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GNN Topology Representation Learning for
Deformable Multi-Linear Objects Dual-Arm
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Abstract—Deformable Multi-Linear Objects (DMLOs), or
Branched Deformable Linear Objects (BDLOs), are flexible
objects that possess a linear structure similar to DLOs but also
feature branching or bifurcation points where the object’s path
diverges into multiple sections. The representation of complex
DMLOs, such as wiring harnesses, poses significant challenges
in various applications, including robotic systems’ perception
and manipulation planning. This paper proposes an approach
to address the robust and efficient estimation of a topological
representation for DMLOs leveraging a graph-based description
of the scene obtained via graph neural networks. Starting from
a binary mask of the scene, graph nodes are sampled along the
objects’ estimated centerlines. Then, a data-driven pipeline is
employed to learn the assignment of graph edges between nodes
and to characterize the node’s type based on their local topology
and orientation. Finally, by utilizing the learned information,
a solver combines the predictions and generates a coherent
representation of the objects in the scene. The approach is
experimentally evaluated using a test set of complex real-world
DMLOs. Within an offline evaluation, the proposed approach
achieves a Dice score exceeding 90% in predicting graph edges.
Similarly, the identification accuracy of branch and intersection
points in the graph topology is above 90%. Additionally, the
method demonstrates efficient performance, achieving a runtime
of over 20 FPS. In an online assessment employing a dual-
arm robotic setup, the approach is successfully applied to
disentangle three automotive wiring harnesses, demonstrating the
effectiveness of the proposed approach in a real-world scenario.

Note to Practitioners—This research is motivated by the lack
of effective robotic perception and manipulation solutions for
deformable multi-linear objects such as wiring harnesses. These
objects play a crucial role in several manufacturing indus-
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tries. However, their intricate branching structures, inherent
deformable nature, and limited distinctive visual characteris-
tics present formidable challenges when automating tasks that
involve them. The proposed approach addresses several of these
challenges: 1) It maintains robustness in the presence of noise
and disruptions in the input image mask due to its graph-based
structure; 2) It remains unaffected by the existence of large
connectors, clips, fixtures, and other objects along the branch
sections of the object; 3) It avoids making any assumptions about
the structure of the object; 4) It is capable of simultaneously
identifying branch-points and resolving intersection-points among
different branch sections of these objects. The experiments
have verified the effectiveness of this solution when applied to
real-world deformable multi-linear objects found in automotive
settings. This underscores the potential to integrate this solution
into industrial scenarios that involve the assembly and routing
of such objects.

Index Terms—State representation, graph neural network,
deformable objects.

I. INTRODUCTION

NOWADAYS, the demand for increased automation in
manufacturing processes is driving the development

of new robotic systems capable of handling deformable
objects effectively [1]. Deformable Linear Objects (DLOs),
among the vast class of deformable objects, play a signif-
icant role in modern manufacturing processes, particularly
in prominent sectors like automotive and aerospace [2],
[3]. DLOs, like cables, wires, hoses, belts, and strings, are
deformable structures that can change shape along a lin-
ear dimension. Unlike traditional solid objects, DLOs can
bend and deform. Despite advancements in research con-
cerning their perception [4], [5] and manipulation [6], [7],
[8], relevant industrial tasks like cabling and wire routing
still rely heavily on human intervention [2], [3], [9]. This
highlights that significant challenges remain unresolved in this
field.

Deformable Multi-Linear Objects (DMLOs), also known as
branched DLOs [10], [11], are flexible objects that possess a
linear structure similar to DLOs but also include branching
or bifurcation points where the object’s path splits into mul-
tiple branches. This added complexity in their deformation
distinguishes them from simpler DLOs. Examples of such
objects include wiring harnesses, as shown in Fig. 1, and
branched hoses commonly found in manufacturing settings.
Detecting and manipulating these objects require advanced
techniques that can account for both their linear deforma-
tions and branching behavior. While several algorithms and
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Fig. 1. Extracted topology representation of a deformable multi-linear
object from a camera sample. The branch sections composing the object are
displayed in different colors while the branch-points and intersection-points
are highlighted with red and blue dots. On the right side, the dual-arm robotic
experimental setup is shown.

approaches have been developed in recent years for general
DLOs, addressing the perception and manipulation of DMLOs
remains an ongoing challenge [2]. Indeed, existing works often
rely on simplifying assumptions and specific scenarios [10],
[11], [12], [13], [14], [15], [16], [17], [18]. For example, [11]
proposes a topology matching approach that assumes the entire
DMLO structure is fully visible and free from overlapping
sections. Similarly, [10] addresses DMLO tracking under the
assumption of knowledge of the DMLO model, allowing a
physics simulator to run concurrently, with the initial scene
requiring full visibility of the entire DMLO. Tracking is
also addressed by [14], but the approach utilizes a simplified
and unrealistic DMLO structure. In [12], DMLO perception
is handled through a coarse localization method, which is
challenging to apply for disentangling manipulation tasks.
In contrast, our approach handles complex DMLO structures
without relying on full visibility or idealized conditions.
Importantly, we do not assume complete knowledge of the
DMLO structure or simplified models. As output, our approach
provides a complete topological description of the visible
DMLO structure.

A. Contribution
In this paper, the challenging task of describing the configu-

ration of a DMLO via a graph-based representation is tackled.
This kind of representation is particularly suitable for DMLOs
since it can be exploited easily in robotic manipulation tasks.
The graph representation of DMLOs is derived through a
multi-step process. Initially, graph nodes are extracted by
sampling along the estimated centerlines of the objects on a
binary mask of the scene. Subsequently, a data-driven pipeline
is employed to acquire knowledge about how to assign graph
edges between these nodes and determine the type of each
node based on their local topology and orientation. Finally,
by utilizing the learned information, a solver is applied to
combine the predictions and generate a coherent representation
of the objects in the scene.

Obtaining a robust and efficient graph representation of
the DMLOs entails addressing two pivotal challenges: link

prediction, which involves predicting the existence of connec-
tions between nodes in the graph, and node characterization,
which aims to understand and capture key nodes’ informa-
tion such as their local orientation and topology inside the
DMLO. These two challenges are tackled by exploiting Graph
Neural Networks (GNNs) [19] to learn the topology of the
DMLOs.

In particular, the GNN learning phase exploits an inductive
framework [20]: The GNN weights are optimized based on
a labeled training dataset while the model is deployed on
unseen data (i.e. graphs) samples. For training, synthetic
graphs obtained in a simulated environment are employed,
allowing the optimization of the model on a large number
of graphs and enabling important generalization capabilities
in unseen real-world graphs.

The proposed method, thanks to the graph-based representa-
tion, provides robust predictions even for complex real-world
DMLOs, i.e. it is not affected by the possible presence of large
connectors, clips, and other fixtures along the object branch
sections. Additionally, no prior knowledge of the DMLO
structure is required, as the method relies solely on a binary
mask of the scene. The method is capable of simultaneously
identifying branch-points and resolving intersection-points
among different branch sections.

The method is evaluated by performing a disentangling
manipulative operation with a dual-arm robotic setup, shown in
Fig. 1. The DMLOs employed in the experiments are complex
real-world wiring harnesses from the automotive domain. The
experiments allow us to demonstrate the effectiveness and
accuracy of our framework in generating a robust and efficient
topological representation leading to a simplified manipulation
task by the robotic system.

