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BSR-NBYV: Breaking Stagnation with Random Pose
Refinement 1in Probabilistic Grids for Latent Space
Next-Best-View Prediction

Saulo A. Gante-Diaz

Abstract—The Next-Best-View (NBV) problem is fundamental
to autonomous 3D object reconstruction, where the goal is to
generate a complete 3D model by sequentially sensing a target’s
surface. This paper proposes a novel latent space-based method
to address this challenge. Our architecture is trained in two
distinct stages: the first stage learns to encode a probabilistic
grid into a compact latent representation, while the second
stage performs continuous NBV regression. Furthermore,
we incorporate a pose refinement mechanism to mitigate
stagnation—a phenomenon where the network repeatedly
predicts views with low information gain that fail to update
the probabilistic grid. Experimental evaluations on the Google
Scanned Objects dataset demonstrate that the proposed method
achieves superior surface coverage compared to state-of-the-art
approaches.

Link to graphical and video abstracts, and to code:
https://latamt.ieeer9.org/index.php/transactions/article/view/10538

Index Terms—Next-best-view, view planning, 3D object recon-
struction, probabilistic grid, 6d pose.

I. INTRODUCTION

HE Next-Best-View problem (NBV) represents a chal-

lenge in computer vision, more specifically in the field
of 3D reconstruction. This problem arises from the limited
sensor’s field of view, so it has to be moved to different
poses to capture the complete surface of the object. The
primary objectives are to determine the best sensor pose for
acquiring missing information and to achieve this using a
minimal set of views. Rather than relying on data capture from
fixed predefined positions, NBV algorithms prioritise selecting
views that reduce uncertainty, increase surface coverage, and
minimise reconstruction errors.

The concept of NBV was first introduced in the mid-1980s
by Connolly [1], who proposed a couple of algorithms that
allowed a sensor to move freely in a view space by processing
an octree to select the NBV. On its part, in [2] an occlusion
avoidance system was proposed to select views on a spherical
surface which is assumed to be around the target. Showing
the first steps to solve this task, this concept has been widely
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explored for different tasks like object reconstruction [3], [4],
robot grasping [5]-[7], or environment exploration [8].

State-of-the-art methods typically rely on processing of
partial point clouds (on wards PC) [9] or probabilistic grids
[10] to compute the NBV. These strategies usually formulate
the problem as a classification task over a predefined set of
candidate poses. An important limitation of these approaches
is the implicit assumption that the set of candidates (and
consequently the NBV) are sufficient to ensure complete
surface coverage. Consequently, they often exhibit a limited
generalisation when confronted with the diverse geometric
variations of the objects.

In this paper, we present a novel NBV method that employs
a compact latent representation [11] of the probabilistic grid in
order to generalize the performance across object shapes. Our
approach combines this latent representation with a regression
stage for free space pose prediction, alongside a pose refine-
ment stage to mitigate stagnation issues associated with the
limited number of training examples. When we refer to stag-
nation, we mean that the neural network gets stuck predicting
the same pose in each iteration, as the probabilistic grid is
not improved by the predicted pose. The key contributions are
summarized as follows:

o The proposition of a latent representations of the object

to predict the NBV.

o A novel neural network architecture that combines an au-
toencoder for code generation combined with a multilayer
perceptron to predict the NBV in the continuous space.

e The proposition of a refinement mechanism that translates
the viewpoint into a uniform distribution of views given
a neighbourhood near the predicted viewpoint.

We experimentally evaluate the efficacy of the method
on well known dataset [12] in terms of surface coverage.
The results indicate that planning within the latent space
yields a performance competitive with approaches that use
explicit representations. Furthermore, the proposed method
outperforms previous state-of-the-art approaches on several
object geometries.

