Evaluation

Four different types of “human benchmarks” packing algorithms are analysed and
tested in simulation to validate the efficacy of the developed Tetris algorithm. The bench-
marks are (1) the Center Algorithm, a randomly oriented object dropped at the center of
the container; (2) the Random Algorithm, a randomly oriented object dropped at a random
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position of the container; (3) the Lower-Bound Algorithm [44]; and (4) the Orthogonal Low
Algorithm [45]. Each algorithm runs ten times for the same pile of objects. Table 4 presents
the average values of the performance of the algorithms for comparison.

Table 4. Performance comparison of the bin packing algorithms.

Algorithm Center Random Lower Orth. Low Tetris

Total Packed Object 22.2 27.6 31.0 34.8 38.4

Total Objects Volume 12.567 14.465 15.708 18.453 20.408

Container Voidage 30.686 28.796 27.553 24.808 22.853

% of Container Voidage 70.933 66.564 63.69 57.345 52.826

Average pose gen run time 0.00052 0.00428 0.0047 0.00909 0.74237

The unoccupied volume (voidage) of the container is used as a scoring method for
comparison and is calculated as the volume of voidage = volume of container − the total
volume of objects. The packed container volume in the experiments is 43.261 L. Although the
Tetris algorithm is slower than the other algorithms, the optimal packing with the minimum
voidage rate is achieved. The result of bin packing using the developed Tetris algorithm in a
real experiment is shown in Figure 17. In this experiment, a total of 40 items are placed into
the container with a total volume of 43.261 L and voidage 19.221 L. A 44% container voidage
is obtained in this experiment with an average pose generation run time of 0.23959 s.

Figure 17. Experimental result of the bin packing.

6.4. Full System Demonstration

The designed sort and segregation subsystems and the DexterTM control systems are
integrated into a full system demonstrator, as shown in Figure 18. It consists of a DexterTM

manipulator, two SICK Visionary-S cameras, one sorting tray, LLW, ILW and recyclable
trays. The full system provides a continuous sequential operation of sub-tasks, as shown
in Figure 19. The examples provided in Figure 19 show the complete execution of the
integrated system, from picking to dropping for various objects.
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Figure 18. Full system demonstrator.

Figure 19. Execution of the integrated system from picking to dropping for four example objects.

Multiple experiments are performed and the efficacy of the developed system and
framework was observed through successful sorting and segregation of the objects used.
The result showcases the successful and efficient segregation of objects into LLW, ILW
and recyclable trays. The database created contains the objects utilized, their proper-
ties and parameters (Table 5) and a summary of each container (Table 6). The video
(https://youtu.be/iIb8am8WkWs, (accessed on 10 February 2025)) presents a complete sort
and segregation system demonstration for a pile of objects. The video shows that the designed
system can successfully sort and segregate nuclear waste. It is also shown in the video that
the process is completed by switching to teleoperation mode as a result of the manipulation
error due to a huge object in the pile that cannot get into the scanning position.

https://youtu.be/iIb8am8WkWs
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Table 5. The database of sorted objects and their characteristics. A record of packed objects is generated as part of the developed framework of autonomous sort and
segregation system.

Category Material
Category

Probability
(%)

Material
Probability

(%)

Estimated
Volume

(cm3)

Surface Area
(cm2) Length (cm) Width (cm) Height (cm)

Alpha
Activity

(MBq/kg)

Beta Activity
(MBq/kg)

Estimated
Mass (g)

Density Avg.
(g/cm3) Destination

Safety Hard Hat Plastic 96.7 98.6 3050 5650 31.6 28.6 18.2 1.44 10.1 484 159 ILW

Man-Made Fibres Man-Made Fibres 95.2 95.3 1130 2590 26.2 23.8 18.2 4.9 34.2 74.1 656 ILW

Plastic Scrap Plastic 52.8 53.1 1780 2420 36 30.4 9.4 7.02 48.9 436 244 ILW

Safety Hard Hat Plastic 97.2 99.1 2410 4620 31 27.4 19.2 4.9 34.2 469 195 ILW

Man-Made Fibres Man-Made Fibres 95.8 96.0 2370 2160 28 21.4 15 2.51 17.5 18.1 765 ILW

Wellington Boot Rubber 58.6 60.0 3190 8810 46.4 36 15.8 4.9 34.2 222 694 ILW

Steel Rod/Bar Steel 87.4 99.5 31.6 150 22.4 4.2 2.6 2.51 17.5 254 8.03 ILW

Coke can Metal 79.9 80.1 209 429 13 7.2 6.6 1.12 7.83 30 143 Recycle

Steel Scrap Plastic + Metal 99 48.4 113 536 24 10.6 6.4 4.9 34.2 334 2.95 Recycle

Wood Scrap Stone 99 38.4 66.2 336 16 15.2 4.6 2.51 17.5 95.8 1.45 Recycle

Medical Glove Plastic 99 49.5 401 1270 27.6 12.4 10 1.12 7.83 37.1 927 Recyc.

Electronic Scrap Plastic 99 24.2 56.6 278 11.2 7.2 6 858 5.98 42.4 749 Recycle

Plastic Scrap Plastic 51.5 53.3 330 1330 26 22.8 7.6 1.12 7.83 121 366 LLW
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Table 6. A record generated as part of developed sort and segregation framework for obtaining each
packed container information.

Container ILW LLW Recyclable

Total number items 7 1 5

Total mass (kg) 2.41 0.121 0.539

Total net volume (m3) 0.0148 0.00033 0.000846

Total surface area (m2) 2.85 0.133 0.285

Total alpha activity (MBq/kg) 38 1.12 10.5

Total beta/gamma activity (MBq/kg) 264 7.83 73.3

Container fill level (%) 23.4 2.2 7.9

Container voidage (%) 13.5 77.0 83.6

7. Conclusions
Efficient and scalable robotic methodologies are required to overcome the entry bar-

riers for autonomous systems in challenging environments like the nuclear industry. An
autonomous robotic sort and segregation framework for nuclear waste handling was
presented by introducing autonomy into DexterTM, a purely teleoperated nuclear robot.
The framework relies on dynamical model parameter identification of DexterTM through
Fourier series-based excitation trajectories for autonomous operations and integration of
methodologies for object identification, classification, characterisation and radiological
surveying through ROS. For more complex grabs and tangled waste, the integrated system
can call on the expertise of a skilled operator to take over the task through teleoperation.
The effectiveness of this framework was verified by performing several sort and segregation
operations safely on a mock-up nuclear waste test-bed using similar waste materials found
in the nuclear industry. A new database of the objects packed into different bins and their
properties was also generated and catalogued for future referencing. The results presented
in this paper show a paradigm shift in enabling the adoption of autonomy in addition to
automation in the regulated sectors.

The proposed framework is designed to be scalable and adaptable to larger and more
complex waste-handling scenarios. The system identification and dynamic modelling
methodology developed for DexterTM can be generalized to other robotic manipulators
with similar actuation principles. In highly unstructured and unpredictable waste-handling
scenarios, fully autonomous sorting may not always be feasible. The framework facilitates
seamless switching between autonomy and teleoperation, ensuring that complex or am-
biguous tasks can still benefit from human expertise while leveraging automation where
possible. This shared autonomy paradigm enhances safety and efficiency, reducing operator
workload while ensuring precise task execution. The future work will investigate automatic
impedance learning methodologies, for example [46], to reduce the effort required to guide
the robot in dynamic environments and performance comparison with similar systems for
extreme environments.
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