To summarize, the main contributions of this paper are:
1) Description of the configuration of DMLOs with a

topological graph obtained by exploiting a GNN model
learned in an inductive framework, providing a robust
and efficient representation;

2) Robustness to noise in the input mask and to the
presence of connectors, clips, and other fixtures that can
be connected to the branch sections of DMLOs;

3) Extensive evaluation in disentangling manipulative oper-
ations with complex real-world automotive wiring
harnesses, demonstrating its effectiveness in generat-
ing an accurate and efficient topological representation,
which simplifies manipulation tasks.

The associated data and method implementation are publicly
available on https://github.com/lar-unibo/GNN DMLO.

II. RELATED WORKS

A. Graph Neural Networks

A graph is a mathematical structure consisting of a set of
nodes (or vertices) and a set of edges (also called links) that
connect pairs of nodes [21]. Graphs are a powerful tool to
represent data that can be modeled as a set of objects/points
(nodes) and their relationships (edges). Indeed, graphs found
applications in many fields, ranging from social networks to
chemistry and biology [19].

Graph Neural Networks (GNNs) [22] are a powerful exten-
sion of classical graph analysis methods where the graph’s

https://github.com/lar-unibo/GNN%5FDMLO
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underlying structure is exploited in a learning framework. The
idea of GNNs is to iteratively update node representations
by aggregating information from their neighboring nodes of
the graph. This allows GNNs to capture local relationships
between the nodes, and through the propagation of the embed-
ding via the network layers, it is also possible to capture more
global relationships.

GNNs have been successfully applied to a wide range of
tasks, including node classification, link prediction, and graph
classification [19]. In particular, graph classification and link
prediction are the two tasks also addressed in this paper. The
first focuses on predicting the class or label of a set of nodes
composing a graph. The task is usually performed by first
learning node embeddings via a GNN, combining all the nodes
embedding via a graph pooling operation, and then applying a
classifier [19]. Link prediction aims to estimate the existence
of connections between nodes in the graph. This task is usually
performed by learning a similarity function between nodes
and then predicting the existence of a link between two nodes
based on their similarity [23].

Concerning deformable objects, GNNs were successfully
adopted for the manipulation of linear and planar objects. In
particular, GNNs are usually exploited to learn the interaction
between key-points on clothes or ropes [24], [25], [26]. In
[24], the GNN is combined with a recurrent neural network to
track the key-points and a model predictive control scheme to
plan the manipulation action. In [25] a second GNN is used
also to plan the action. A GNN is employed as a forward
dynamics module for a planar deformable object in [26].

In contrast to existing methods, our work is the first to
leverage GNNs for topology estimation in DMLOs. GNNs
are particularly effective at capturing the structural informa-
tion inherent in graphs, utilizing node and edge features to
develop robust representations that encode the relationships
and dependencies within the data. This capability makes them
well-suited for the task of learning the topology of DMLOs.

B. Deformable Objects State Representation

Deformable object perception and representation is still an
open research problem [1]. Considering the complexity of the
perception of such objects, many researchers use simplified
scenarios to segment the objects from the scene, e.g. by
using color difference, controlled backgrounds, or markers, as
highlighted in [5]. This clearly limits the possible utilization of
these methods in real scenarios, where the inconsistency of the
background or the sensitivity to the quality of the segmentation
mask can restrain a method from being used.

Learning-based methods have emerged as a key tool to
tackle the perception problem of linear and planar deformable
objects. For instance, key-points are automatically extracted
from an image in [24] and [25].

Specifically for DLOs, several works have addressed the
synthetic and real-world dataset generation [5], the instance
segmentation task [4], [27], 3D shape estimation [28], [29],
and crossing points detection [6]. Concerning DMLOs, a
coarse localization method for branches is proposed in [12],
highlighting the scarcity of solutions for addressing the com-
plex perception and state representation challenges of DMLOs.
Indeed, methods developed for DLOs can not be directly

applied to DMLOs, but modifications and extensions [11] are
required.

C. Deformable Multi-Linear Objects

Despite some research have been conducted in the past,
e.g. wiring harness manufacturing automation in [15] and
collaborative robots in wire harness assembly in [3], the
state representation of DMLOs remains largely unexplored.
Incorporating more structural information into the state rep-
resentation of manipulated objects would greatly facilitate
planning and manipulation tasks. For instance, [16] presents an
automatic path-planning algorithm for wiring harness instal-
lations. However, this approach requires complete knowledge
of the initial state and topology of the DMLO, which poses a
significant limitation in real-world applications.

In an attempt to extract partial information, [17] developed
a vision system that identifies the final connectors of a wire
harness through image processing. However, they did not
address other related tasks such as recognizing branch-points
and intersection-points, leaving the geometric reconstruction
of the main trunk and branch sections for future work.
Another approach, presented in [12], involves classifying
branch sections from raw RGBD images and augmenting
the data using elastic transformation. However, this approach
provides a black box solution encoding all information related
to the branch sections and the DMLO into classification data,
limiting its portability across tasks and/or different DMLOs.

Tracking of DMLOs has been investigated in several works
[10], [14]. In [10] a modified registration method is combined
with a topology model of the DMLO to track it under
occlusions. The approach is evaluated on a wiring harness
featuring connectors and clips, similar to the one employed
in this work. However, knowledge of the DMLO structure
is required and the DMLO is assumed to be in a fully
visible and entirely disentangled configuration. Instead, in
[14], tracking using depth images via a data-driven predictor
is proposed. However, the method is evaluated on simplified
DMLOs with no intersections between the branch sections,
nor connectors and other disturbing objects along the branch
sections themselves. Similarly, in [11], the matching between
the observed and model DMLO is performed via a cost
function. A score evaluating the topological uniqueness of a
DMLO is also proposed.

The disentangling of DMLOs is investigated in [18], where
a bin-picking policy to grasp and extract a DMLO in an
untangled configuration is learned from real-world data.

Unlike existing approaches, our method does not require
prior knowledge of the expected DMLO structure. Conse-
quently, it can be applied to any DMLO, even if some parts
are not visible. Additionally, it effectively handles overlapping
sections by identifying specific intersection-points.

III. METHOD

The proposed method seeks to provide as output a topo-
logical representation of the DMLO, as shown in Fig. 2. The
approach can be subdivided into three main stages, which are:

1) Graph Initialization: the graph representation is initial-
ized from an image of the scene by sampling a set of
nodes and edges;
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Fig. 2. Schema of the proposed approach with its main components: graph initialization, topology learning, and solver. On the right, the output topology
representation is shown, where the individual branch sections of the DMLO are depicted in different colors, and the single branch-point and intersection-point
are highlighted as red and blue dots, respectively.

2) Topology Learning: the graph edges are assigned a
probability of existence; the nodes are classified accord-
ing to their local topology and orientation;

3) Solver: the learned information is processed by a solver
to obtain a coherent representation of the DMLOs in the
scene.

In particular, the graph initialization phase is detailed in
Sec. III-A. Then, the topology learning phase is described
in Sec. III-B. The solver is described in Sec. III-C. The
obtained representation can be used effectively to disentangle
the DMLO branch sections, as explained in Sec. IV.

A. Graph Initialization

A graph with n nodes and m edges is initialized and
represented as G = (V , E), where each individual node i is
denoted as vi. Given two nodes vi and v j, their edge is indicated
as ei j. Since undirected edges are considered, ei j = e ji.