Our paper is organised into six sections. Section I introduces
the problem and outlines the research objectives. Section
IT provides a review of related literature. Section III states
the problem and its boundaries. Section IV describes the
proposed methodology. Section V presents the experiments
performed, evaluations to show the capabilities of the method,
and discusses the results. Finally, section VI concludes the
paper and suggests lines for future work.
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Fig. 1. Neural network architecture overview. The duck probabilistic grid in the left is the partial model at current reconstruction state.
Our proposed neural network BSR-NBV makes use of an autoencoder for self-supervise the probabilistic grid dimensionality reduction. The
reduced representation, latent space, is used as input in a multilayer perceptron to predict the NBV and a random restricted pose displacement

is done to avoid stagnation issues.

II. RELATED WORK
A. Next-Best-View Estimation

The NBV problem, a special instance of the view planning
problem, has been widely explored with a variety of proposed
methodologies to solve it. According to [13], although the
problem has been widely studied, there are still many unsolved
challenges. When talking about object reconstruction NBV,
most of the issues are related to the object variables, such as
textures, auto-occlusions, surface materials, and environmental
lighting, which increase the difficulty of generalisation.

In [14], they propose a NBV prediction strategy for PC’s,
where features are extracted from the object’s PC, processed,
and then fed to an attention unit, and the output is processed
by an MLP to select it among N positions.

Following a similar approach for model processing, the
work in [10] proposes a probabilistic grid representation to
capture the geometry of the reconstructed volume; which is
processed by a neural network with 3D convolutional layers
and at the output linear layers for prediction in a discretised
space in 14 visualisation poses in the semi-sphere, and each
pose visualises the center of the object.

Then in [15], the authors improve the previous work
by avoiding space discretization. Their model operates in
a continuous space, predicting the three-dimensional spatial
coordinates of the sensor, (x,y,z), and with these positions
they can predict the orientations in yaw and pitch.

Some recent proposals opt for the use of one-shot strate-
gies, where a model is generated from a number of initial
visualisations and is processed to plan all the views necessary
to complete a reconstruction. This is the case of [16], where
long-tailed sampling is used. It starts with a random view and
a NBV algorithm adds one to four views. Then, a model is
created with this information, and finally, it is processed by
a neural network that outputs a 32-bit vector corresponding
to the possible poses to be selected. In [17] the use of this

methodology is applied for object recognition and classifica-
tion, where the analysed data is an image of an object; it
is expected to perform an estimation of the NBV given the
appearance of the object and its surface orientation.

A topological space analysis is presented in [18], where
the authors propose an information gain metric based on the
PC topology with which they reconstruct the space to train
a reinforcement learning model; the value assigned to each
view will be based on the topological attributes obtained from
a distance, and the reward is calculated with the value of the
view, considering the PC at a current time and the previous
one. Using a multilayer perceptron (MLP), the method predicts
200 possible poses. Furthermore, they do not report complete-
ness metrics for the reconstructions. In [9] a NBV approach
based on PC’s is proposed, the system uses a partial PC of
1024 randomly sampled points and a view state vector that
encodes viewpoints already visited. Then it provides the NBV
among 33 viewpoints.

From this overview, it is clear that most of the previous
works address the problem is viewed from a classification
perspective, restricting the solution to a set of viewpoints. This
approach assumes that this pose will provide sufficient infor-
mation to reconstruct the object, failing to consider whether
self-occlusions might prevent the observation of the object. We
consider that a method for predicting the NBV in free space is
required to relax viewpoint restrictions in order to reconstruct
objects with complex shapes.

B. Deep Learning-based Pose Estimation

Gao et al. [19] mention that some works propose the
discretization of a continuous space of poses, allowing them
to formulate the problem as a classification [20], [21]; some
others look for prediction proposals in a continuous space
[22]-[26] and propose the use of quaternion representations
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to predict rotations [27]-[29] or rely on the axial-angular
representation.

For its part, in [30] a comparison between different ways of
representing rotations in a 3D space is provided, suggesting
that neural networks are better at approximating continuous
rotation spaces. Since Euler and quaternion representations
have discontinuities, they can cause problems during the
learning process.

III. NBV PREDICTION IN LATENT SPACE

In this section, we will provide a description of the proposed
method. First, we provide a formal statement of the problem,
and then an overview of the NBV method. Then, the proposed
network architecture and pose refinement are explained.

