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Visualizing High-Dimensional Configuration Spaces For Robots: A
Comprehensive Approach for Quantitative and Qualitative Analysis

Jorge Ocampo Jimenez and Wael Suleiman

Abstract—The reconstruction of Configuration Space (CS)
from a limited number of samples plays a vital role in expediting
motion planning for random tree algorithms. Traditionally, the
evaluation of CS reconstruction is performed through collision
checking. However, employing the collision checker as an evalua-
tion measure can be misleading. In particular, a collision checker
may exhibit high accuracy even when only a subset of the original
CS is reconstructed, limiting the motion planner’s ability to find
paths comparable to those in the original CS. Additionally, a
significant challenge arises when dealing with high-dimensional
CSs, as it becomes increasingly difficult, if not impossible, to
perform qualitative evaluations when working in dimensions
higher than three.

In this paper, we introduce a novel approach for representing
high-dimensional CSs of manipulator robots in a 2D format.
Specifically, we leverage the kinematic chain of manipulator
robots and the human ability to perceive colors based on hue.
This allows us to construct a visualization comprising a series
of pairs of 2D projections. We showcase the efficacy of our
method in representing a 7-degree-of-freedom CS of a manip-
ulator robot in a 2D projection. This representation provides
qualitative insights into the joint boundaries of the robot and
the collision state combinations. From a quantitative perspective,
we show that the proposed representation not only captures
accuracy but also furnishes additional information, enhancing
our ability to compare two different high-dimensional CSs during
the deployment phase, beyond what is usually offered by the
collision checker. The source code is publicly available on our
repository 1.

Index Terms—Random sampling, CS Representation, Accu-
racy, Manipulator Robots.

I. INTRODUCTION

In recent years, significant advancements have been made
in modeling the reconstruction of configuration space in
path planning. Notably, when applying probabilistic random
tree algorithms, an accurate approximation of the CS proves
instrumental in expediting the discovery of Collision Free
(CF)-paths. However, evaluating the quality of reconstruction,
particularly for high-dimensional CSs exceeding three di-
mensions, remains a challenging task. Qualitatively assessing
the reconstruction’s fidelity and directing sampling toward
CF-regions becomes progressively intricate as dimensionality
increases. Distinguishing between discrete datasets derived
from CF sampled states in the CS of a robot and other types
of datasets in unrelated domains is crucial. In the case of the
robot’s CS, the key distinction arises from its inherent spatial
nature, where similarities can be quantified through Euclidean
distance measurements between states. However, the primary
challenge lies in directly representing the CS as a Riemannian
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1https://bitbucket.org/joro3001/multidimensionalplots/

(a) Example of the WS were the human is close to
the right arm of the robot. The changes in the WS
are reflected in the CS

(b) Original CS representation coming
from a uniform random sampler and a
collision checker

Fig. 1: 2D visualization of a CF-CS for a 7-degree-of-freedom
(DOF) robot manipulator.

manifold, a subset of Rt for some t ≥ n and n ≥ 3, an
abstraction often unfamiliar to most. Moreover, the point cloud
representation may lack a foundational ground plane and may
exhibit limitations concerning everyday perceptual bases [1].
In path planning tasks, only CS representations limited to 3d
could be shown graphically without using the projection of
the path in the working space (WS)[2][3][4]. Another common
challenge encountered in working with approximations of CF-
CSs is the assessment of reconstruction accuracy. Relying
solely on accuracy data from the collision checker to eval-
uate the reconstruction of the CF-CS can be misleading. In
certain scenarios, it’s feasible to achieve 100% accuracy in
approximating CF-states, even when only a subset of the CF-
CS is being reconstructed. This can, in turn, limit the number
of CF-paths that can be discovered.

Considering these challenges, our objective is to assess the
reconstruction of the CS both qualitatively and quantitatively
before its implementation in the path planning tasks by propos-
ing a novel visualization of the CF-CS.