1) Semantic Segmentation: The input data to the proposed
approach is a semantic segmentation binary mask Mb of
the scene where the pixels are classified to either belong to
DMLOs (value of 1) or not (value of 0). An example of a
mask Mb is provided in Fig. 2.

Obtaining Mb is not the focus of this work as it is con-
sidered a pre-processing step. Indeed, the proposed approach
is independent of the method used to obtain the semantic
segmentation mask. Different approaches can be employed
depending on application requirements, for instance deep-
learning based approaches [5]. In this work, a calibrated 3D
vision sensor is used to capture a point cloud of the scene. To
extract Mb, a plane segmentation method is applied to the point
cloud data, distinguishing points on the planar surface from
those on the DMLO [30]. By projecting the DMLO points onto
the image plane, Mb is generated. Although the extraction of
the DMLO topology relies solely on Mb, the original 3D point
cloud data is utilized for manipulation purposes, as discussed
in Sec. IV.

2) Vertices Sampling: The set V = {vi}
n
i=1 contains the n

vertices of the graph efficiently sampled from the binary mask
Mb. The sampling strategy follows the approach originally
presented in [4]. First, the distance transform operator is
executed on Mb obtaining Mdist. This operator computes the
Euclidean distances between the non-zero values of Mb and the
nearest boundaries (zero/black values) [31], thus assigning an
intensity value to each pixel based on the computed distance.
In Fig. 3, Mdist originated from Mb (left side of Fig. 2) is shown
where Mdist is color-mapped on the grayscale level from dark
(zero distance) to bright (maximum distance).

Fig. 3. Vertices sampling procedure from segmentation mask: distance
transform maks Mdist, local maximum mask Mmax, graph nodes V .

Next, Mdist is dilated using a small square kernel, i.e. 3×3,
resulting in Mdil. The local maxima of Mdist are then extracted
by comparing pixel-wise values of Mdist and Mdil, masked
using Mb. This process generates a binary map Mmax, which
indicates the positions of local maxima, approximating the
center lines of the DMLOs in the mask. The computation of
Mmax can be expressed as follows:

Mmax(i, j) =

(
1 i f Mdil(i, j) = Mdist(i, j) and Mb(i, j) = 1
0 otherwise

(1)

The set of maximum pixels of Mmax, i.e. pixels whose value
is equal to 1, is denoted as Vmax. The cardinality of Vmax
is quite high (see Mmax in Fig. 3). Thus, the farthest point
sampling algorithm [32] is employed to down-sample Vmax.
The ratio α ∈ [0, 1] is used to specify the amount of down-
sampling. It is chosen such that the density of the nodes is
kept mostly constant. This is important since different DMLOs
can have very diverse amounts of branch sections and thus
foreground pixels. The constant density is obtained by dividing
the current mean point-to-point distance in Vmax with the target
distance to achieve. Therefore, the set of vertices V of the
graph G is obtained as αVmax.

This vertices sampling process ensures an efficient rep-
resentation of the DMLO’s topology, reducing redundancy
while preserving the key structural information necessary for
subsequent analysis and modeling.

3) Edges Sampling: In order to create a set of initial edges,
referred as Eknn, the proximity between vertices is leveraged.
This involves retrieving and using the Knn nearest neighbors
in V as edges for each vertex. This work employs a value of 8
for Knn. By utilizing a sufficiently large number of nearest
neighbors as initial edges, comprehensive coverage of the
local connectivity in the graph is guaranteed, which can be
advantageous for the subsequent learning phases of Sec. III-B.
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B. Topology Learning

Learning on graphs using GNNs involves processing the
graph structure, node features, and edge features [19].

In a graph with n nodes, the graph structure can be repre-
sented by an adjacency matrix A ∈ Rn×n. The adjacency matrix
A encodes the connections between nodes, where Ai j = 1 if
there is an edge between nodes i and j, and Ai j = 0 otherwise.

The node features in the graph are represented by a node
feature matrix identified as Fv ∈ R

n×h, where each row i
corresponds to the h features associated with node ni. The
edge feature matrix, denoted as Fe ∈ R

m×d, represents instead
the features associated with each edge in the graph. Here, d
denotes the dimensionality of the edge features.

By incorporating the adjacency matrix A, the node fea-
ture matrix Fv, and the edge feature matrix Fe, GNNs can
effectively process and learn from the structural, node, and
edge information of the graph to perform various graph-based
learning tasks.

In the context of this paper, the graph learning strategy is
based on an inductive framework with supervision provided by
ground truth data [20]. A synthetic dataset of DMLO graphs
is generated and exploited, as detailed in Sec. III-B1. The
nodes and edges feature computations are discussed in Sec.
III-B2. Hence, the link and node orientation prediction tasks
are presented in Secs. III-B3 and III-B4. In Sec. III-B5 the
node subgraph classification task is analyzed and Sec. III-B6
details the overall training strategy.

1) Synthetic Dataset: To train the GNN model, a synthetic
dataset is exploited. Similarly to [5], each section of the
synthetic DMLO is modeled as a 3rd-order spline curve and
a rendering pipeline based on Blender [33] is used to obtain
the image samples.

First, a synthetic DMLO in a random configuration is
generated. It is composed of a maximum of 5 main sections,
organized by up to three branch-points. A branch-point is
defined as an area of the DMLO where two different sections
are connected. Then, the camera location is randomized and
an image of the scene is rendered. In Fig. 4a an example of
the generated data is provided.

Along with the generated image, the randomly generated
spline curves are saved and used for annotation purposes.
Indeed, since the proposed learning strategy is supervised,
for each generated mask sample (Fig. 4b), annotation data is
required. Therefore, a ground truth graph is generated based
on the available annotations. The vertices of the ground truth
graph are obtained by exploiting the sampling strategy of
Sec. III-A2. The edges are instead computed by processing
the ground truth spline curve used to synthesize the DMLO
sample. These curves are projected from the cartesian space
to the image plane by knowing the camera location in the
synthetic scene, as shown in Fig. 4c. Then, each sampled
node is associated with the correct curve. The ordering of
the vertices and thus the sequence of edges to add is obtained
by traversing the vertices on the corresponding ground truth
curve. The only edges missing are the ones at the branch-
point locations. In this case, since the structure of the synthetic
DMLO is known, proper edges are added. The result is a
full graph representation of the scene provided by the mask,
as shown in Fig. 4d. The introduced ground truth edges are
exploited in Sec. III-B3.

Fig. 4. Sample of the synthetic dataset. In (a) and (b) the rendered image and
mask of the randomly generated DMLO. In (c), the colored curves represent
the different sections and the red dots describe the branch-points used in the
annotation process. In (d) the obtained ground truth graph is displayed with
normal (blue) and highly-connected (red) node classes.

Building on the association between the graph nodes and
the initial spline curves, a ground truth value for each node’s
direction can be established by taking the tangent of the spline
at the node’s location. This directional information is utilized
in Sec. III-B4. Additionally, the spline curves help identify
branch and intersection points. A region of high connectivity
is characterized by the local thickness (highlighted in green in
Fig. 4d), which labels nodes as either highly-connected (i.e.,
those near branch and intersection points) or normal. This
classification is later exploited in Sec. III-B5.