A. Problem Statement

The NBV problem is formulated as finding the best position
for a sensor using accumulated information that is stored in
a data structure (3D model) which is usually composed of
PC’s or probabilistic grids. This process is repeated iteratively
until a requirement is satisfied, information gain and number
of visited views, for example. The resulting sequence of views
{v1,...,v,} C V belongs to the view space V = R3x SO(3),
where SO(3) = {R € R*3|RRT = I343, det R =1} is the
special orthogonal group in R3*3,

When working with probabilistic grids, the set of views is
evaluated by the information gained at each one, and it can
be expressed in equation 1.

Go= > > I (1)

VreR, VzeX

where R, represents the set of rays in the viewing pose,
while X represents the set of voxels in the trajectory of the
viewing ray, the information is defined by the Shannon entropy
of the volumetric information contained in a voxel that is
visible in a particular view [13], namely,

I =—Py(z)In Py(xz) — P,(x)In P,(x) (2)

Where P,(x) is the probability of the existence of an object
in the voxel, while P,(z) = 1 — P,(x) is the probability that
no object exists in the voxel. The set of views that cover the
object is defined by the views that maximise the information
gain, formally described in equation 3.

V* = argmax E[G,|V] 3)
veV
All selected views are integrated into a single model,
resulting in an object reconstruction that is expected to fully
cover the target object.

B. NBV Regression in Latent Space

For view computation, neural network-based methods can
be grouped into classification and regression categories. In
the former, a sphere of radius r is defined, on which a set
of discrete points are set to select NBV. In the latter, the
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network predicts a full continuous pose. This work adopts the
regression paradigm, defining the predictor as follows:

fypy (M) : RP>wxd 5 R3 % SO(3), 4)

So, as in equation 4 the problem lies on finding a function,
fnBv, which by processing a model, M, of dimensions
(h,w,d) could predict the position R3 and the orientation
represented with a rotation matrix in the special orthogonal
group three, SO(3). Note that M is a partially reconstructed
model.

We propose the use of M to learn how to reconstruct the
object, see equation 5. Therefore M is introduced into an
encoder, m = f(M), and the output code goes through a
decoder, g(m), and produces a reconstruction of the input,
M , hamely:

M = g(f(M)), )

where
M—-—M~=~0 (6)

After training, the code, m, is used as input to an MLP,
gnBv = h(m). )

For the autoencoder training, the target is to minimize the
MSE:

n

~ 1 ~
Lar(M, M) = =3 (M; — M;)?, ®)

i=1
and for the NBV regression, the target is to minimize:

n

1
Lypv(y,9) ==Y (4 —9:)° ©)

n -
=1

C. Neural Network Architecture

To explain the proposed neural network architecture, the
following notation is provided: C3(C, k, s, p) is for 3D con-
volution, TC3(C, k, s,p) is for 3D transposed convolution,
where C is the number of channels or filters, k is the kernel
size, s is stride, p is the padding, FF'C'(n) is a fully-connected
layer with n neurons, M P(k, s) is the max-pooling operation,
UM P (k, s) is the unmax-pooling operation, both in 3D.

1) Reconstruction Architecture: The proposed architecture
consists of an autoencoder that is fed with 3D probabilistic
grids of dimension 31 x 31 x 31, in the following step, the
code is feed to an MLP to predict the NBV. The autoencoder
consists of two parts; the encoder has two 3D convolution
layers, a max-pooling, and two fully-connected layers;
the decoder consists of two fully-connected layers, a 3D
unmax-pooling, and two 3D transposed convolution layers.
On the other hand, the MLP consists of four fully-connected
layers. See Fig. 1. To summarize, the architecture for the
autoencoder is as follows: (C3(32,5,2,0), C3(32,5,2,0),
MP(2,2), FC(6912), FC(128), FC(n), FC(128),
FC(6912), UMP(2,2), TC3(32,3,1,0), TC3(32,5,2,1)
where n is the latent space dimension that can be adjusted
and is analysed during experimentation.
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Fig. 2. NBV refinement. The view is translated into one neighbour
view, given a spherical cap neighbourhood (in light blue).

