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Abstract

Simultaneous Localization And Mapping (SLAM) algorithms allow to obtain a unique 3D
shape and 3D sensor trajectory by combining partial scans obtained moving a 3D scanner.
Performances of these algorithms are significantly affected by experimental conditions,
characteristics of the target and values of the parameters of the reconstruction algorithm.
Therefore, uncertainty and reliability of SLAM techniques need to be assessed before their
application, e.g. for robot navigation, for autonomous vehicles or industrial fields. To
evaluate the uncertainty of these algorithms, specific datasets containing 3D scans, with the
possibility to control different conditions, e.g. sensor trajectory, depth or color noise, sensor
velocity and framerate, are necessary. In this article, we present a procedure to obtain virtual
datasets with the complete control on environment, 3D sensor and trajectory conditions,
starting from any real 3D dataset acquisition, characterized by a sufficiently low uncertainty.
These datasets could be generated to test the effect of SLAM algorithm parameters, to
determine the best parameters to be used to exploit the algorithm characteristics to obtain the
best result in each operating context. The advantage of this procedure is the possibility to
perfectly control each condition and to evaluate its effect on the final result. This procedure
was applied to two reconstruction algorithms, as examples, namely: Open3D reconstruction
tool and ElasticFusion. Results demonstrate that the setting of algorithm parameters, e.g. the
tolerance on depth correspondence between frames or the number of fragments, or the change
of number of frames acquired, can have a strong influence on the resulting 3D reconstruction
and trajectory. Moreover, the effect of not closing the loop trajectory on reconstruction
performances is quantified for different application scenarios.

Keywords: 3D reconstruction, virtual datasets, odometry, loop closure, Open3D, RGBD, SLAM

metrics in the classification of algorithms, in terms of
1. Introduction performances of 3D reconstruction systems. Indeed, the
presence of open source datasets and clear evaluation

The possibility to create datasets and benchmarks adapted . .
techniques can represent a standard metric to measure 3D

to different tests and scenes can improve scientific evaluation
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reconstruction algorithm results. For example, the RGB-
SLAM dataset provided by Sturm et al [1] has been used
extensively to test many different reconstruction algorithms
[21,[3],[4]. This dataset is based on the acquisition of RGBD
frames from Kinect sensor and on a ground-truth sensor
trajectory estimated by a high accuracy motion-capture system
equipped with high-speed tracking cameras. This type of
datasets is particularly useful for SLAM (Simultaneous
Localization And Mapping) systems, where the outputs are the
3D scene reconstructed and the camera trajectory, while the
input are RGBD frames, given by a RGBD sensor, as a
Structured Light, Time Of Flight or stereo camera [5]. These
datasets could be used also for 3D reconstruction systems,
where the main goal is to obtain a precise 3D map and,
secondary, the sensor trajectory. However, many datasets are
limited to the conditions of the ambient where they are
acquired, e.g. texture, lighting, motion blur and so on, as well
as the frame rate, starting point and sensor motion speed. In
addition, testing a new SLAM or visual odometry algorithm
could require many different dataset acquisition conditions to
evaluate specific critical situations. Moreover, validating an
algorithm in the many different operating conditions of RGBD
frame sequences (e.g. on different overlapping percentage
between consecutive and not consecutive frames) could give
more information about the goodness of the final
reconstruction.

In general, SLAM algorithms are based on features
detection performed on RGB and depth images and on
matching among frames to recreate a 3D map and a sensor
trajectory [6]. Two different computation steps are generally
included into SLAM algorithms: visual odometry and loop
closure [7]. The difference between the two steps is that visual
odometry is an ego-motion technique and the trajectory sensor
is obtained from the detection of features in consecutive
frames, while for loop closure the features of non-consecutive
frames are matched to determine previously-visited locations
by the sensor. These algorithms can be combined with data
acquired by on-board sensors, as IMU and GPS [8][9]. Other
techniques, as Structure From Motion combined with Kalman
Filter, have also appeared [10]. In the Open3D, as well as in
other reconstruction systems, it is possible to tune the system
to rely more on visual odometry than loop closure and the
opposite. The impact on the final result of one technique with
respect to the other must be set in a correct way to obtain
satisfactory results.

Testing 3D reconstruction and SLAM algorithms usually
require several different datasets to study the effectiveness of
an algorithm under different sensor and ambient conditions.
SLAM algorithms conventionally refer to online estimation,
but for testing they can be used offline by providing RGBD
frames sequence in a set of files, including timestamp
information. In this article, we present a procedure for testing
SLAM and 3D reconstruction algorithms. This method is

based on a virtual 3D scanner, identified by sampling a
colored point cloud to simulate the measurements obtained by
a RGBD sensor translating or rotating in the point cloud space.
By shifting or rotating the virtual sensor with respect to the
point cloud, it is possible to generate a sequence of RGBD
frames with associated scanning trajectory, which can be used
as a ground truth for a comparison with the trajectory
estimated with SLAM algorithms.

The ability to create artificially a dataset from a real high-
precision 3D point cloud can be really useful to test many
conditions as the ones mentioned before, e.g. it is possible to
apply disturbances on the acquired point clouds to simulate
real sensors and environmental conditions. A first example of
application of the presented test procedure is referred to the
Open3D reconstruction system [11],[12], to spot the changes
in the 3D reconstruction results (3D map and sensor
trajectory) with respect to the disturbances and the change of
parameters of the reconstruction system itself. In this work,
the textured point clouds to be sampled with the virtual
scanner are the ones available in the dataset, used as ground
truth in [11] and acquired with FARO Focus 3D X330 HDR
scanner, that has an accuracy of 0.1 mm at a distance of 10 m
and a measurement range from 0.6 to 330 m. The scans,
obtained directly from the sensor, were merged using
dedicated software provided by the manufacturer and aligned
with a program provided, as described in [11]. Although the
analysis in this work are mainly based on the mentioned
dataset and with Open3D reconstruction tool, in the sections
7-8 the proposed procedure is applied to the RGBDObject
dataset [13] and the reconstruction is obtained with
ElasticFusion [14] approach to show the generality of this
evolution technique. These two algorithms were chosen since
they are two state-of-the-art algorithms with deeply different
approches. While Open3D can be used only for post-
processing, ElasticFusion can also be used online during the
acquisition with a sensor. Open3D relies on the optimization
of a pose graph to obtain a correct reconstruction, while
ElasticFusion is based on a deformation graph that is used for
non-rigidly deforming surfels according to surface constraints
provided loop closure methods [11][14]. This deformation is
applied by considering the effect of a set of influencing nodes.
Open3D divides a RGBD sequence in sets of images to
compute fragments, while this cannot be done for
ElasticFusion, which does not operate in post-processing.