According to [5], a visualization serves as a mapping
between raw data and visual information, involving a sequence
that transforms the data into its final visual representation. In
[6], the authors categorize multidimensional data visualization
into three main stages:

• Data Transformation: This stage employs data analy-



sis techniques to extract meaningful insights from the
dataset. Often, this process involves some data reduction,
retaining only pertinent information. For instance, meth-
ods like Principal Component Analysis (PCA) [7] and
factor generation with subgroups [8] are used.

• Visual Mapping: In this stage, the meaningful information
obtained is encoded to create a visual representation.
Various techniques, such as scatter plots [9] and parallel
coordinates [10], are used to convey this information
visually.

• View Transformation: Techniques in this stage adapt
the display to emphasize critical features or aspects of
the data. Examples include splatter plots using Kernel
Density Estimation (KDE) [11] and continuous parallel
coordinates [12].

For a more detailed discussion of the various types of data
visualization, readers can refer to [6].

Our proposed approach primarily falls into the categories of
Visual Mapping and View Transformation. The process entails
establishing a ground plane that connects all the projections
from unidimensional θi+1 to S1, preserving the relationship
with the ground plane θi. This ground plane can be likened to
a coordinate chart ϕ that spans the manifold M by leveraging
the constraints inherent in rotative manipulators’ CSs. By
adhering to the definition of the kinematic chain, the forward
kinematic process follows a sequence of paired homogeneous
transformations, where each rotation matrix depends solely on
the last rotation matrix. This line of reasoning suggests that
it is possible to plot the CS interactions of each dimension
using only the last dependent entry while still representing
the complete CS and its dependencies. These dependencies are
graphically represented by colors and arc widths, combining
elements of scatter plots, radial coordinates, hue and satura-
tion, as illustrated in Fig. 1. Our approach takes advantage

Joint's constraints in the

con guration space

Graphical representation

of each joint independently

in the con guration space

Arm in the working

space

Fig. 2: A 3 DOF robot. We can easily observe the constraints
of each joint of the robot by looking at the entry θi from each
CF-state θ, with ji, ki ∈ R and i ∈ N. Each unconstrained
joint can be seen as a circle that is isomorphic to a line
segment between −π and π. It is not possible to observe the
dependencies between the joints.

of the isomorphism between a circle and a line segment to
represent the angles within the CS as arcs or line segments.
This approach allows us to create a representation that effec-
tively emulates the rotations of each joint and the constraints
governing them. Notably, this visualization method has the
unique ability to reveal constraints as distinct “holes” within
specific color dependencies. By employing this isomorphic

technique, we achieve a powerful means of conveying the in-
tricate interplay between the robot’s joints and their associated
limitations.

II. CONTRIBUTIONS

The primary contribution of this work lies in the devel-
opment of a 2D graphical representation for discrete, high-
dimensional CSs. This representation serves as a valuable tool
for practitioners in robotics and machine learning by aiding
them in the visual identification of CF-regions within the CS
by:

• Visual Identification of CF-Regions: We introduce a novel
approach that allows practitioners to visually discern
the areas within high-dimensional manipulator robot CSs
that are CF. This visual guidance greatly facilitates the
qualitative analysis of different CSs.

• Homology Group Detection: The representation en-
ables the detection of homology groups, particularly
H0 and H1, through the absence or presence of
colors and white spaces. For higher-order homology
groups (Hk with k ≥ 2), identification becomes
possible by adhering to the color constraints estab-
lished by the independent joints within the sequence
θ0, θ1|θ0, θ1, θ2|θ1, ..., θi, θi+1|θi, ..., θn−1, θn|θn−1.

• Qualitative Comparison of CSs: Our proposed represen-
tation offers an intuitive means to qualitatively compare
two different CSs.

• Local Region Differences: In cases where two CSs exhibit
visual similarity, our representation empowers users to
employ specific operations within the visualization to
identify differences in local regions.