2) NBV Regression Architecture: Looking to find the func-
tion fy gy, we believe that it can be easily approximated by an
MLP, as it is well-known that it serves as a good function ap-
proximator. For the MLP the input is of size n and the architec-
ture goes as follows: F'C(2048), FC(512), FC(512), FC(3);
here we were inspired by the architecture presented in [30].
The activation functions used are ReLU for the FC layers in
the autoencoder, LeakyReLU for the C3, TC3, and FC layers
of the MLP and hyperbolic tangent for the output layer of the
MLP.

D. Pose Refinement

Despite the network predicting the NBV in a 3D space,
when working with probabilistic grids and neural networks,
problems arise when there is no substantial information gained
to add to the model; the view overlap is mostly part of
the known space. This problem causes neural networks to
converge; as a result, the NBV is repeated indiscriminately.

To address the limitations of neural networks, we propose
a pose refinement stage, which refines the network output
Upred = (,,z). Considering that our view space is re-
stricted to the surface of the superior hemisphere of a sphere,
S%(R) = {x € R3 : ||z|| = R}, for each predicted NBV,
Upred, @ spherical cap with radius 7 is considered to transform
it to v},,..4, as shown in Fig. 2. The vp;q is considered to be
the centre of the spherical cap.

Using polar coordinates,we uniformly sample points in
a uniform distribution U, ¢; = U(0,27), while for 6 a
u; = U(0,1) is performed to avoid a concentration at the
pole. Obtaining 60; with:

0; = cos™(cos(r) + ui(1 — cos(r))), (10)

where, the point in polar coordinates is defined as pporar (¢, ).
In order to transform its coordinates to Cartesian coordinates,
we have a point p..,+ expressed as:

sin 0; cos ¢;
sin 91 sin (,251
cos b;

pcart(xvyaz> = (11)

Then, with the Rodrigues rotation [31], we have our point
rotated as follows:

/:R Upred 7
P =Ry eal P

(12)
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ensuring that the point is contained in the surface, we scale
it to the radius R. Consequently, for a point p € R, and an
angle limit r € (0, 7], we define our spherical cap as follows:

S2=U({x eR?: |z|| = R, arcos(i‘l . %) <r}) (13)

Ip
As illustrated in Fig. 2, this pose refinement ensures that the
translated pose is in the view space and in a neighbourhood
near the predicted NBV. By performing this translation, we
expect to increase the information gained per view; making
it useful for cases where the lacks of information causes
stagnation.

IV. EXPERIMENTS

In this section, we present experiments to show the effec-
tiveness of the proposed code-based planning and refinement
approach. First, we describe the dataset, then we present the
results obtained during training to examine the performance
of the proposed network architectures. Experimentation was
conducted using a NVIDIA Tesla P100 GPU provided by
Google Colab.

Then, a test experiment is conducted to evaluate the perfor-
mance of the proposed method versus similar NBV approaches
on previously unseen objects. An ablation study is performed
to evaluate the performance of network NBV prediction. These
experiments were executed into a Ryzen 7 with an NVIDIA
GeForce RTX 4090 GPU. At the end of the section, we present
a discussion of the results and limitations.

A. Dataset Description

The dataset we are using was proposed in [10].The dataset
consists of 15,166 records and is publicly available, already
partitioned by the authors into 80-20 training and valida-
tion sets. Each consisting of objects in different stages of
reconstruction that we call models, M, those models are
partially reconstructed, and their corresponding NBV, v =
(z,y,z,,8,7), which is a vector that expresses its position
and orientation. The models are codified in a probabilistic grid
and are of size 32 x 32 x 32. Here we re-scaled the models to
31 x 31 x 31 size, to fit into the autoencoder architecture; to
achieve the re-scaling, trilinear interpolation was performed.

B. Training

Our training strategy consists of two steps; at first, we
optimise the autoencoder parameters with the main objective
of learning a code meaningful for reconstruction and for the
NBV prediction.