This testing benchmark can be useful to find an optimal
combination of the parameters of SLAM or 3D reconstruction
algorithms before performing experiments. In this case, by
performing simulations by changing the algorithm parameters,
a set of parameters can be derived to obtain the best results for
an algorithm in specific conditions. However, during the
SLAM or 3D reconstruction process, it is possible to change
the algorithm parameters if the algorithm allows to change
them, during processing.
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The RGBD sequences extracted with this procedure are
used as a reference for SLAM and 3D reconstruction
algorithms testing. The aim of this work is to study the final
results of algorithms by changing the ambient conditions. If it
is necessary to study the effect of a specific disturbance on an
algorithm, only that disturbance will be applied on the dataset.

2. SLAM algorithms testing: related works

In scientific literature, there are open-source systems for the
simulation of autonomous vehicles navigation (cars, drones
and robots) [15]. A similar approach is applied to robotics
[16]. In general, these two simulation environments are used
for testing autonomous navigation and they are not focused on
a deep metrologial analysis. Another simulation framework is
the one presented in [17], where datasets are generated from
artificially-created environments. However, these simulation
environments are based on computer models of environments,
where the simulation is performed, while our system starts
from sampling a point cloud extracted from data acquisition
of a real scene. For this reason, our system is more similar to
a real acquisition system, with a higher level of detail in terms
of simulation for metrological analysis. This can be an
advantage with respect to a simulator that uses an artificially-
created environment.

After generating a new dataset with the desired conditions,
a SLAM algorithm can be tested and the result is a 3D map
given by data acquired from the sensor and an estimated
trajectory, described by a pose graph. These 2 outputs can be
used to identify the ability of the SLAM algorithm to
reconstruct a 3D scene and to be applied to robot and vehicles
navigation.

In literature, there are several approaches to evaluate
uncertainty of reconstruction trajectories and 3D maps. Many
of those are related to a comparison to a ground truth scene
acquired with a more precise sensor or CAD model or a
comparison to a ground truth trajectory obtained from a high-
accuracy motion capture system.

2.1 Indicators for point cloud comparison

For point clouds comparison, the simplest and most
intuitive way is to compute the distance between each point of
the reconstructed point cloud and its closest one in the ground
truth point cloud and the opposite (ground-truth and
reconstructed point clouds could not have the same number of
points). However, this approach is prone to the presence of
outliers, that can highly increase these indicators and lead to
misleading results. For this reason, more stable techniques
were developed as the nearest neighbor distance with
Hausdorff distance [18], where two subsets of reconstructed
and ground truth point clouds are taken and the distance
computed is the greatest of all the distances from a point in
one set to the closest point in the other set. This approach is
very suitable in the case of a low-density ground truth point

cloud. Another approach can be to fit small neighbors of a
point cloud with planes with least square, triangulation or
quadratic functions [19] and compute distances as Euclidean
or L1-L2 norms [20]. A new approach, suggested in [11] is to
establish a threshold for the distance between 2 closest points
belonging to 2 different point clouds to determine a
correspondence. Among the mentionted indicators, in this
work we focus on precision and recall, to compare the
reconstructed 3D cloud with the ground truth one, since they
allow a concise and intuitive index of reconstrution accuracy.

1. Precision: the percentage of reconstructed points that
have a ground-truth point within the threshold
distance. Wrong parts of reconstruction point cloud
reduce precision;

2. Recall: the percentage of ground-truth points that
have a reconstructed point within the threshold
distance. Incomplete reconstruction reduce recall;

In [11], it is suggested as distance threshold =20 mm, for
3D reconstruction of environments with dimensions of few
meters, i.e. the same threshold it was used in this paper (for
environments or objects of smaller dimensions, it is
recommended to set a smaller value for t). The 3D scanner
uncertainty can influence the choice of the threshold, as well
(a larger sensor uncertainty corresponds to a higher value of

7).
2.2 Indicators for trajectory evaluation

For sensor trajectory evaluation, the most used approach is
to make a comparison between the ground truth trajectory and
the reconstructed one. This comparison can be obtained by
extracting the Euler angles and 3D space coordinates from
pose graph nodes of both ground-truth and reconstructed
trajectories. However, this comparison is made with 6
variables, thus it is not compact, although it can be used to spot
specific errors in case of drift of single variables. More general
indicators, that are widely used and applied in this work are:

1. The Absolute Trajectory Error (ATE) [1]: the
Euclidean distances between all estimated camera
poses and the ground truth poses and measures the
global accuracy of the estimated trajectorys;

2. The Relative Pose Error (RPE) [1]: it measures the
local accuracy of a trajectory over a fixed time
interval, i.e. the measure of drift in a trajectory.

These indicators were used in [2],[3],[4]. For our datasets,
since the pose of the sensor is known because it is imposed
virtually, the comparison between reconstruction and ground
truth can be made for both trajectories and 3D maps.

3. SLAM and 3D reconstruction simulation method

Data acquisition with RGBD sensors is often influenced by
sensor random and systematic errors and by environmental
conditions, such as lighting, motion blur, scene texture and so
on. These disturbances are very difficult to exclude in post-
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processing of frames. Our dataset is generated virtually from
a colored point cloud acquired with high accuracy Faro 3D
scanner obtained from [11], by simulating a RGBD sensor
sampling the colored point cloud. In our case, the ambient
conditions are the same for all datasets generated from the
same point cloud and possible introduction of disturbances is
fully controlled when the dataset is generated. The 3D scenes
for our experiment consist of 2 indoor room scenes of a flat,
as shown in fig. 1 (scenes 1-2). Furthermore, point clouds
from RGB-D Object Dataset [13] were used to obtain other 3
scenes and they are introduced in section 7.