• Encoding of Numerical Information: The representation
also encodes numerical information regarding the accu-
racy of a CS approximation achieved by the original CS’s
collision checker.

• Metric-Based Evaluation: Given that our 2D represen-
tation of high-dimensional CSs can be analyzed using
metrics from the field of computer vision, we can measure
the proximity of an approximation to the original CS.

III. REPRESENTATION CONSTRUCTION

The primary objective of the proposed visualization is
to offer both qualitative and quantitative insights into the
representation of a CS. Specifically, we aim to capture the
essential characteristics of a rotative manipulator robot for
motion planning tasks. This includes providing a comprehen-
sive view of CF positions of the robot’s joints in response to
variations in the robot’s current state within the working space.
Additionally, our representation allows us to visualize the
constraints imposed by obstacles in the environment, further
enhancing our understanding of the CS.

A. Kinematic chain and joint interaction

In the context of a rotative manipulator robot’s CS, char-
acterized by the presence of n ∈ N joints, each CF-state is
represented as a tuple in a dataset of size m ∈ N, the form of



(a) In this example, there is a 3D gap gener-
ated by the constraints in θ1.

(b) In this parallel coordinates representation
of the same CS, each line corresponds to
an independent state, presented as a unique
colored line. (c) 2D projections of θ0 × θ1 and θ1 × θ2.

Fig. 3: 5000 CF-states sampled from a 3D CS. Parallel coordinates can effectively capture the constraints within individual joints,
providing insight into each joint’s behavior but fail to illustrate the complex interactions between joints. The 2D projections
of Fig. 3c capture these interactions, such as the presence of a 3D hole by projecting it in two dimensions with different pair
of joints, but the simultaneous interactions across individual samples in all dimensions can be challenging to discern.

θ(j) = [θ0(j), θ1(j), ..., θn(j)], where −π ≤ θi(j) ≤ π, j ∈
N, j ≤ m. Each entry, denoted as θi, can be independently
visualized in a 2D representation. This representation employs
either polar coordinates in the form of [cos(θi(j)), sin(θi(j))]
or a 1D bounded line segment within the subset of [−π, π].

While visualizing θ(j) provides insight into the rotational
boundaries of individual robot joints, it falls short in capturing
the expressiveness of constraints imposed by the kinematic
chain. For example, if θi is restricted to the interval [−π, π]
due to self-collisions or obstacles within the robot’s WS, it
has a cascading impact on joint θi+1. However, when we
independently plot all potential values of entry θi+1 from a
uniformly sampled dataset, it results in an almost continuous
representation of the joint. This continuous representation ob-
scures our ability to identify CF regions shaped by constraints
originating from θi and affecting θi+1, as depicted in Fig. 2.

To project multidimensional data into lower dimensions
without losing the connection between non-consecutive entries
of each data point, it is essential to maintain the relationship
between the values within the θ(j) vector. For instance, when
conducting a 2D projection, there is a risk of information loss
when transitioning between consecutive entries θi and θi+1.
This is particularly problematic because, at any given point,
we have information only about the values of the previous
entry, θi. This is showcased in Fig. 3.

An advantage of working with rotative manipulator robots
is that each link connected to joint θi+1 can be considered
dependent only on the relative angle with respect to θi, this
can be seen as a series of 2D projections. The set of achievable
states for the robot is defined by the values of each θi,
constrained by homogeneous transformations i

i+1T (θi).
We propose a solution to address the visualization of high-

dimensional data by 2D projections by combining labeling
from parallel coordinates with the 2D projection of entry joints
θi×θi+1 following the order of the homogeneous transforma-
tions of a manipulator robot. In this approach, each point in the
2D projection is labeled according to the order of the homo-
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Fig. 4: Proposed data structure. By assigning a unique id to
each sampled point in θ0×θ1 and θ1×θ2, we are able to keep
the relationship between joint values of the original dataset
θ0 × θ1 × θ2.

geneous transformations; θ0(j), θi(j), θi+1(j), . . . , θn(j). This
integration of labeling enables us to preserve the relationship
intra-joint of the original data from the representation and
simultaneously detect 2D gaps within each projection θi×θi+1,
as visually represented in Fig. 4. Since we have a discrete
number of samples, interpreting the impact of each individual
point on the local regions becomes challenging; depending on
the spread of the samples, the data points may not effectively
convey the topology of the configuration space (CS).