1) Autoencoder Training: We perform a set of experiments
on the proposed architecture with minimal variations. We
experiment with different code sizes, z, using the whole
probabilistic dataset. The code sizes are as follows: 64, 32,
16, 8 and 4.

To minimise the error described in Equation 8, we use the
Adam optimiser, which automatically adjusts the learning rate.
Training was carried out over 500 epochs with learning rate
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Fig. 3. Training and validation losses of autoencoder training. The autoencoder was trained with different latent spaces (Is) in order to explore
how much it was possible to reduce the dimensionality of the representation and obtain a reconstruction that resemble to the input. training
and validation losses for a Is dimension of a) 64 elements, b) 32 elements, c) 16 elements, d) 8 elements, and e) 4 elements. These plots
suggest that (a), (d), and (e) does not generate a useful latent representation for the reconstruction process.

TABLE 1
VALIDATION MINIMUM L0OSS OBTAINED PER MODEL
DURING TRAINING

Treatment Latent Space Size MSE Loss
64 0.01860
32 0.01146
Autoencoder 16 0.01007
8 0.01080
4 0.01675
TABLE 11
MLP SEARCH THROUGH DIFFERENT LEARNING RATE
VALUES
Treatment Learning Rate MAE
1x1073 1.488
MLP 1x107% 1.513
1x 1073 1.449

5 x =3 and a batch size equal to 1000. The whole network
training took an average time of seven hours.

We can see from Fig. 3 that the larger and smaller sizes
of the code do not perform well compared against the other
sizes. We summarise the results considering only the best
performance in table I. In addition, it is possible to see that
the use of z size of 16 has a better performance in terms of
lower MSE. See Fig 3(c); also, it shows that b and d have
good performances.

2) MLP Training: In a similar fashion, we look to minimise
the equation 9 and we use the Adam optimiser, perform the
training over 1500 epochs, and a batch size of 500. For this
experiment, we modified the learning rate in :1 x 10~ for N
= 3, 4, 5. The authors in [15] suggest adding an MAE metric
to measure how well predictions in Euclidean space are, so we
add it in validations during the training process. Fig. 4 shows
the performance of the proposed architecture during training
and validation.

Summarizing this experiment, the models showed similar
performance during training; since we want to choose the

model that performs better in Euclidean space, we took the
results over this space to make a selection, where the use of
a learning rate of 1210~ in the MAE metric got the best
results; see Table II.

C. Test

In this section, we provide our test results. We took a
subset of 227 objects from the Google scanned objects dataset
(GSOD) [12].

We used a simulated 3D environment for the view planning
process; an unknown object is put into the simulated scene
and we expect that the methods can predict the NBV. We
expect the object to be centred in the frame of reference at
(£, %y, +%), and contained in a bounding box with sides
equal to 0.4. We use Open3D [32] to simulate the world and
sensors. The input to our method system is a probabilistic
occupancy grid dynamically updated from the simulation at
each step, whose latent representation is fed into the MLP
to predict the next-best viewpoint. During testing, there is no
predefined target pose; performance is assessed solely based
on surface coverage to quantify the completeness of the 3D
reconstruction.

To compare the method’s performance, we consider having
a partial model, Py, and a ground truth PC, Pgp, defining
the surface coverage to quantify the ground truth PC points
that are adequately represented by the partial PC, see equation
14.

1 .
Cover(P) = @ Z U(prer};n [Pm = plly =€), (14)

GT
PmE€PM

where U is a Heaviside function and € is a distance threshold.

When talking about surface coverage as a comparison
reference, usually ten views are reported in similar works; here
we extended the experiments since we wanted to explore if the
methods that use probabilistic grids show stagnation issues by
themselves. We tested our proposal on the entire set of objects.
To ensure similar conditions, we initialized the reconstruction
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Fig. 4. Training and validation losses of MLP training for NBV regression. a),d) presents the learning rate (Ir) 1 x 10~ losses, b),e) 1x107*,
and ¢),f) 1 x 1072, Training results show that the small Ir (c) is useful since the MLP reduces MSE rapidly. On the other hand, validation
results (d,e,f) shows that neural networks struggles with pose prediction.