2) Encoding Nodes and Edges: Node and edge features
play a critical role in enhancing GNN performance [19]. Each
node is assigned an input feature vector derived from two
sources: (1) the encoded, normalized absolute position of the
node in the image plane and (2) values sampled from the
encoded mask Menc at the node’s location.

a) Encoding of Node Positions: The normalized node
positions in the (0, 1) range are encoded using a linear layer
with ReLU activation, mapping 2D pixel locations to a h-
dimensional space, resulting in FP ∈ R

n×h. Each row of FP
represents a node’s encoded positional feature.

b) Encoding of Mask: For the mask encoding, the Mdist
mask is first normalized and then processed through a two-
layer CNN. Each convolutional layer uses a 5× 5 kernel with
a padding of 2 to maintain the input image size. A batch
normalization layer is included between the convolutional
layers to stabilize the training process. Finally, a max pooling
operation is performed with a 2× 2 kernel and a stride of 2.
The first convolutional layer expands the input channels from
a dimension of 1 to h/2, while the second layer increases the
channel’s dimension further to h. This encodes the Mdist mask
into a new mask Menc with half the dimensions and h channels.
The node features are then extracted from Menc by sampling
each node location (adjusted by the new dimensions) along
all the h channels. This results in the matrix FM of size Rn×h

where each row encodes the mask information at each node
location.

The encodings obtained from FP and FM are concatenated
column-wise, resulting in the combined node feature matrix
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FPM ∈ R
n×2h. Each row of FPM represents a node’s feature

vector, combining position and encoded mask information. A
final non-linear transformation is performed on FPM using a
linear layer with ReLU activation to down-sample the feature
dimension to h. The output of this transformation is the final
node feature matrix Fv ∈ R

n×h.
c) Encoding of Edges: Edge features are crucial for

GNN performance and are derived from the edge direction
and norm. In particular, for each edge in the set Eknn, the
norm is computed, normalized, and encoded via a linear layer
from a dimension of 1 to h/2 followed by a ReLU activation
function. Likewise, the edge direction is converted to an
angular value and first encoded as a 180-dimensional vector
with entries defined by applying a Gaussian function centered
at the edge angle. This encoding is necessary to address the
angular periodicity [34]. Then, the 180-dimensional vector is
embedded by a linear layer from a dimension of 180 to h/2
followed by a ReLU activation function. The embedded norm
and direction are concatenated and processed by another linear
layer, yielding an edge feature matrix Fe ∈ Rm×h, where each
row represents an edge feature vector.

3) Link Prediction: Link prediction in graph theory refers
to predicting the likelihood of an edge (link) between two
nodes. In this paper, the task is to determine the probability
of existence for each edge in the set Eknn.

To accomplish this, a Graph AutoEncoder (GAE) [35] is uti-
lized, which is characterized by an encoder-decoder structure.
The encoder takes the initialized graph from Sec. III-A as input
and uses GNN layers to aggregate and update the features of
each node based on the extracted input features of Sec. III-B2.
The encoder’s purpose is to learn a latent representation that
captures the underlying structure and patterns in the graph.

On the other hand, the decoder processes the node features
obtained from the encoder through multiple neural network
layers. When given two nodes to test, the decoder produces a
value that represents the probability of their connection. The
decoder’s aim is to rebuild the graph structure based on the
learned node representations.

a) GNN Structure: To perform link prediction using
GNNs, a 3-layer GNN is utilized to process the node and
edge features along the graph structure. Each GNN layer
aggregates and updates the node features followed by a non-
linear transformation. The GNN layer operation, adapted from
[36], can be expressed as follows:

x(k+1)
i = σ

0@ X
u∈N(vi)

(Wx(k)
u + Bx(k)

i + K f (u,i)
e ) + S x(k)

i

1A (2)

Here, x(k+1)
i represents the updated embedding vector of

node vi in the (k + 1)-th GNN layer. The terms W, B, and
K are trainable matrices that perform linear transformations
of the neighbor embeddings, i.e. u ∈ N(vi), the current node
embedding xk

i , and the edge feature between the considered
nodes f (u,i)

e , respectively. The matrix S is a trainable matrix
that accounts for a skip connection. The function σ represents
a non-linear activation function, such as ReLU. Each GNN
layer transforms the node features while maintaining their
dimensions as h. Two batch normalization layers are placed
between the GNN layers to help stabilize the training process.

For the first GNN layer, the embedding x0
i corresponds to the

node features row-vector f i
v extracted from matrix Fv.

b) Links Decoding: Following the GNN processing, the
node embeddings obtained by the last layer are used to predict
the probability of a connection for each edge in the set Eknn.
The link predictor decoder is conceived as a 3-layer MLP
(Multi-Layer Perceptron) with an input and output dimension
of h and ReLU activation functions between the layers, except
for the last layer. Given two graph nodes vi and v j with
their encoded node features xi and x j, the probability of a
connection between them is obtained as:

zlp
i j = σ(MLP(xi · x j)) (3)

Here, σ represents a sigmoid activation function, ensuring
that the predicted probability is within the range (0, 1). The
MLP applies a series of linear transformations and non-linear
activations to the dot product of the node features xi and x j
before producing the final probability value. In Fig. 5a the link
probabilities predicted for a sample input graph (Fig. 5b) are
shown.

4) Node Orientation Prediction: When representing linear
objects and shapes, it is possible to perform an orientation
characterization for each vertex of the graph. This character-
ization aims to describe the local section of the linear object
near the vertex by assigning an orientation attribute to the
vertex itself. To achieve this, the features FM extracted in Sec.
III-B2 with dimensions h are mapped to a 180-dimensional
vector through a single neural network linear layer followed
by a softmax activation function. This process is similar to
what is done in [4], with the fundamental difference being
that the input features are extracted from the encoded mask
Menc instead of employing fixed-size crop images of Mdist.
The resulting 180-dimensional vector represents the node
orientation as a Gaussian function centered at the predicted
orientation, similar to the encoding performed to the edges
in Fe (see Sec. III-B2). To obtain the actual angular value,
the argmax function is applied to determine the peak of
the predicted distribution. An example of the estimated node
orientations for a sample graph is shown in Fig. 5c.

5) Node Subgraph Classification: Until now all the nodes
v ∈ V are regarded as similar with no distinction. However, in
the context of DMLOs, it is possible to distinguish between
two types of nodes: highly-connected nodes and normal nodes.
A highly-connected node is defined as a node having a degree
of more than 2, which instead is the limit for normal nodes,
i.e. a node that is contained in a given section of the DMLO.
Highly-connected nodes are branch-points, where two sections
are connected, and intersection-points, where two sections are
overlapping.

The node classification task is employed to predict the type
of each node in the graph among the two possible ones.
Classifying directly the nodes of the graph is challenging, even
exploiting the graph structure, since the condition of being a
highly-connected node is due to an area around the node rather
than the node itself. To better characterize the task, subgraphs
of one hop around the considered node are computed and used
in the classification task. The features of the nodes composing
the subgraph are exploited to enrich the set of data making the
classification problem easier. A GNN is utilized to process the
node features of the subgraph and predict the probability of
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Fig. 5. Outcomes of the different stages of the pipeline. From the graph with the input set of edges Eknn (a), the predicted edge probabilities are displayed in
(b) while the node orientations are in (c). The result of the node subgraphs classification task between normal (0) and highly-connected (1) nodes is shown
in (d).

the entire subgraph originating from a highly-connected (label
1) or normal (label 0) node.