Now that we know that it is feasible to keep most of the
n-dimensional CS when building the 2d data structures, the
act of visualizing continuous data to a discrete format for the
practitioner would result in the loss of information; this happen
even when the visualization has the same dimension as the
data being plotted. The discretization also creates branching
of the values of the original data. This loss of information
can be used in our advantage to plot discretization clusters
that approximate of the original data by its euclidean distance
with a sequence of 2D projections.

The visual representation of θi given
θ0, ..., θi−1, θi+1, ..., θn will be subject to discretization
when viewed on an output device; which impose limitations
on the number of pixels or file size represented as discrete
grid. Consequently, the potential for displaying various



Entries in the same sampled state

(a) Each time that we sample a CF-state θ(j), we consider that each
entry θi(j) has a relationship with the rest of the entries θk(j) of the
sample j. This relationships can be ordered following the kinematic
chain from θ0 to θn.

0 1 ...
...

Discretization

(b) The visual representation from the CS will be represented in a
discrete output, each θi(j) will be approximated given the resolution
of the output device. We can control the discretization before being
sent to the output for visualization by distributing uniformly the
sampled data given a uniform interval of size 1

nd
where nd ∈ N.

...

Entries in the same sampled state

(c) The new vector states θ̂(j) = θ(j)+σ will be created by keeping
the relationship of the previous θi(j), θi+1(j) on the perturbed by
discretization values θ̂i(j), θ̂i+1(j).
Fig. 5: Discretization effect when the continous values from
the CS are displayed on a discrete output device.

values for each pair of θi and θi+1 will be constrained
by the discretized state samples. This is achieved through
θ̂(j) = θ(j) + σ, where σ = [σ0, ..., σn] and σi ∈ R.

The visualized θ̂(j), will increase the probability of ob-
serving θ̂(j) = θ̂(k), where k ≤ m and k 6= j as the sample
size grows, provided the discrete resolution remains constant.
This is visually depicted in Fig. 5. The discretization naturally
leads to a tree-like structure, reflecting the interdependence of
individual joints. The children of the roots θi are expressed as
follows:

θi+1|θi(j) = {∀θi+1(k) : θi+1(k) ∈ θ(k) ∧ θi(k) = θi(j),

∀k ∈ N, 0 ≤ k ≤ m} (1)

For the sake of generality, we will treat θ as equal to θ̂,
considering that θ is sampled from a uniform distribution. As
nd, the discretization size of the uniform interval, approaches
infinity, we have θ ≈ θ̂.

This tree-like structure approach enables the detection of
patterns within the sampled points cloud of states by consid-
ering the interdependencies between consecutive joints. This
concept of grouping information together is reminiscent of
clustering techniques that use Euclidean distances between the
various sampled points.

B. Visualization
With the data organized into 2D sequenced projections and

clusters, we now turn our attention to effectively conveying

this information to the user. The goal is to provide a clear
visual representation that allows users to discern CF regions
and identify the constraints within the CS.

A key challenge is to uniquely and graphically identify the
root values expressed by the trees θi|θi+1 without inflating
the dimensions of the visualization and also preserving the
information of each independent sampled state. One elegant
solution to address this challenge is to employ color mapping.