TABLE III
RECONSTRUCTION MEAN AVERAGE SURFACE COVERAGE

Method Mean Average
Our + 45° 89.40
Our + 22.5° 86.29
Our + 15° 85.34
Our + 11.5° 84.47
Our + 9° 85.08

process at the same pose for every tested method. Here we
explore different angular offsets in order to validate at which
angle the model tends to avoid the undesired stagnation. We
experimented with 45, 22.5, 15, 11.5, and 9 degrees, see Fig.
S.

NBV Test
100 T = 3 = -

=

Coverage
a
3

2
8

—&— Our + 45°
#i— Our +22.5°

—&— Our + 15°
—&— Our +11.5°
—4— Our +9°
5 6 7 8 9 10 11 12 13 14
# of Views

20

Fig. 5. Test results with pose refinement. The plot show the mean and
standard deviation coverage in percentage at each step per method.
The results show that our methods achieves a mean coverage of 80%
at each experiment.

D. Ablation Study

Finally, we conducted an ablation study. Here, we remove
the pose refinement stage to validate the impact it has on the
proposed method while comparing its performance with other
methods.

NBV Test

100

w [ T T f 111

e

Coverage

—$— Our

i NBVNet

—4— PC-NBV

—&— RandomDiscrete
—¥— RandomContinuous

0 1 2 3 a4 5 6 7 8 9 10 11 12 13 14
# of Views

Fig. 6. Ablation results and comparison SOTA methods. The results
shows that removing the pose refinement stage reduces the method
mean coverage substantially.

From Fig. 6, we observe that the proposed network, without
pose refinement, does not outperform the baselines; see Table
III. In particular, we find that relying on probabilistic grids for
NBYV tasks causes the method to suffer from stagnation issues
when an information gain threshold is not met; as shown in
Fig. 6 with the coverage curves of our proposal.

E. Reconstruction Performance on Additional Datasets

To demonstrate that BSR-NBYV, trained on [10], generalizes
to different and complex scenarios, we conducted experiments
on two datasets: the commonly used objects in NBV bench-
marks, and a subset from the GSOD dataset. For the NBV
benchmark objects, each object was reconstructed 10 times to
confirm that our method does not rely solely on randomness,
but rather leverages it as a complementary mechanism within
the pose refinement stage. For the GSOD subset, experiments
were conducted once per object due to computational con-
straints; therefore, statistical testing is not available for this
group and relative improvement (A%) is reported instead.

The object names and mean AUC surface coverage results
are presented in Table V, where we also report the relative
improvement between the best of our methods and the state-
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79.9% 91.9%

QOur
a) b) c)
332% 62.9% 752%
PC-NBV
d) e) f)
332% 79:3% 79:3%
NBV-NET
9) h) i)
1 round 5 rounds 10 rounds

Fig. 7. Reconstruction progress comparison on the ’Children Bedroom” model. The surface coverage is shown in the upper right corner. BSR-
NBYV selects better NBV’s on this geometrically complex model. a),d),g) Presents the initial partial models for each method, all processes
start with the same view, b),e),h) Partial reconstructed objects at the Sth round, our method (b) cover the 79.9% of the object by this round,
¢) Complete reconstructed objects at 10th rounds, our method performs a coverage of the 91.9% of the object while i) NBV-NET suffers
from stagnation as the coverage is the same as in the 5th round, f) PC-NBV increases the coverage until 75.2% struggling to completely

reconstruct the object.

of-the-art baselines, along with Welch’s t-test p-values where
available. Table VI reports the mean Chamfer distance at view
10, which measures how closely the reconstructed surface
approximates the ground truth. Results show that BSR-NBV
outperforms the baseline methods in the majority of the
evaluated objects, achieving higher AUC surface coverage and
lower Chamfer distance, with relative improvements of up to
31.9% over the best competing method. The results across
both datasets confirm that the stochastic pose refinement stage
effectively complements the learned policy, as the method
maintains a competitive advantage even on complex and
unseen objects.