Fig. 1. 3D scenes used for our experiment [11]: scene 1 (top), scene 2
(bottom). The scene 2 was split in 2 parts to show the internal part of the room

The output of SLAM simulation is a series of synchronized
RGB and depth images, that are extracted in our system by
following these steps:

1. Identification of RGBD intrinsic parameters: image
width and height (w, h), focal length (fx, fy), FOV
(Fx, Fy) and optical center (cx, cy). These parameters
are the same for RGB and depth images (the origin
of RGB and depth images is the same);

2.  RBGD camera origin placement: the virtual sensor is
placed at a distance not too close and not too far to
the scene that is framed. In the first case, this is done
to have enough points within the region of interest
and for each 3D sensor pixel and, in the second case,
to avoid to simulate a condition that is not realistic
respect to the maximum distance that can be
measured by common sensors available on the
market;

3. Sensor trajectory choice: the trajectory is completely
defined by a sequence of transformation matrices.
The transformations are referred to the local sensor
reference system;

4. Point cloud preprocessing: denoise the original point
cloud to remove outliers and reduce imperfections
[21](eventually, down-sample or up-sample [22]
algorithms can be considered to obtain the point
cloud density required);

5. Point cloud sampling: the algorithm sequence is
visible in the chart below. The output of this step is
the sequence of RGBD frames, representing the
SLAM simulation;

Algorithm 1 Point Cloud Sampling
Input: Pre-processed point cloud P centred in the sensor
origin, sensor poses defined by a sequence of transformations
Ts with respect to the origin of the trajectory
Output: RGBD frames sequence for SLAM simulation
1: for t € Ts do
2:  Get points coordinates P¢ of point cloud P
3:  Apply transformation: Pc'= Pc*t
4:  Consider only points inside the camera FOV, i.e.
respecting the following conditions:
(P, <tan (%)
P.,' > —tan (%)
P, < tan (%)
LPC_J,' > —tan (Z—y)

5:  Divide the camera horizontal and vertical FOV in a
number of subspaces equal to the width and height of
the camera image. Each subspace S;; for i=
1,2,..,wj=1.2,..,h is defined by the following
constrains:

Fr  Fr .
S@x < tan (—7 + o l)
S@)x > tan (—% + % * (1 — 1))

. S@j)y < tan (—% + F—hy * j)

L(i,j).y > tan (—% + % *(j— 1))

6:  Divide the points P into each subspace S ;
obtaining {P.’}; ;

7: For each {P.}; ;, select the point P; ;" closest to the
pixel line [;; given by the equations for i=
01,..w—1j=01,..,h—1:

] l(i,j),x = tan(—% * (1 - i) + % * ) * l(i,j),z
Y l(i,j),y = tan( —% * (1 - %) + % *J) * l(i,j),z
8: Save the point Z coordinate P; ;," in the pixel (i, )
in the depth image and the point RGB information
Pijree in the pixel (i,)) in the color image

6. RGBD frame postprocessing: in case no points are
present in the subset {P.’}; ;, the result is a null pixel
in the RGB and depth images. These points can be
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filtered by analysing image region properties and by
applying a median filter to those null “particles”
(median filter was applied to reduce the influence of
outliers).

To apply the described procedure, it is necessary to set few
parameters, e.g. camera intrinsic parameters. For our
experiments, the following parameters were set:

1. Camera intrinsic parameters:
a) Image width: w=640 pixels;
b) Image height: h=480 pixels;
c) Focal length: fx=618.30 px, fy=618.13 px
pixels;
d) Optical centre: cx=320 px, cy=240 px;
e) FOV: F, = 2 * arctan (%) =54.7°F, = 2%

arctan (%) = 42.4°.
*ly

These intrinsic parameters are the same of Intel
RealSense D145 camera with the image width and
height specified.

2. The maximum distance of the sensor from the framed
scene is about 5.2 m and 3.7 m for scenes 1 and 2 and
it is about half the maximum measurable distance of
Intel RealSense D415 sensor, while the minimum
distance is about 0.5 m, larger than the minimum
sensor measurable distance (0.2-0.3m) [23];

3. The trajectory of the sensor is chosen to analyse
separately the effect of translation from the rotation
of the sensor. Therefore, a translation-only circular
trajectory of radius of 0.5 m is defined for the scene
1 in fig. 1, while a 360° rotation of the sensor around
the Y axis (vertical axis) of the camera for the scene
2 in fig. 1. The trajectory loop is closed in both cases.
For the 3 scenes obtained from the RGB-D Object
Dataset, an orbit trajectory for the sensor was
defined. This trajectory was determined to make the
sensor navigate around a scene and look at the centre
of it;

4. For our experiment, outlier removal is identified by a
threshold, which determines that a point is
considered to be an outlier, if the average distance to
its k-nearest neighbours is above the specified
threshold. In our case, the threshold is 0.08 m;

5. The median filter size to remove null blobs in RGB
and depth images, for our scenes, is fixed to 20x20
px. These values were set to remove those small null
“particles”, in case of absence of points in the point
cloud to sample for those pixels. The median filter is
applied only to null particles.

After generating the sequence of RGBD frames, a new
ground truth point cloud is generated by aligning the frames
generated with the ground truth trajectory. The resulting point
cloud is used to calculate precision and recall indicators.

The resolution of depth pixels is 1 mm, while the resolution
of X and Y coordinates of points respect to the sensor
reference system are 0.32-8.42 mm for a depth range of 0.3-
5.2 m with the selected sensor focal length and resolutions.

With respect to the virtual sensor reference system, this
procedure of creating datasets by sampling a point cloud has
an uncertainty due to the resolution of the sensor. According
to [24], the corresponding uncertainty is equal to the resolution
divided by 2+/3 and, for the resolutions written in the previous
paragraph, the uncertainty is 0.29 mm for depth and of 0.09-
2.44 mm for X and Y for a depth range of 0.3-5.2m and with
the selected sensor characteristics (95% confidence level).
There is no uncertainty regarding the sensor trajectory, since
it is virtually determined with no connection to the point cloud
to sample.

The maximum uncertainty of ground truth point cloud
depends on the sensor to be simulated. Usually, in sensor static
calibration, the reference must have an uncertainty an order of
magnitude lower that the sensor to be calibrated. In our case,
since the ground truth point cloud has an uncertainty of 0.1
mm, it can be used for the simulation of a sensor with depth
resolution of 1 mm.

Since the point cloud to calculate precision is generated by
using the sequence of RGBD images, the uncertainty of the
point cloud to generate the RGBD sequence does not affect
the result in terms of precision and recall.