Color mapping is a powerful technique that can be likened
to a curve within the 3D color space [13]. In our approach,
we employ color to represent the Euclidean distance within
the CS. Specifically, states that are close in terms of their
parent values and current configurations will exhibit similar
colors in the visualization. This color mapping not only aids in
visually capturing the CS structure but also helps practitioners
in clustering states within CF local regions.

Importantly, we maintain the visualization in 2D, as research
has shown that 2D visualizations can outperform their 3D
counterparts, particularly in tasks related to obtaining an
overview of the data [14].

The color mapping strategy involves associating a distinct
color with each root tree θi+1|θi. The creation of these trees is
necessary because of the limited color depth available in the
output device, which constrains the number of colors that can
be effectively represented. Although it is possible to assign a
unique real number to each state in the color map, the mapping
from the color map to RGB values would result in very close
values in the color map domain being assigned to the same
RGB color. From the user’s perspective, two states with nearly
identical RGB colors would appear the same. This process
can be likened to discretizing the original data, leading to the
formation of a tree-like structure as described in Eq. (1). Given
that each tree can be viewed as a 2D division of the n ×m
CS grid, it becomes feasible to implement a unique color map
for each joint θi.

The process begins by dividing the color mapping across the
uniform interval of [−π, π] and the discretization size nd for
each entry i. In practical terms, when we have a parent value
θi(j), we select a specific color from the color map. This
chosen color is then assigned to all the children θi+1|θi(j)
of the parent value, creating a clear visual representation of
the kinematic constraints within the CS. The color assignment
process is shown in Fig. 6.

In order to preserve as much of the information between
non-consecutive joints of the original dataset encoded by the
relationship between the 2D trees, θi+1|θi and the rest of the
joints in the sampled state, each time we assign colors to trees
of the form θi+1(j)|θi(j); where θi+1(j) can be also a children
of different parent θi(k), we add a slightly different color to
the states θ(k) by a perturbation ε(k) = ε(k)[1, ..., 1]T ∈ Rn,
ε(k) ∈ R+. While introducing noise to the original data
may introduce imprecisions to the original model, it can
help prevent the unbounded error associated with the possible
reconstruction of additional states resulting from the branching
of the data. It is worth noting that the error of the perturbed
state is bounded by ‖e(k)‖ given that the perturbation follows
‖θ(k) + e(k)‖ ≤ ‖θ(k)‖+ ‖e(k)‖.

After assigning the colors to the states, we precede to create
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Fig. 6: Each parent joint θi can be ordered given the interval
[−π, π]. Then we assign a color to each tree θi|θi+1(j) by
distributing uniformly the value of the joint θi given the
number of samples in the color space.
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Fig. 7: All the colored children of θi+1 are assigned a radius
ri+1 by an increasing function g(θi) and are plotted in their
respective 2d positions g(θi)cos(θi+1), g(θi)sin(θi+1). The
length of each circunference are given by the maximum and
minimum θi(j) from each θi+1(j)

a visual representation within the context of a rotative manipu-
lator robot, we have adopted a method that projects each tree
onto a segment of the circumference of S1. This approach
allows us to effectively identify the angles θi+1 at which the
joint is in a CF state. Much like the tree-based representation,
the color assigned to each arc corresponds to the angle of
the parent joint, which is denoted as θi. Essentially, each
parent θi(j) is visually represented by a dedicated arc on the
circumference of S1. In order to visualize all the colored
arcs θi|θi+1(j) distinctly, we employ an increasing function
denoted as g(θi|θi+1(j)) to assign a radius ri+1(j) to each
joint. This technique ensures that the arcs do not overlap with
each other. The length of each arc is determined by the specific
kinematic constraints of the joint. The reader can refer to Fig.
7 for a visual representation of this process.

By appropriately scaling each set of arcs θi|θi+1, it becomes
possible to plot the values of all the joints simultaneously.
To easily indicate the relationship between the colors and the

Fig. 8: The color map arc θi represents all the possible entries
of the joint given the dataset. This help us to localize the
original values of the sampled states in radians following the
kinematic chain of the robot.

corresponding angle of the parent joint θi, a color legend is
employed. This legend visually associates colors with their
specific angle in the parent joint θi.