As node features, the encoded position and mask informa-
tion are exploited as described in Sec. III-B2. In addition, the
node embedding obtained by the last GNN encoder layer of
Sec. III-B3 is concatenated as well. Thus, a linear layer is
used to process the node feature vector of dimension 3h/2 to
a dimension of h.

As edge features, the encoded norms and direction as
detailed in Sec. III-B2 are exploited. The output of the decoder
of Sec. III-B3 is processed by a linear layer with input
dimension 1 and output dimension h followed by a ReLU
activation function, obtaining F lp

e . The final edge features are
obtained by summing the entries of Fe and F lp

e .
The structure of the GNN is similar to the one employed in

Sec. III-B3. It is composed of one GNN layer with an input and
output dimension of h and a ReLU activation function. Then,
as output, an add-pooling operation is performed at the graph
level to aggregate all the features of the nodes into a single
embedding vector of dimension h. Finally, two linear layers
compress the embedding first to a dimension of h/2 and then
to an output dimension of 1. A sigmoid activation function is
thus applied to the output to obtain the final probability value
in the range (0-(1). In Fig. 5d an illustration describing the
predicted node classes for a sample graph is depicted.

6) Training Strategy: For all network training, the binary
cross-entropy loss function is employed. The link prediction
task of Sec. III-B3 and the node orientation prediction task
of Sec. III-B4 are optimized together with a combined loss
function, as:

Llink,θ = Llink + Lθ (4)

The link prediction task is optimized by computing the
loss among the positive (predicted value of 1) and negative
(predicted value of 0) edges. The first relates to the edges
present in the ground truth graph as described in Sec. III-B1.
The latter is obtained starting from the set Eknn by subtracting
the ground truth edges.

Regarding the node orientation prediction task, the smooth
label strategy is employed to map the angular values from the
[0◦, 180◦] domain to a 180-dimensional domain in the form
of a Gaussian distribution centered at the angular value [34].
Thus, this encoding is applied to the angular ground truth data
of Sec. III-B1 and the network is trained to predict a similar
output in the form of a classification task with respect to the
180-dim classes, i.e. the node orientation angles in degrees.

The binary-cross entropy loss Lθ is thus computed element-
wise on the predicted and ground truth value across the vector
dimension.

The node subgraph classification network of Sec. III-B5 is
also trained with a binary-cross entropy loss between the node
labels and the output provided by the network. The labels
are obtained from the ground truth graph, where nodes in the
proximity of branch-points and intersection-points locations
are given a value of 1 instead of 0 assigned to all the
others. Since the ratio between the 0-class and 1-class is quite
unbalanced toward the first one, the 0-class is downsampled
to roughly match the number of elements in the 1-class.

C. Solver
To compute a final representation of the DMLO, the solver

combines predicted link probabilities, node orientations, and
node classes. The solver, outlined in Alg. 1, performs three
main steps:

1) Edges filtering: the input graph edges are refined
based on the predicted link probabilities (Sec. III-B3)
and nodes orientations (Sec. III-B4) as described
in Sec. III-C1;

2) High-degree nodes handling: based on the predicted
node classes, high-degree nodes are interpreted and
handled accordingly, as detailed in Sec. III-C2;

3) Sections, branch-points and intersection-points extrac-
tion: the final topology representation is computed, as
detailed in Sec. III-C3.

In the following, each step is discussed in detail.
1) Edges Filtering: The first step of the solver is filtering

the edges of the input graph. Indeed, the cardinality of Eknn is
quite large since the majority of edges are either connecting
two different DMLO sections or just redundant within the
same section. The filtering is accomplished by first accounting
the predicted link probabilities Zlp (line 1), and then by
considering also the node orientations Zθ (line 1).

a) Link Prediction Solver: It takes into account the
predicted link probabilities Zlp to select the edges that are
more likely to be part of the same DMLO section. The link
probabilities are computed by the GNN network of Sec. III-B3.
The link prediction solver is employed to just remove all the
very unlikely edges in the graph, thus a quite low threshold
value (e.g. 0.05) on the computed probabilities is employed
and only the edges having a probability greater than the
threshold are kept. The resulting graph is Glp = (V , Elp).



CAPORALI et al.: GNN TOPOLOGY REPRESENTATION LEARNING FOR DMLOs DUAL-ARM ROBOTIC MANIPULATION 14745

Algorithm 1 Solver
Input: V , Eknn, Zlp, Zθ, Zcls
Output: P , B, I

1 /* Edges Filtering */

2 Elp ←link prediction solver(V , Eknn, Zlp)
3 Ef ← edges simplification(V , Elp, Zθ)
4 G′ ← (V , E f )
5 /* High-degree Nodes Handling */

6 E0 ← process normal nodes(G′, Zcls)
7 E1 ← process high deg nodes(V , E0, Zcls)
8 G′′ ← (V , E1)
9 /* Topology Output */

10 B ← branch points extraction(G′′)
11 P ← sections extraction(G′′)
12 I ← intersection points extraction(G′′)
13 return P , B, I

Fig. 6. Effect of solver stages: (a) Obtained graph after the application of
the edge filtering stage on the input graph of Fig. 5a; (b) The result of the
high-degree nodes handling exploiting the estimated node classes.

Fig. 7. Node orientation solver updating the edges around node k in case
its orientation is consistent with the nearby existing edge ei j between nodes
i and j.

b) Node Orientation Solver: This step is performed to
remove redundant edges that result, for instance, in graph
cycles. The edges are checked to remove the ones that are
mostly aligned with other nodes. The alignment is evaluated
by considering the node orientations Zθ. In particular, the
orientation of a node is an angular value, which is converted
into a direction vector, e.g a direction vector of node vi with
orientation zθi is obtained as di =

�
cos(zθi ) sin(zθi )

�>. The cosine
similarity is employed to evaluate the alignment between the
direction vectors of the edges and the nodes. The cosine
similarity for two general vectors a and b is defined as

cos sim(a, b) =
aT b
||a||b

. (5)

With reference to Fig. 7, let’s consider one edge ei j and
a separate node vk. The direction of edge ei j is denoted as
de

i j. The distance between the edge segment and node vk is
computed. If the distance is less than the estimated DMLO
thickness at point vk (this is easily obtained by Mdist), then
the edge is removed if the orientation of node vk is consistent

Fig. 8. Examples of cluster formation in regions containing high-degree
nodes, indicated in black. The numbers are used to indicate the sub-sections.

with the one of edge ei j, i.e. |cos sim(dk, de
i j)| < 0.5 where | · |

denotes the absolute value. In particular, two additional edges
eik and ek j are inserted to compensate for the removal of ei j as
shown in Fig. 7. This process can be applied to multiple nodes
simultaneously by projecting them onto the edge and placing
new edges accordingly. Moreover, it is carried out for all nodes
in V via matrix multiplications, resulting in efficient processing
times. All the selected edges are stored in Ef obtaining the
graph G′ as shown in Fig. 6.