The minimum density required of the ground truth point
cloud depends on the distance from the scene to acquire at
which the simulation is performed and on the simulation
sensor resolution, since with a high resolution and a low
distance there would be no points in the FOV of a single pixel.
At least one point should be present in the FOV of a single
pixel to avoid “holes” in the resulting dataset. For example,
supposing to acquire a flat surface perpendicular to the sensor
at a distance of d = 1 m, the minimum point cloud density

along x and y directions (D,, D,,) would be:
1 1

X 7 tan (%)*d,Dy =

w n
For the tested sensor, since the pixels are squared, D, =
D,, = 619 points/m. This point cloud density is defined as

—_— 1
2xtan (Fz—y)*d ( )

D =D, * D, = 383161 points/m?, for acquiring at a
distance of 1 m. In case of lower point cloud density in small
parts of the acquisition, a median filter of images can be
applied, as previously explained.

With this simulation system, it is possible to create datasets
simulating all different conditions in a controlled way. Indeed,
disturbances with specific standard deviations or a different
number of frames for the same trajectory are parameters that
can be relevant for the final result. The scope of this work is
to propose a technique to evaluate 3D reconstruction
algorithms in all their aspects by isolating single effects on the
final result.
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4. Open3D reconstruction system

As a case study to apply our algorithm testing method, we
have considered a state-of-the-art 3D reconstruction system,
that is part of one of the most recent point cloud processing
libraries: Open3D. According to the documentation provided
for the reconstruction system in Open3D [11], [25], this
system is based on 4 phases:

1.  Making fragments: building local geometric surfaces
(fragments) from short sub sequences of the input
RGBD sequence. Local registration is mainly
performed by using visual odometry and with a small
contribution for loop closure (this small contribution
is determined by the parameter preference loop
closure odometry, set by default to 0.1);

2. Registering  fragments:  performing  global
registration and detecting fragment pairs that can be
matched by applying loop closure over fragments.
Loop closure contribution is very high, with
preference loop closure registration parameter set to
55

3. Fragments registration refinement: more tight
registration of fragments by using colour ICP and
multiway registration. The algorithm is described in
detail in [9]. This process consists of optimizing pose
graph by minimizing a colour and geometric cost
function;

4. Scene integration: 3D scene reconstruction with
Truncated Signed Distance Function (TSDF) volume
integration [26]. TSDF frames integration works like
weighted average filter in 3D space. If more frames
are integrated, the volume will produce smoother
point cloud.

The Open3D reconstruction system can be configured by
setting few parameters, related to the type of scene and data
recorded. Few of these parameters are the following (the other
parameters were set to default values of the algorithm):

1. max_depth: maximum depth value threshold for
RGBD frames (set to 7m for our experiments
presented in section 6);

2. min_depth: minimum depth value threshold for
RGBD frames (set to 0.3m for our experiment,
suitable to simulate a real depth camera, as Intel
RealSense D415);

3. max_depth diff: maximum depth distance for each
pixel correspondence between different frames (this
parameter was changed in our experiment to quantify
its effect in the final result);

4. preference loop closure odometry: parameter to
determine the odometry vs. loop closure trade-off for
the alignment of frames inside a fragment. It is a
parameter between 0 and 1 (set to 0.1, meaning high
relevance for odometry during pose graph
optimization within a fragment);

5. preference loop closure registration: parameter to
determine the odometry vs. loop closure trade-off for
fragments registration (set to 5 to make the system
align fragments mainly with loop closure);

6. n_frames per fragment: number of frames in a
fragment. This parameter was changed many times
during our experiment to change the number of
fragments and, consequently, the larger or lower
effect of loop closure respect to odometry.

An example of the reconstructed trajectories for scenes 1-2
are visible in fig. 2-3, respectively (the reference system of the
sensor is shown, as well). For scene 1, it is clearly observable
the circular trajectory on the X-Z plane referred to the sensor
reference system. For the scene 2 (fig. 3), involving a rotation-
only trajectory around the Y vertical axis of the camera, the
reconstruction result can be expressed in terms of rotations
with respect to the 3 axes. The rotations around the axes X, Y,
Z are the rotations to apply to each frame to align the reference
system of each frame with respect to the initial reference
system. These rotations can be seen as rotation angles in the
rotation matrix R = R, * R,, * R,. They are not representing
the change in direction of each axis. As it can be observed, the
rotation around the Y axis changes its versus and at the same

time there is a rotation shift of 180° around X and Z axes.
Y X-Z plane trajectory
0.0
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Fig. 2. A scheme of the sensor reference system (the rotation around the
Y axis is shown for scene 2) and an example of trajectory reconstruction in

terms of X,Y,Z displacements for scene 1
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Fig. 3. Example of trajectory reconstruction in terms of rotation angles
with respect to the 3 axes for scene 2 (the rotations are related to the reference
system in fig. 2)
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5. Algorithm test method

As stated in the previous section, testing a SLAM algorithm
can include tests on datasets acquired from different sensors,
for different ambient conditions and acquisition conditions.
For this reason, it is necessary to identify the robustness of the
system to higher or lower framerate with respect to sensor
translation and rotation velocity. To determine the effect of
each aforementioned condition on the result of the tested
SLAM algorithm, the Open3D reconstruction system was
tested under the following conditions:

1. Combination of depth and colour random noise:
application of noise on depth and colour images
with gaussian distribution of different standard
deviations. A new dataset was generated for
each condition;

2. Different max_depth_diff values: parameter of
the reconstruction system, tested with respect to
the depth random error;

3. Combination of depth gaussian noise and colour
gaussian filter: application of gaussian noise on
depth images and gaussian filter on RGB
images, with different standard deviations;

4. Number of frames and fragments: changing the
number of frames of the total RGBD sequence
and the number of fragments;

5. Incomplete trajectory: excluding few frames at
the sequence end in order not to close the
trajectory loop. The effects of changing the
number of frames and fragments is investigated
also for these new trajectories to identify
possible changes with respect to complete
trajectories.

Tests to be performed can change depending on the
algorithm parameters, while for noises this procedure can be
adopted for different SLAM algorithms to make comparisons
and determine the robustness of these algorithms.

The evaluation of the final reconstruction result is
determined by comparing the ground-truth and the 3D
reconstructed trajectories. For both the scenes 1 and 2, it was
computed the ATE and the RPE index. In [1], the ATE index
is evaluated after translating and rotating the ground-truth
trajectory with the Horn method [27] to align it with the one
reconstructed with a rigid-body transformation found through
a least-squared solution. This alignment is necessary when the
two trajectories are represented in two different reference
systems. In our experiment, both trajectories are from the
same reference and, therefore, this step is not required. In our
case, the ATE is coincident with the absolute error summed
over the 3 spatial coordinates. The ATE and RPE are extracted
for each camera pose of the trajectory and the RMSE of these
indicators is computed. For an evaluation of the global
consistency of the trajectory, only the ATE is used for the
evaluation of trajectories uncertainty, while the RPE is more

suitable for local accuracy. For this reason, only the ATE is
used in this article, to evaluate algorithm performances.