To further improve clarity and readability, we add a chart
ϕ that connects the entry θi and θi+1 in the form of a
line segment spanning the interval [−π, π]. This line segment
defines the color map for the trees/arcs of the children θi+1|θi
and represents the boundaries of the entry θi, independent of
any other entry θi+k, k ∈ Z, k 6= 0. The visual representation
of the process is illustrated in Fig. 8.

IV. REPRESENTATION RESULTS

A 2D graphical representation of high-dimensional CSs
provides valuable insight into the similarities between two
distinct CSs. However, it’s essential to assess the representa-
tion’s effectiveness in quantitatively measuring the relationship
between these CSs, especially when compared to accuracy-
based metrics. This evaluation is crucial for the reconstruction
of CSs, as it plays a significant role in expediting path
planning using random-based algorithms, often complemented
by machine learning models.

A. Qualitative evaluation

In the context of a simple 2D manipulator robot, our
proposed visualization naturally captures the essence of the
2D projection of θ0 × θ1 as depicted in the trivial example in
Fig. 9. The challenge is to demonstrate how effectively this
concept translates to high-dimensional CSs.

To evaluate the effectiveness of our visualization in high-
dimensional CSs, we gathered a dataset of CF states from the
CS of a 7-DOF right arm of a Baxter industrial robot. This
evaluation included scenarios where a simulated human pres-
ence within the robot’s WS introduced geometric constraints,
which significantly impacted the representation of the CF-CS,
as illustrated in Fig. 1.

To estimate collisions between the robot and the simulated
human and construct a training dataset, we utilized MoveIt
[15] and OMPL (Open Motion Planning Library) [16] for
collision checking

We changed the position and orientation of the human in
two different random configurations within the WS of the
robot. We sampled 10,000 points for each configuration to
construct the CS.



(a) A simulated 2d robot. The links of
the robot are the green rectangles. The red
circles represent obstacles in the WS.

(b) θ0× θ1 projection of the 2d CS of the
robot in radians.

(c) Proposed visualization of the 2d robot.
Here the big gap of the θ0× θ1 projection
is shown as the lack of points with colors
in θ1|θ0 following the gradient of the map
θ0

Fig. 9: WS and CF simulation of 2 DOF. Our visualization highlights the changes that comes from the dependency of the two
joints: the lack of colors in the 2d arc θ1|θ0 means that the collision states were generated by constraints in θ0, the lack of
continuity of points of the same colors indicates constraints coming from the joint θ1.

(a) GAN trained with 0 epochs. (b) GAN trained with 10 epochs.

(c) GAN trained with 100 epochs.
Fig. 10: Reconstruction of the original CS of 7 DOF from Fig.
1 by training a GAN. We can see that given the increasing of
epochs the model starts to reproduce more closely the training
data.

We proceeded to train a small example to assess the capabil-
ity of representing high-dimensional data, with the objective of
comparing how well a trained model can accurately reproduce
the distribution of the original configuration space (CS).

We trained a Generative Adversarial Network (GAN) [17]
to develop a model that can generate samples from one of the
two configurations. We employed the architecture proposed in
[18], with the modification that the workspace condition is
now incorporated by simply concatenating 0 or 1 to the input
of the latent vector.

We selected the “GistEarth” color map for mapping θi
and θi+1|θi. This choice was influenced by the resemblance
of this color map to luminance-controlled maps, such as
“Rainforest” [19][20]. Luminance is a critical factor as it
conveys information about the structural aspects of surfaces
in three-dimensional space [21]. Moreover, this color map
remains interpretable in grayscale for individuals with color
vision deficiencies [19].

(a) CS1. (b) CS2.

(c) Negative image of the substra-
cion of CS1-CS2.