2) High-Degree Nodes Handling: The predicted node
classes Zcls of Sec. III-B5 are exploited to further refine the
graph G′ = (V , Ef). First, the predicted normal nodes are
processed followed by the high-degree nodes clustering and
processing. Considering the predicted values Zcls, the nodes
in V with a class score below a threshold value (e.g. 0.5) are
considered normal nodes, Vnormal. The remaining nodes are
considered high-degree nodes, Vhigh.

a) Normal Nodes Processing: Among the normal nodes,
those having a node degree higher than 2 in G′ are processed
in order to simplify the graph since their connectivity is in
contrast with the predicted class. For a given node vi charac-
terized by a degree larger than 2, all the edges connected to vi
are retrieved and organized in combinations of two elements.
Indeed, since vi is assumed to be part of a DMLO section, it
should have just two edges. Among the combinations, the one
describing the smoothest connection is selected and the other
edges are removed. The smoothness is evaluated by employing
the cosine similarity as in eq. (5). In particular, considering
two edges e ji and eik of node vi, their smoothness is obtained as
s jik = cos sim(de

ji, d
e
ik). The final set of edges E0 is computed

after processing all the normal nodes.
b) Cluster-Based High-Degree Nodes Processing: The

nodes in Vhigh are processed by first organizing them into clus-
ters considering as graph G0 = (V , E0). Each cluster describes
one given DMLO area characterized by high-degree nodes.
Indeed, since multiple nodes can describe the same branch-
points and intersection-points area of the DMLO, neighboring
nodes will have similar class predictions, as shown in Fig. 5d
where the two high-degree areas of the graph show smooth
values between 0 and 1. Thus, the clustering is performed by
collecting the neighbors of each node in Vhigh and accounting
for possible overlapping. Fig. 8 shows examples of clusters
surrounded by sub-sections (e.g. 1, 2 and 3 in Fig. 8a).

Then, each cluster is solved by connecting the individual
sub-sections in the most smooth way possible. For instance,
as illustrated in Fig. 8, which shows the clustering results for
two different examples, the following connections are estab-
lished: in Fig. 8a, sub-sections 2 and 3 are connected, while
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Fig. 9. Schematic of the manipulation motion originated for the represented
topology.

in Fig. 8b, the connections are made between sub-sections 1-3
and 2-4. The merging process involves evaluating proposals for
merging sections and calculating a smoothness score, similar
to the approach applied at the node level using eq. 5.

The final set of edges, E1, is thus determined, and the
resulting graph G′′ = (V , Eint) is constructed. An example of
the computed graph G′′ is shown in Fig. 6b.

3) Sections, Branch- and Intersection-Points Extraction:
The last step of the solver is the computation of the final
topology representation. Only at this stage, a key assumption
is leveraged to classify branch- and intersection-points based
on the degree of the nodes in G′′. In particular, nodes with
a degree of 3 are classified as branch-points whereas nodes
with a degree of more than 3 as intersection-points. Therefore,
branch-points are extracted from the graph G′′ and stored in
B (line 1 in Alg. 1). Then, the sections are computed by
traversing the graph starting from the nodes with degree 1 or
degree 3, and ending at the nodes with degree 1 or degree 3.
The sections are stored in P (line 1). Finally, the intersection-
points are obtained by checking the intersections between
different sections in P and saving the result in I (line 1).

IV. TOPOLOGY-DRIVEN MANIPULATION

The effectiveness of the proposed DMLO topology repre-
sentation is demonstrated through a manipulation task. This
section introduces the manipulation framework, focusing on
the problem of spreading (or disentangling) a DMLO by
removing all intersections between its sections.

In this context, the following three assumptions are intro-
duced: 1) the structure of the DMLO is not known, therefore
no information from it is exploited, e.g. root location. 2) Given
the stiffness of the DMLO considered, e.g. an automotive
wiring harness, the motion of a section of the DMLO is
approximated by a rigid transformation constrained to rotate
around the associated branch-point; 3) Although the method
of Sec. III does not require 3D data, for the following disentan-
gling task, we assume that depth information is available. This
allows for 1) transforming the DMLO topology from the image
coordinate system to the robot’s Cartesian coordinate system,
and 2) simplifying the identification of the above section for
DMLO disentanglement.

To solve the manipulation task, a dual-arm robot system is
employed. The first arm (robot 1) performs a pick-and-place
operation with a motion trajectory around an estimated center
of rotation, i.e. the branch-point. The second arm (robot 2) is
used to keep a part of the DMLO fixed in place. An illustration
is provided in Fig. 9.

The manipulation task is detailed in Alg. 2. As input, the
topology representation of the DMLO contained in the scene

under analysis is provided, in the form of sections P , branch-
points B and intersection-points I. The goal is to solve all the
possible intersections present in the DMLO (line 2), where
each possible manipulation action computed is saved into A
(line 2).

For a given intersection i, the segments characterizing it
are retrieved at line 2. Given the two segments, the section
of the DMLO above at the intersection i is evaluated from
the 3D data (line 2) by selecting either si,0 or si,1. The chosen
section is the one whose nodes closest to the intersection point
have the largest average distance along the z-axis from the
underneath plane. Therefore, the branch-point constraining the
motion of sabove is retrieved as the one closer to the intersection
i along sabove, in the direction of its encounter with the other
section (line 2). This will give the section to move and the
rotation center of the movement described in Fig. 9.

The pick-and-place trajectories (line 2) are generated by
simulating a circular motion of sabove around the fixed center
(held by the other arm). The rotation direction is determined by
the angle increase at the branch-point, i.e. spreading objective.
The designated grasp locations are strategically positioned
just before the rotation-center branch-point and just after the
intersection-point, see Fig. 9. This placement is crucial for
minimizing the risk of collisions with other parts of the object.
Given multiple intersection-points, the one to manipulate is
selected as the most external in the graph topology (line 2),
i.e. closer to graph terminal nodes with degree 1, since it is
assumed to be easier to solve. Fig. 9 illustrates the approach.
Task assignment for each arm (hold or motion) is based on
the distance to the target poses.

Algorithm 2 DMLO Intersection Manipulation

The proposed method is just one possible approach to the
disentangling task, and we acknowledge that more effective
methods may exist. However, the goal of this section is
to present a straightforward, easy-to-implement manipulation
approach that leverages the estimated topology from Sec. III
for deployment in a robotic task.

V. EXPERIMENTS

The experiments involve the evaluation of the proposed
topology representation pipeline in a real-world manipulation
scenario. The experimental setup is composed of a robotic
cell containing two Panda robots from Franka Emika shown
in Fig. 1. The robotic cell is equipped with a Photoneo
MotionCam3D structured-light camera statically mounted.
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Fig. 10. DMLOs real-world test samples.

Details about the training dataset and hyperparameters are
provided in Sec. V-A whereas the DMLOs employed in
the experiments are presented in Sec. V-B. Then, Sec. V-C
discusses the manipulation experiment that is used to both
evaluate the application of the proposed method for manip-
ulation purposes and also to collect test samples. Sec. V-D
analyses the collected samples. An analysis of the timing per-
formances of the method is provided in Sec. V-E. Comparisons
with methods from the DLOs domain are performed
in Sec. V-F. The limitations are detailed in Sec. V-G.