The estimation of the correspondence between ground-
truth and reconstructed 3D scenes is assessed by computing
precision and recall, as defined in [11]. However, the precision
of the 3D reconstruction is the only one that we have used in
this article, since the recall would be affected by the presence
of parts of the 3D environment that were not framed.

6. Results and discussion

A first attempt of the application of the procedure explained
in the section 3 is the evaluation of Open3D reconstruction
system performances. In particular, our study focused mainly
on testing the robustness of the algorithm with respect to
different disturbances, the effect of algorithm parameters and
the effect of changing the number of frames in the sequence.
These factors are tested on both scenes 1 and 2.

6.1 Depth gaussian noise and max_depth_diff (MDD)

The max depth diff parameter is the maximum depth
distance between two pixels p;, q; of different point clouds of
the same fragment to be considered as correspondent points.
This parameter should be adapted to the sensor noise level and
to the velocity of the RGBD camera, in order to obtain
consecutive frames with a depth difference not larger than this
parameter. For this reason, the robustness of the system with
respect to depth gaussian noise is derived by testing different
MDD values for different depth frame random error levels.
For this test, the number of fragments was set to 4 and the
number of frames to 360. Fig. 4-5 show this correspondence
for scenes 1 and 2.

Fig. 4. RMSE ATE and precision for different MDD and depth random noise
values for scene 1

r—
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Fig. 5. RMSE ATE and precision for different MDD and depth random noise
values for scene 2

Fig. 4 (left) shows that the lowest RMSE ATE errors are
obtained for MDD equal to 40 mm and 70 mm. Indeed, for
lower values of MDD, many possible corresponding points
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could be not considered for aligning frames, since the depth
difference is larger than MDD. On the contrary, with too high
values of MDD (100 and 200 mm), wrong correspondences of
points with large depth difference could be included, leading
to a reduction of performances. Moreover, with MDD=200
mm, the precision decreases, as well (fig. 4, right). For scene
2 (fig. 5), there is a different effect of MDD, but the trend is
similar. Setting the parameter to 10 mm, the RMSE is higher
respect to larger values of MDD and precision has the highest
values for MDD equal to 40 mm. For both scenes, the
reduction of precision is highly affected by the depth gaussian
noise. In fact, for values of depth gaussian error larger than 40
mm, the precision is lower than 0.8.

Previous considerations demonstrate that an optimal value
for MDD parameter can be found, as a trade-off between too
low values leading to an insufficient number of
correspondences between frames and too high values with the
presence of wrong correspondences. Indeed, low values are
suitable for low noise and slow-motion datasets and high
values should be set for fast camera motion and high depth
noise sensors. For example, for Intel RealSense D415 camera,
that has a standard deviation depth random error of about 10
mm at 1.5 m depth [23] for all pixels, the MDD parameter
could range from 40 to 100 mm, depending on the sensor
speed, during acquisition.

Furthermore, it can be noticed that precision of the 3D
scene is more sensitive to changes of MDD parameter for a
rotation-only trajectory (scene 2) respect to a translation
trajectory (scene 1). This is likely to be caused by the variation
of depth at the border of the depth image between
corresponding pixels is larger for a rotation trajectory respect
to a translation trajectory. Moreover, the reduction of
precision is also connected to the integration of frames in the
final 3D map. For a large noise level (above 40 mm of standard
deviation) of dataset frames, there is a larger noise level in the
final 3D reconstructed scene.

Relying on the results discussed above, for all the other 3D
reconstruction tests performed in this article, the MDD
parameter was set to 70 mm.

6.2 Depth gaussian noise and colour gaussian
noise/colour gaussian filter

Features derived from colour and depth images are
essential to align all frames in a sequence, for RGBD visual
odometry and loop closure. Thus, the application of gaussian
noise on colour images, combined with depth gaussian noise,
could reduce the accuracy of the final result. Two different
types of tests were performed: one regarding the application
of depth and colour gaussian random noise and one regarding
the application of depth gaussian noise and colour gaussian
filter. With respect to results presented in the section 6.1, it
was observed that depth noise has a more relevant effect
respect to colour noise. Fig. 6-7 show results of these two tests,

respectively. As shown in fig. 6, the colour gaussian noise has
negligible effect on the absolute mean error of the 3D
reconstruction, even when high levels of colour random noise
are applied to dataset frames (standard deviation equal to 10%
of the full scale represent real noise in case of very bad
environmental conditions). The trend of the precision with
respect to random noise variations is not shown, since it is
analogous to the trend of RMSE ATE.

The application of a gaussian filter to colour images (fig. 7)
can increase the ATE in a relevant way when the standard
deviation of the gaussian filter is higher than 6 pixels,
corresponding to about 18-51 mm for distances from the
camera ranging between 2 and 5.2 m, respectively. As can be
seen in fig. 5-6, the ATE is more affected by colour gaussian
noises and colour gaussian filter in the scene 1. This is
reasonable, because the depth range for scene 1 is 3-5.2 m,
while for scene 2 is 2-3.7 m and the gaussian blur and gaussian
noise have a larger effect at higher distances, where a lower
number of pixels is used for describing a feature. From results
presented in this section and in section 6.a, considering typical
levels of standard deviation of depth noise (e.g. 20-30 mm)
and colour noise (e.g. 0.3 px) of commercial RGBD sensors,
it is possible to observe that the depth gaussian noise has a
higher impact on the final result than the colour gaussian
noise. The same consideration applies to the colour gaussian

Fig. 6. RMSE ATE for different colour random noise and depth random
noise levels for scenes 1 and 2, respectively

Fig. 7. RMSE ATE for different colour gaussian filter and depth random
noise levels for scenes 1 and 2, respectively

6.3 The number of frames and fragments

In real SLAM acquisitions, it can happen that for few parts
of the entire 3D scene to be reconstructed, only a low number
of frames is acquired and, in the same acquisition, other parts
can be defined by a larger number of frames. This can have a
high impact on the final result, if this aspect is ignored. In this
case, tuning parameters of the reconstruction system can help
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to reduce the errors and to obtain a satisfactory result. One of
these parameters in Open3D reconstruction system is the
number of fragments, since within single fragments the
odometry has a high relevance, while alignment of different
fragments is mainly performed with loop closure. In the case
of a low number of frames, the loop closure can help to adjust
possible odometry drifts in a more accurate way, if there are
parts in common between non-consecutive frames. On the
other side, in case of high number of frames, the camera
motion can be determined precisely by odometry, with high
overlap between consecutive frames.