Fig. 11: CSs that look similar when the WS changes. We can
use the difference between the CSs visualizations to localize
more easily the regions were the CSs diverge.

As demonstrated in Fig. 10, our visualization representa-
tion effectively illustrates the model’s progress in learning
the original CS as training epochs increase. Notably, the
model continues to refine its understanding of the distribution
governed by its parent joints. For example, the arc θ3|θ2
illustrates this ongoing learning process, as it has yet to fully
capture the interrelationships between the joints, resulting in
the distribution of colors in the visualization. This is further
evidenced by the multitude of small holes in the original
data, depicted in Fig. 1. These gaps denote potential collision
configurations that the model is still in the process of lerning
them.

Upon closer examination, we observed that when two CSs
exhibit variations in only limited regions, it can be challenging
for users to pinpoint these specific alterations within the CS.
To address this issue, we leverage our image representation to
identify such areas of interest. By employing image subtraction
techniques, we can effectively extract regions where differ-



ences between two CSs are localized. These areas of interest
are indicated to the user, guiding them to investigate specific
regions exhibiting dissimilarity, highlighted by the values of
the pixels of darker colors. This approach is exemplified in
Fig. 11.

B. Quantitative evaluation

In the field of robotics and motion planning, the evalua-
tion of CS reconstructions typically occurs when a machine
learning model is put into action in an actual motion planning
task. For instance, in the case of random trees-type algorithms,
the conventional uniform sampler is often substituted with a
model specifically designed to generate CF states. The primary
aim here is to minimize the need for extensive collision-
checks, thereby accelerating the search for CF-paths. The
evaluation of these paths predominantly revolves around two
key metrics: the number of CF-paths discovered and the query
time. However, this approach comes with a notable challenge.

For instance, when a Generative Adversarial Network
(GAN) is employed to guide a sampler, the issue of mode
collapse can arise. Mode collapse is a phenomenon where
the generator predominantly produces a single sample or a
very limited set of closely similar samples [22], thus ignoring
a significant portion of the CS. As a result, when the robot
is deployed in real-world scenarios beyond the boundaries of
the GAN’s collapsed representation, it may miss crucial CF-
regions or paths. This situation is analogous to relying solely
on accuracy and collision checking to measure a subset of
the CF-CS. An illustrative example of this phenomenon is
depicted in Fig. 12.

Fig. 12: Mode collapse in GAN: The generator covers a small
subset of the true CF-CS; resulting in a scenario where the
collision checker achieves 100% accuracy when assessing the
generated samples.

Although our visualization offers valuable qualitative in-
sights into high-dimensional CSs, it also has the potential
to assess cases where only subsets of the CS are generated.
Furthermore, it can serve as an approximation tool, given that
it displays 2D projections of data from each pair of joints, θi
and θi+1, along with a chart, ϕ.

First, we conducted a test of our visualization to determine if
the visualization is able to captures information about accuracy
from the collision checker. In this context, accuracy is defined
as the ratio of CF-samples generated by the trained sampler,
validated by the collision checker, to the total number of
samples queried from the trained model.

We conducted experiments using the 100 different WS/CS
pairs from the previous section. In these experiments, we
introduced random collision states inside the boundaries of
the joints and replacing some of the CF-states of the original
CS. The amount of added collision states went from 10% to
100% of the total size of samples of each CF-CS, with 10%
increments.

To assess the alignment between accuracy and our visual-
ization approach, we conducted a set subtraction operation,
represented as A \ B = A ∩ Bc, between visualizations A
and B. During this operation, we replaced all pixels in the
perturbed CS visualizations that matched the non-perturbed
CS visualizations by setting their RGB values to white.
Subsequently, we calculated the ratio of non-white pixels that
remained after this replacement to the number of non-white
pixels before the replacement in the perturbed visualization.
This ratio served as our metric for measuring accuracy. We
discretized the data in 500 different uniform intervals between
[−π, π]. If the discretization is not made; we will under-
estimate the accuracy when comparing two visualizations of
the same CS but with different sampled states. We can see an
example of the discretization effect on A \ B = A ∩ Bc in
Fig. 13.