A. Training Details
The synthetic dataset introduced in Sec. III-B1 is exploited

in the training phase. It consists of a total of about 1600
graph samples used for train and 280 graph samples used
for validation. First, the link predictor and node orientation
predictor are trained. A learning rate of 10−3 is employed with
the Adam optimizer. The batch size is set to 2, the hidden
dimension h to 32, and the training is performed for 200,000
steps. The best model is selected based on the validation loss.
Then, the node subgraph classificator is trained by employing
the same dataset but also the previously trained predictors,
which are kept frozen in this last training phase. A similar
training process is employed. In particular, a learning rate of
10−5 is used with the Adam optimizer. The batch size is set to
64, the hidden dimension h to 32, and the training is performed
for 50,000 steps. The best model is selected based on the
validation loss.

B. Test DMLOs
The experiments are performed using real-world automotive

wiring harnesses, shown in Fig. 10. Samples differ by increas-
ing the complexity of the structures and the number of final
endpoints. The samples, with reference to Fig. 10, are named
and characterized in the following way:
• WH1: Plain taped cables with 1 branch-points and two

end-points.
• WH2: Taped cables with side routing clips. A total of 3

branch-points and 5 end-points. Various final connectors
with different sizes and shapes.

• WH3: Taped cables with side routing clips. A total of 5
branch-points with multiple end-points of different sizes.

C. Manipulation Experiment
The manipulation experiment is used to evaluate the per-

formance of the proposed pipeline in a real-world scenario
and to collect test samples. In particular, in the experiments,
from the camera a point-cloud of the scene is acquired, the
plane segmented, and the mask of the DMLO object generated.
Therefore, the mask is processed by the proposed pipeline

TABLE I
OFFLINE EVALUATION RESULTS IN TERMS OF DICE SCORE FOR THE LINK

PREDICTED IN GRAPH G′′ AND DETECTION ACCURACY FOR B AND I

to extract the topological representation. The manipulation
action is computed according to Sec. IV, and the robot is
commanded to execute it. The DMLO is configured to have
at least one intersection-point. The goal of the manipulation
task is to remove the intersection, effectively disentangling
the different sections of the DMLO. After the manipulation
action is executed, the mask is processed again by the proposed
pipeline to extract the obtained topological representation. The
experiment is repeated 10 times for each of the three types of
DMLOs, i.e., WH1, WH2, and WH3. In total, a set of 60 test
samples is collected, 20 for each type of DMLO.

The sequence of manipulation steps for each type of the
DMLO is displayed in Fig. 11. The figure contains snapshots
extracted from a video available as supplementary material.
The experiments show that the proposed pipeline is able to
correctly identify all the branch-points and sections of the
DMLOs which allowed a correct manipulation action to be
computed. The results are also confirmed by the evaluation of
the test samples, which is reported in Sec. V-D.

D. Offline Evaluation
The offline evaluation is performed on the 60 samples

collected in the manipulation experiment of Sec. V-C. The
evaluation is performed by comparing the extracted topology
representation with the ground truth one. The ground truth
is manually annotated by an expert operator. The annota-
tion process consists of manually providing branch-points,
intersection-points, and sections labels.

1) Overall Results: The results of the offline evaluation are
presented in Tab. I, with values reported for each test class and
also as the average across the entire test dataset. In Fig. 12, the
input masks used in the experiment trials shown in Fig. 11 are
displayed. Notably, the proposed method extracts the DMLO
topologies using only those input masks.

When it comes to predicting the edges for G′′, the results are
expressed through the dice score, emphasizing the effective-
ness of the approach in generating reliable edges to construct
the topology graph.

The proposed pipeline successfully identifies the majority of
branch-points within the DMLO samples. Referring to Tab. I,
it can be observed that for WH2 and WH3 samples, there are
3 and 7 instances of false positive branch-points detected,
respectively. Additionally, the WH3 sample exhibits 6 false
negative branch-points detections.

As for the intersection-points, there are inaccuracies in the
WH2 sample, with one intersection-point incorrectly identi-
fied as a branch-point, and in the WH3 sample, where one
intersection-point remains undetected due to graph-related
inaccuracies.
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Fig. 11. Snapshots of the untangling manipulation experiment employing three different automotive DMLOs. The branch-points and intersection-points are
shown as red and blue dots.

Fig. 12. Example input masks used in experiments.

Fig. 13. Offline evaluation results of the single learned components of the
proposed pipeline for the different DMLOs composing the test set. With ALL,
the entire set of samples is considered.

2) Performance of the Single Components: To provide a
more detailed analysis of the performance of each individual
learned component within the approach, here are presented
separate evaluations for the link predictor (Sec. III-B3),
node orientation predictor (Sec. III-B4), and node classifier
(Sec. III-B5). The results are shown in Fig. 13. Since all
three components are engaged in binary classification tasks,
a common evaluation metric, specifically the precision-recall
curve, is employed.

In the evaluation of the link predictor, ground truth edges
from the reference graph are extracted and utilized for assess-
ment. For the node orientation predictor, ground truth node
orientations are derived by fitting spline curves along the
labeled sections and by determining the tangent lines to the
curves at each node’s position.

The node classifier, on the other hand, is assessed by
utilizing the labeled branch-points and intersection-points. It
is worth noting that the location of the assigned high-degree
node point may vary in relation to the node’s position in the
graph. Consequently, the classifier is expected to provide a
one-class prediction within a specified radius, set at two times
the thickness of the DMLO in the relevant area.

When examining the outcomes of the link prediction task
(as shown in Fig. 13a), it is notable that the predictor faces
the challenge of accurately classifying only the two closest
neighboring nodes to the considered one. Rather than deliv-
ering a sharp distinction, the predictor often produces a more
gradual prediction, occasionally assigning high probabilities
to the two more distant nodes as well. Indeed, this is clearly
illustrated by the ALL and ALL (2hop) curves in the figure.
With ALL, an edge is considered positive if connects two nodes
at a 1-hop distance along a section of the DMLO. Instead, with
ALL (2hop) are considered positive edges both the 1-hop and
2-hops ones within the same section of the DMLO. In the
proposed methodology, this behavior does not pose an issue,
as it effectively filters out unnecessary edges, as elaborated in
Sec. III-C1.

Concerning the node classification task, the plot in Fig. 13b
provides clear evidence of the capabilities of the classifier in
locating the areas of the graph subject to high connectivity.

Conversely, the orientation estimation error, as depicted in
Figure 13c, exhibits a distribution akin to the normal curve,
with statistical characteristics of approximately 0.63 ± 10.03
degrees. Notably, it is essential to highlight that this error is
primarily influenced by incorrect edges within the mask and
the presence of obtrusive objects such as clips and plugs.

As a remark, the performance of the learned components (i.e
Secs. III-B3, III-B4 and III-B5) are not impacted by variations
in the overall number of branch points and intersection points,
as the graph is processed at the local level.

E. Timings and Model Complexity

In Tab. II, the recorded timings for the primary proce-
dures of the proposed method across the test set collected
in Sec. V-C are presented. The values are expressed in
milliseconds and have been obtained on a laptop PC running
Ubuntu 20, equipped with an Intel Core i7-12700H processor,
16GB of RAM, and an Nvidia 3050Ti graphics card with 4GB
of VRAM, all powered by PyTorch 1.10 with CUDA enabled.

The table provides clear evidence of the efficiency of the
approach when executed on a standard hardware configuration.
Computational demands increase with scene complexity, as the
average graph nodes in WH1, WH2, and WH3 are 62, 82, and
140, respectively.
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TABLE II
TIMINGS OF THE MAIN PROCEDURES OF THE APPROACH

ACROSS THE TEST SET. VALUES IN MILLISECONDS

Fig. 14. Comparisons of the proposed method against RT-DLO [4] and mBEST
[27] performing the instance segmentation task on the respective proposed
DLOs test datasets.