To test the algorithm under evaluation, datasets with the
same camera trajectory but with a number of frames between
120 and 720 were generated and each of them was tested with
a different number of fragments. This number of frames is
defined considering that the typical framerate of RGBD
sensors is 30 Hz: with a dataset with 720 frames, this would
mean an acquisition time of 24 s for a complete rotation or
circular translation trajectory. The minimum number of
frames was set to avoid to have an effect of MDD (set to 0.07
m) in this test, because in this way the same features in
consecutive frames would not have a depth difference larger
than 0.07 m. For the 120 frames dataset of scene 2, the
percentage of points in subsequent frames which depth
difference is larger than 0.07 m is about 10%.

In fig. 8-9, it is shown the RMSE ATE and the precision for
scenes 1-2 for a relatively high number of frames in one
dataset (between 360 and 720 frames, meaning a rotation
difference between 2 frames of 0.5-1° for scene 2 and a
translation of 4.36-8.73 mm for circular rotation trajectory
with radius of 0.5 m for scene 1).

f%\%w : WMH

Fig. 8. RMSE ATE and precision for scene 1 for datasets with a number
of frames between 360 and 720 respect to the number of fragments
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Fig. 9. RMSE ATE and precision for scene 2 for datasets with a number
of frames between 360 and 720 respect to the number of fragments

For scene 1 (fig. 8), the difference in the result of the 3D
reconstruction and trajectory passing from 1 to 40 fragments
is negligible. This is not true for scene 2, where using a low
number of fragments (up to 4) can be considered as the best

choice. This behavior can be explained by considering that,
for scene 1, it is very frequent to have the same part of the
scene visible in non-consecutive frames, since the camera is
translating on a circular trajectory and not rotating. For scene
2, this is not the case because the non-consecutive frames
having common parts are only the ones at the beginning and
at the end of the sequence. Since the loop closure process
relies on features detected in non-consecutive frames, the loop
closure is more effective for scene 1 respect to scene 2. Indeed,
in scene 2, for a high number of fragments the precision of the
3D reconstruction is very low.

For a lower number of frames (between 120 and 360
frames), for scene 1 (fig. 10), the trend is similar to the one in
fig. 8, with a very small difference of SLAM performances by
changing the number of fragments. This demonstrates that
odometry and loop closure algorithms implemented in the
reconstruction system can effectively find features among
frames. Even if the number of frames is lower, odometry
algorithms can be applied and consecutive frames, that are of
few centimeters distant one from the other, still have parts of
the framed scene in common. At the same time, the loop
closure improves performances and makes the reconstruction
more stable for scene 1, given a high number of features for
non-consecutive frames.

For scene 2 (fig. 11), a number of fragments from 20 to 40
can reduce the ATE error and increase precision for a number
of frames between 120 and 160, approximately. In this case,
consecutive frames have less features in common and
odometry can fail to reconstruct the 3D scene with a very low
precision. Hence, increasing the number of fragments can
reduce the point cloud alignment errors, by using the loop
closure process, where the first and the last fragment have
features in common and they can be used to close the
trajectory loop. Although this final result may be not fully
satisfactory (0.15-0.2 m of ATE and 0.4% of precision with a
threshold =20mm), it can be used to minimize errors, in case
only a low number of frames is available. For more than 160
frames, for a complete camera rotation trajectory, it is
advisable to use a low number of fragments, if the number of
features that are present in the scene allow to align the frames
correctly with odometry.

Fig. 10. RMSE ATE and precision for scene 1 for datasets with a number
of frames between 120 and 360 respect to the number of fragments
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Fig. 11. RMSE ATE and precision for scene 2 for datasets with a number
of frames between 120 and 360 respect to the number of fragments

6.3 Non-closing the trajectory loop

Loop closure is a process of recognizing previously visited
scenes in a SLAM sequence to update the 3D and trajectory
reconstruction process. This process extends also to frames
where not all features are in common. However, for our
trajectories, in which the last frame is coincident with the first,
a closed trajectory could still be a great advantage [1], [28].

To study how the algorithm performances change if a
trajectory loop is not closed, datasets covering 270° of the
circular translation trajectory (scene 1) and of 270° of the
rotation trajectory (scene 2) were set up. To make a
comparison with results with complete trajectories (360° of
circular translation or rotation), the number of frames was
determined to maintain the same displacement or the rotation
shift between consecutive frames. For example, for a complete
trajectory with 360 frames, it was generated a non-closing
loop trajectory of 270 frames; this means an angle rotation
between consecutive frames of 1° for both cases. For the same
objective, the number of fragments was selected to have the
same portion of the trajectory covered by one fragment for
both 360° and 270° trajectories. For instance, for a
reconstruction with 20 fragments for 360° trajectory, the
number of fragments of the corresponding 270° trajectory is
15. For this reason, fig. 12-13-14-15 show graphs with double
X axis, one for 270° trajectories and the other for 360°
trajectories. The only exception is for the case of 1 fragment
in both 270° and 360° trajectories, in which the impact of loop
closure is very low, given by the parameter preference loop
closure odometry, as described in section 4.

Fig. 12-13 show the results of the previously explained test,
for scenes 1-2 for datasets between 360 and 720 frames. The
trend over the number of fragments for 270° trajectories is the
same of 360° trajectories, but with lower quality results. For
scene 1, for every number of fragments, the incomplete
trajectory has lower performances, even for the case of 1
fragment. In this case, changing the number of fragments does
not introduce any evident benefit, but if the trajectory loop is
not completed, the performances are slightly lower. This
behaviour is probably caused by the absence of last frames, on
which loop closure process could be used inside fragments
(this process is regulated by the parameter preference loop
closure odometry).
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In scene 2 (fig. 13), the RMSE ATE gap between complete
and incomplete trajectories changes over the number of
fragments. However, this trend is not observable for the
precision of the 3D reconstruction. This can be explained by
the much larger effect of changing the number of fragments
and by the possibility to have few points of the reconstructed
3D scene, close to ground-truth, when the reconstruction has
very low precision. As stated in [1], it should be noted that
errors in the sensor trajectories reconstruction not always
correspond to 3D map errors.