Fig. 7 shows a qualitative reconstruction comparison on
the “Children Bedroom” object, illustrating how BSR-NBV
acquires more surface information in fewer views compared
to the baselines.

F. Discussion

We took into consideration the SOTA NBV methods pro-
posed in [9], [10] for PC’s and octomaps, respectively. In
addition, as reported in the literature, we use two random NBV
selectors, a continuous and a discrete one. All methods were

evaluated using the authors’ original implementations and pre-
trained weights. To ensure a fair comparison and eliminate
potential sources of bias, we enforced consistent constraints
throughout testing, such as initiating the reconstruction from
identical poses.

NBV Test
100 T T - T T T T T T T
e
80 b d b by b b h
| — f
D 60
o
©
o
[
>
S w l —$— NBVNet
PC-NBV
—4&— RandomDiscrete
i —&— RandomContinuous
—4— Our + 45°
Our + 22.5°
—— Our + 15°
° o 1 2 3 a 5 6 7 8 9 10 11 12 13 14
# of Views

Fig. 8. Results and comparison with reported methods. The compari-
son shows that our method improves the mean coverage considering
SOTA and random methods. NBV-Net uses probabilistic grids and
shows the stagnation issues as reported in our findings.
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TABLE 1V
RECONSTRUCTION MEAN AVERAGE SURFACE COVERAGE
AND # OF OBJECTS WITH THE BEST PERFORMANCE IN
COVERAGE

Method Mean Average # of objects
NBVNet [10] 78.48 28
PC-NBYV [9] 76.13 14
Random Discrete 73.68 3
Random Continuous 73.89 2
Our + 45° 89.40 99
Our + 22.5° 86.29 35
Our + 15° 85.34 22
Our + 11.5° 84.47 13
Our + 9° 85.08 11

The mean coverage results, presented in Fig. 8, demonstrate
that the pose-refinement variants perform competitively in
the GSOD. This performance suggests that the refinement
process effectively enhances the quality of the reconstruction
compared to baseline approaches; in most cases, showing
superior results.

The addition of refinement helps the model to perform
better, suggesting that the model tends to predict NBV poses
that do not gain a considerable amount of information, causing
it to converge; on average, it makes the model gain 16.47%
more information, and in the best case 19.76%, suggesting that
these modifications effectively address the stagnation issues
observed in the baseline method, as seen in the ablation study.

To summarize results, we provide Table IV, where the
average mean surface coverage at the tenth view and the
number of objects where the method performs the best are
reported in the GSOD.

In addition, Table IV reports the number of objects in which
the coverage performance is the best of all compared methods.
The results showed that our method in the best case performed
better on 99 objects.

V. CONCLUSIONS

This study proposed code-based (latent space) guidance
with pose refinement for NBV computation, a novel supervised
learning method for planning free space NBV points designed
for 3D reconstruction using probabilistic grids. The main com-
ponents of the method are a model compaction stage driven by
an autoencoder architecture, a set of fully connected layers to
perform NBYV regression, and finally a pose refinement stage
to avoid stagnation. As a result, the complete method showed
superior performance in reconstruction coverage compared to
conventional deep learning SOTA methods.

We found that current neural networks suffer from stagna-
tion issues when working with probabilistic grids due to the
nature of the representation when insufficient new informa-
tion is captured from the environment, and the grid is not
updated, which causes the networks to predict the same NBV
perspective in an endless loop. This is probably due to poor
generalisation caused by the insufficient number of examples
in the dataset.

The proposed method emerges as a novel and promising
approach for NBV selection, proving its capabilities in cov-
ering more surface area on complex objects compared to
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existing state-of-the-art methods. Despite the merits of the
method, several challenges remain in improving these types
of approach. The addition of a pose refinement stage is useful
in preventing to the neural network from stagnating during the
reconstruction process.

We believe that future work needs to expand research on
neural network architectures to improve performance while
operating probabilistic grids, create larger and diverse NBV
probabilistic grid datasets, 6-DOF NBV prediction, and train
the architecture at the same time.
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P<0.001, ** P<0.01, * P<0.05, N.S. NOT SIGNIFICANT
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