Regarding model complexity, the CNN feature extractor,
link predictor, and node orientation predictor have 13K, 21K,
and 10K learnable parameters, respectively, while the subgraph
node classifier has 11K learnable parameters. Importantly,
the graph size does not affect the total number of learnable
parameters, as they depend solely on the model architecture.

F. Comparison With Methods From DLOs Domain
In the existing literature, there are no direct and com-

prehensive comparatives available for the proposed pipeline.
However, it is possible to benchmark it against methods
designed for similar tasks, particularly those related to the
perception of DLOs. In this context, two methods emerge
as possible benchmarks, namely RT-DLO and mBEST [27].
Both of these baseline methods focus on instance segmentation
of DLOs: starting from a semantic segmentation mask, they
produce a colored mask where each DLO is represented by a
unique color corresponding to its ID. In particular, RT-DLO
employs a graph-based representation of the scene similarly to
the proposed framework. Instead, mBEST exploits a skeleton-
based approach.

1) DLOs Instance Segmentation: The proposed method is
adjusted to produce a similar output to the one of RT-DLO
and mBEST for what concerns the instance segmentation
task. Therefore, given the graph topology, a colored mask is
generated based on the extracted section with mask thickness
information obtained from the distance transform image Mdist.

For the evaluation, the same test dataset as the respective
works is utilized, which includes dataset categories C1, C2
and C3 from [4] and S1, S2, and S3 from [27]. The evaluation
metric employed is the dice score.

The results of these comparisons are shown in Fig. 14 in
the form of boxplots. From the plots, it is evident that the
proposed method serves as a viable alternative to the baseline
methods, with the primary distinction being the versatility
of the proposed approach: it can be seamlessly applied in a
context involving both DMLOs and DLOs. When compared

Fig. 15. Ablation study of link prediction and node orientation tasks with
components taken from RT-DLO.

to mBEST, the proposed method exhibits robust performance
and the capability to handle self-loops without requiring any
modifications compared to the case of DMLOs. Regarding the
comparison with RT-DLO, similar performance is observed,
albeit with a slight decrease in the Dice score values. This
drop can primarily be attributed to the differing scopes of
application for the two methods: RT-DLO focuses on DLOs,
while the proposed method targets DMLOs. Specifically, RT-
DLO only addresses highly-connected nodes as intersection
points. In contrast, the proposed method accommodates nodes
with a degree of three (i.e., branch points), which may lead to
the estimation of suboptimal topologies when applied to scenes
containing DLOs. Therefore, better results could be achieved
by tailoring the proposed method specifically for DLOs.

2) Ablation Study: RT-DLO approach is similar to the
proposed one in terms of graph-based representation. Thus,
a study about replacing several components of the proposed
pipeline with the alternative ones of RT-DLO is conducted
here. Specifically, the use of RT-DLO’s graph generation and
link prediction approach is evaluated to replace the proposed
graph initialization stage (Sec. III-A) and the GNN-based link
prediction (Sec. III-B3). The results of this evaluation can
be seen in Fig. 15a. One notable advantage of the proposed
graph initialization stage is its ability to maintain consistent
node density, even when dealing with highly diverse masks.
In contrast, the vertex sampling ratio is manually adjusted
in RT-DLO to match the number of nodes in the proposed
approach for a fair comparison. Overall, the proposed method
demonstrates superior performance in predicting consistent
edges within the node-set.

Additionally, the node orientation prediction task
in Sec. III-B4 is replaced with RT-DLO’s specific neural
network approach, which accomplishes the same task but
using image crops of Mdist. The results are presented in Fig.
15b. The error in node orientation prediction is comparable
between the two approaches, with the primary distinction
lying in the architecture described in Sec. III-B4, which
eliminates the need of mask cropping.

An attempt was also made to utilize the graph generated by
RT-DLO along with the predicted node orientations to perform
node subgraph classification in Sec. III-B5. Nevertheless, the
outcomes proved to be highly unsatisfactory, underscoring the
crucial importance of the preliminary encoding stage carried
out in Secs. III-B3 and III-B4.

G. Limitations and Failure Cases
The proposed approach is not exempt from limitations and

drawbacks, which manifest themselves in two primary areas:
1) the representation of topology and 2) the manipulation
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Fig. 16. Limitations of the proposed method concerning topologies derived
from masks that exhibit artifacts and gaps.

strategy. As for the former, key limitations are depicted in
Fig. 16. Specifically, Fig. 16a illustrates a scenario where two
distinct branch sections are merged into a single one, while
Fig. 16b illustrates a situation where a branch-point is not
detected. These issues arise because the DMLO’s topology
is reconstructed based solely on the input mask, making it
susceptible to inaccuracies and suboptimal topologies due to
gaps and other mask artifacts. While the graph-based approach
does provide a degree of resilience against these issues, it is
limited in its effectiveness up to a certain extent. Addressing
the first limitation might be achievable by imposing a consis-
tency constraint on the smoothness of the extracted sections.
Nevertheless, this solution introduces a new parameter to tune
and does not represent a definitive resolution. In addition, the
topology extraction phase described in Sec. III-C3 relies on
a fundamental assumption about node degree to distinguish
between branch-points and intersection-points. However, this
approach may become inadequate in scenarios where branch-
points involve a significantly larger number of connecting
sections. In such cases, more sophisticated methods will be
necessary. Extending the approach from the planar to the
3D domain by incorporating 3D node positions as distin-
guishing features could simplify the disambiguation between
intersection-points and branch-points.

Regarding the manipulation aspect, the principal limitation
originates from the simplicity of the proposed manipulation
strategy in Sec. IV. Indeed, the method can fail in the case
of complex DMLOs, where the branch-points are not easily
accessible or there is no space to perform the manipulation
action. For example, this occurs for WH2 in Fig. 11, where
the small length of one section prevents disentangling with
the current system due to collision issues between the robots.
This simplicity of the manipulation approach is intentional,
as the paper’s objective is to present a methodology to
derive a topological description of a DMLO without prior
knowledge of its actual structure. Hence, a straightforward
manipulation strategy is chosen to highlight the advantages
of using this representation. We believe that the challenges
inherent in DMLO manipulation—such as multi-step planning,
collision avoidance, dynamic replanning, and handling elastic
deformations—require a more comprehensive exploration. The
proposed topology representation can serve as a key com-
ponent for effectively addressing these challenges in future
research works.

VI. CONCLUSION

This paper presents a new approach to efficiently and
accurately estimate the topology representation of DMLOs
using graph neural networks. Learning on graph data has
proven to be effective in exploiting the structure of the DMLO

graph for node and edge embedding, which has promising
implications for DMLO applications in robotic manipulation
systems. The offline evaluation of a set of DMLOs demon-
strates that this method can estimate topology representation
with good accuracy and respectable time efficiency. Moreover,
an online experiment using a robotic cell highlights the prac-
tical application of this approach for improved manipulation
capabilities in real-world scenarios.

In future works, we will explore the integration of knowl-
edge about the topological structure of the DMLO. This will
involve investigating methods to match and align the extracted
DMLO topology within the actual scene. Furthermore, we
plan to develop a more sophisticated dual-arm manipulation
strategy.
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