=

Fig. 12. RMSE ATE and precision for scene 1 for datasets with 360 to 720
frames to compare 270° and 360° circular translation trajectories

-

Fig. 13. RMSE ATE and precision for scene 2 for datasets with 360 to 720
frames to compare 270° and 360° rotation trajectories

In case of a lower number of frames, for the scene 1 (fig.
14), the difference between 270° and 360° trajectories is
reduced, because of the lower difference of the number of
frames between the two types of trajectories. Regarding the
scene 2 (fig. 15), it is still evident that for a number of frames
lower than 160 for complete trajectories using a high number
of fragments improves the quality of the final result. In case
of a number of frames of 120 and 90 for 360° and 270°
trajectories respectively, it is visible an improvement for
closing loop trajectory with respect to 270° trajectory. For
other number of frames in fig. 15, it is not evident the
performance enhancement for closing loop trajectories.

Precision for datasets from 120 to 300 frames
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Fig. 14. RMSE ATE and precision for scene 1 for datasets with 120 to 360
frames to compare 270° and 360° rotation trajectories
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Fig. 15.RMSE ATE and precision for scene 2 for datasets with 120,180
and 300 frames to compare 270° and 360° rotation trajectories

7. Testing procedure on other datasets and SLAM or
3D reconstruction algorithms

As explained in section 1, this procedure can be applied to
different algorithms and datasets, containing coloured point
clouds. Examples of application of the proposed technique to
different datasets and reconstruction algorithms is given here
and in the following section. In this Section, with scene I and
scene 2 we refer to the same scenes presented in Section 3,
while scenes from 3 to 5 were obtained from the RGBDObject
dataset [13], containing few objects (fig. 16). For these last 3
scenes, an orbital sensor trajectory around the 3D scene was
chosen to create the sequence of images. Open3D
reconstruction system and ElasticFusion SLAM algorithms
were applied to the obtained image sequences to show how,
with the proposed procedure, a comparison of different
approaches can be easily done, both in fully controlled
conditions and imposing any desired disturbance to simulate
real environments. The trajectory is composed by 360 RGBD
frames and the number of fragments of the Open3D
reconstruction system was set to 4 with MDD equal to 70 mm,
to include the majority of points within the depth range and to
have enough fragments to take advantage of loop closure.
ElasticFusion parameters were set starting from results from
preliminary tests. These tests, joined with results shown in
[29], evidenced that for testing scenes appropriate parameters
can be ICP/RGB weight set to 10 out of 100 and a confidence
threshold set to a low value of 4 to include a larger number of
points for point clouds registering. The framerate used for the
timestamp was set to 30, as typical 3D cameras acquisition
rate. No disturbances were applied on datasets. The results are
visible in table 1. In this case, the precision was computed with
a threshold of 5Smm, since the 3D scenes to reconstruct are
smaller.
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Fig. 16. The 3 additional scenes (scenes 3,4,5) [12]

Table 1. RMSE ATE and precision for scenes 1 to 5

RMSE ATE [m] Precision [-]
Open3D Elas.tic Open3D Elas.tic
Fusion Fusion
Scene 1 0.004 0.009 0.969 0.868
Scene 2 0.003 0.009 0.996 0.993
Scene 3 0.004 0.006 0.878 0.983
Scene 4 0.009 0.007 0.892 0.943
Scene 5 0.017 0.020 0.862 0.795

The results in table 1 are quite similar, between the two
reconstruction systems. Values of RMSE ATE are very low
and values of precision are high. This can be explained by the
ability of the two systems to reconstruct a scene with quite
small dimension and with a short sensor trajectory. More
complex trajectories in wider environments can lead different
results, as shown in [11] and in the following section. This
example represents an application of the procedure presented
in this article. The main advantage of the procedure is the
ability to control each aspect of the simulation and the
possibility to apply it to high accuracy colour point cloud
dataset, e.g. a 3D point cloud acquired from a high accuracy
scanner. In this sense, it is possible to study any aspect of a
SLAM or 3D reconstruction algorithm, by isolating each
specific aspect.

8. Application of a depth sensor noise model and of
noise on trajectories

The application of this procedure of generating datasets is
connected to the possibility of applying a noise model to
simulate the acquisition of a specific sensor. An example of
how an acquisition of a real sensor can be simulated is treated
in this section.

To generate a sequence of RGBD frames with realistic
disturbance on trajectory, the ground truth trajectories given
in the dataset presented in [1] are considered. Coordinates and
angles of these 11 trajectories were analysed separately and
the FFT (Fast Fourier Transform) was applied to extract their
frequency content. All these trajectories, truncated to have the
same time history length, were used to compute the average of
the frequency content. Frequency components below 2 Hz
were characteristic of specific trajectories and, therefore, were
deleted. Then, a time history of the disturbance signal due to
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hand motion is generated with the IFFT (Inverse FFT).
Different realization of the signals can be obtained applying
every time a random phase. The time domain noise signal is
bounded between +/- 1° for rotations and 0.08 m for
translations.

For this example, the depth noise model was focused on
modelling depth noise of Azure Kinect DK and Intel
RealSense D415 sensors.

As stated in [30], the noise of Time-of-Flight sensors, as
Azure Kinect, is inversely proportional to the amplitude of the
Infrared signal received by the sensor, while in indoor
conditions the disturbance of infrared daylight is limited. To
model the depth error noise, a series of measures of a flat white
wall at different distances, between 1 and 5 m, with a step of
0.5 m were performed. 100 frames were acquired for each
distance and the standard deviation for each pixel at each
distance was computed. The noise at each distance was
modelled with a 3D Thin Plate spline, as proposed in [31].
These functions are visible in fig. 17. To determine the
standard deviation at distances that are different from the ones
acquired, a linear regression model was used to fit data for
each pixel, since the noise is linearly influenced by the
amplitude of the received infrared signal. In other terms, for
each pixel p;j, it is possible to consider the standard deviation
o;; and a distance array d;; such that:

(2)

where a;; and b;; are the coefficient for the linear regression

O',:]' = ai]-di]- + bl.]

at a specific pixel p;;, obtained by fitting data at the distances
of experimental tests. The mean and standard deviation of R?
values of the fitting of each pixel are 0.983 and 0.011,
respectively.

Std Dev fitting with 3D thin plate spline
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Fig. 17. The standard deviation noise model based on a 3D Thin Plate
Spline at different distances

The resolution for this simulation is 1280x720 px and, to
obtain realistic parameters, colour and depth are obtained by
using intrinsic parameters extracted from the Kinect sensor, as
described in the Open3D library documentation [23]. The
Azure Kinect parameters are the following:

1. Focal length: fx=610.3 px, fy=610.3 px pixels;
2. Optical centre: cx=640 px, cy=360 px;
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3. FOV:F =927°F, = 61.1°.