(a) Visualization of the set A \
B, here A has a smaller uniform
interval during discretization

(b) Visualization of the set A \
B, here A has a bigger uniform
interval during discretization

Fig. 13: The mesure derived from A\B from the visualizations
will change depending on the discretization applied to the CS,
given that the number of pixels that are in Bc and A will
change. In this case, A is a reconstruction of Fig. 1b that has
10% of its states in collision, and B is the original Fig. 1b

Given that each of the 100 different CSs accuracies from
visualizations are tested by measuring the correlation with the
accuracy from the collision-checker, we present the average
correlation using the Fisher-z transform; which results in
0.90 ± 0.10 using the predicted standard error. This strong
linear correlation [23] is expected, as we are directly plotting
the sampled data projections.

Despite the difference in scale given by the discretization
process, the strong correlation indicates that the proposed
visualization is able to capture the change in accuracy when
dealing with non-complete reconstructions of the CF-CS. This
suggests that the visualization captures the accuracy of the
collision checker in the context of high-dimensional CSs and
how the improvement of the approximation is reflected in the
visualization.

The proposed visualization is further tested to measure the
difference between two CSs, where one is a subset of the other,



this measurement is not available using the original collision
checker. In the context of image generation, there are various
methods to compare images. The simplest one is to use the
Mean Squared Error (MSE) per pixel. We can compare the
visualization subsets of a CS against the original visualization
of the CS and measure how well the density of the CS is
being reproduced. To evaluate this, we reduced the number of
sampled points in each CS from 90% to 10%, generating nine
different subsets, and estimated the MSE between the original
CS with 100% of its data points and its subsets.

Amount of samples of the subset MSE

90% 1.88 ± 0.01
80% 1.92 ± 0.01
70% 1.98 ± 0.01
60% 2.05 ± 0.01
50% 2.12 ± 0.01
40% 2.21 ± 0.01
30% 2.30 ± 0.01
20% 2.40 ± 0.01
10% 2.52 ± 0.01

TABLE I: Mean and standard deviations of MSEs of the 100
different CSs compared against their subsets with 90% to
10% of the original data samples. The MSE derived from the
visualization effectively gauges the extent to which the subset
deviates from the complete model.

As shown in Table I, as the number of points forming the
original CS is decreased, the MSE increases. This implies that
the visualization can effectively reflect how well a model is
being reconstructed based on the extent of the CF-CS. This is
a capability not achievable when relying solely on a collision
checker as a reference.

V. CONCLUSIONS AND FUTURE WORK

We introduce a novel 2D representation for high-
dimensional CSs of manipulator robots, designed to facilitate
the visual detection of regions where CSs differ due to changes
in their WS. Our findings demonstrate that our visualiza-
tion approach can effectively capture metrics like accuracy
and error measurements between CS approximations, which
broadens the provided information compared to traditional
approaches that rely solely on collision checking to assess the
difference between two CSs, especially in the context of CS
learning. This visualization offers valuable insights to machine
learning practitioners in the field of robotics, allowing them to
gauge the quality of a model’s approximation of the real CS.

Future research is aimed at adapting this visualization rep-
resentation to various types of robots, such as mobile manipu-
lators, where movement in the 2D plane might be unbounded
or there is not a fixed reference to independently represent
each state. Another potential application is to directly encode
the CS into 2D visualizations for CS-related tasks. There are
numerous image-to-image generation algorithms that could be
employed to learn the 2D visualization representation of the
CS. With sufficient resolution and color depth, it should be
possible to obtain an exceptionally close representation of the
original CS. This would enable the integration of state-of-the-
art machine learning and computer vision techniques for CS
reconstruction.
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