Regarding Intel RealSense D415, the random error grows
with respect to depth with a quadratic trend [23]. This trend,
for a stereo camera, after calibration and image rectification,
can be derived from the equation to compute depth:

= 3)
(xr=xL)

Defining the disparity d = x; — xg, the depth error can be
obtained by determining the depth derivative with respect to
disparity. The error in depth §d is given by:

ZZ
52= 2+ 5d ()

In this equation, the only unknown is 8d and its value can
be determined for each pixel by fitting the experimental
random error maps in [22]. It is possible to generate a model
based on fitting data for each pixel with equation (4). The
mean and standard deviation of R? values of the fitting of each
pixel are 0.944 and 0.058, respectively. The noise model for
Intel RealSense D415 is visible in fig. 18.

Depth error model at different distances
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Fig. 18. The standard deviation noise model of Intel RealSense D415

For this test, a new trajectory and 3D scene was chosen
[11]. The scene used in this case is shown in fig. 19. The
trajectory used is a rectangular trajectory, where at each corner
of the rectangle it is performed a rotation of 90° around the
vertical axis. The noise to simulate the acquisition of a
handheld scanner is added to the planned trajectory. The
sensor noise is applied to simulate the acquisition with Azure
Kinect DK and Intel RealSense D415 sensors, creating
different datasets.
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Fig. 19. 3D scene used for experiments to simulate acquisition with sensor
noise and trajectory noise applied

In this case, for Azure Kinect simulation, the RGBD
sequence is composed by 720 frames. The number of
fragments for this test was set to 4, since it has been
demonstrated in the section 6.3 that a low number of
fragments is leads to a better result, when rotation is involved.
MDD parameter was set to 100 mm, since the larger FOV of
Azure Kinect can lead to a larger difference between
corresponding points after rotation. For Intel RealSense D415,
the simulation is composed by 3600 frames, since the device
has a smaller FOV with respect to Azure Kinect. Moreover, as
explained in section 6.3, a larger number of frames can reduce
the error that is expected to be higher due to the higher level
of random noise. The other parameters are the same of Azure

Kinect ones. The results are shown in table 2.
Table 2. RMSE ATE and precision for the scene tested with Azure Kinect
and Real

RMSE ATE [m] Precision [-]
Elastic Elastic
Open3D Open3D

Fusion Fusion

Azure 0.018 0.153 0.962 0.443
Kinect
RealSe

nse 0.024 0.083 0.554 0.297
D415

The results demonstrated that the larger level of random
noise of RealSense D415 can significantly reduce precision of
the resulting 3D map. Regarding the ATE, it is higher in case
of ElasticFusion: this is likely due to the operating principle
of ElasticFusion, which uses a real-time approach (i.e. adding
one frame at a time to the full reconstruction, like in a real-
time acquisition). The effect of the different random noise
level of the two sensors does not show a significant influence
on RMSE ATE. The ElasticFusion performances obtained are
lower than the Open3D ones, as stated also in [11], however,
ElasticFusion can be applied in real-time. With respect to [11],
additional tests were performed by simulating the acquisition
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of Azure Kinect and comparing the performances with Intel
RealSense D415.

From this example, it was shown how this procedure can
be applied to test different sensors with different noise levels
to determine their performances. The trajectory noise was
applied as well, to consider realistic trajectories with respect
to the one acquired by a handheld scanner.

9. Conclusions

In this article, we have presented a procedure to conduct a
metrological evaluation of a 3D reconstruction algorithm with
virtually created datasets, in order to control each specific
condition or disturbance and its effect on the final result.
These datasets were obtained from a point cloud acquired with
a sensor with high accuracy (0.1 mm at 10 m distance), but the
proposed procedure can be applied to high precision datasets
and with any 3D reconstruction algorithm or SLAM algorithm
in an offline mode. The metrological assessment was
determined by calculating RMSE ATE and precision of 3D
maps and trajectories, respectively. This procedure was
applied to the Open3D reconstruction system.

The presented results show that, with a simulation
environment, it is possible to study the response of the
algorithm to disturbances, different acquisition conditions and
processing parameters, by isolating each single effect. For the
Open3D reconstruction system, it was determined the
response to gaussian noise disturbances on colour and depth
images. The results, in case of a sufficient number of frames
acquired, e.g. 360 frames for selected trajectories, can reach
high precision levels with typical RGBD sensors depth and
colour noise levels. For example, with a depth disturbance
lower than 30 mm of standard deviation, it is possible to obtain
a RMSE ATE lower than 0.02 m and precision larger than
0.85.

Considering typical depth and colour noise disturbances,
results evidenced the higher impact of depth noise with respect
to colour noise. This is likely due to the more robust capability
of detecting and matching features on RGB images, rather
than on depth images. This can be considered as a condition
for choosing a certain sensor for SLAM or 3D reconstruction.

The usage of the correct number of fragments can be crucial
in case of a rotation trajectory to obtain precision larger than
0.9. In this case, the number of fragments to be used is lower
than 6 for datasets with a rotation difference between 2
consecutive frames of 1°, while for a rotation difference
higher than 2.25° it is required to have a large number of
fragments to reduce errors.

Not closing a 3D reconstruction trajectory can reduce the
quality of the final result when the number of frames is larger
than 360, while for a lower number of frames this effect is
reduced or not clearly evident.

In the section 7, the application of the proposed method is
extended to RGBDObject dataset and ElasticFusion SLAM
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algorithm. Potentially, this method can be applied to any
dataset composed by a coloured high accuracy point cloud and
to any SLAM algorithm, which can be used offline, with data
starting from files. During the creation of datasets with this
procedure, it is also possible to simulate different sensors, by
changing sensors parameters. Furthermore, as explained in
section 8, sensors noise models were defined and applied, as
well as the trajectory noise. These simulations can be useful to
predict the metrological performances of different sensors,
with different FOV and depth random noise. The models
approach used for simulating Azure Kinect and RealSense
D415 sensors can be applied also to other ToF and
stereoscopic sensors.

Possible future research topics could be the extension of the
method to other scenes and sensors error models can be
refined to account for different environmental conditions,
such as high reflectivity objects and outdoor applications..
Another improvement could be to use a mesh as input to the
algorithm to permit the usage of lower density point clouds.
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