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Fig. 1: Given observed images from limited view range (i.e. hemisphere), we propose to estimate a 3D Uncertainty Field
for quantifying the uncertainty in NeRF’s predictions particularly on the occluded or outside scene content of (1) synthetic
bounded scenes (i.e. back of truck) and (2) real-world unbounded scenes (i.e. inside the box), when modeling neural radiance
field. This Uncertainty Field can be naturally used for further robotic exploration and planning in the unknown scene regions.

Abstract—Current methods based on Neural Radiance Fields
(NeRF) significantly lack the capacity to quantify uncertainty in
their predictions, particularly on the unseen space including the
occluded and outside scene content. This limitation hinders their
extensive applications in robotics, where the reliability of model
predictions has to be considered for tasks such as robotic explo-
ration and planning in unknown environments. To address this,
we propose a novel approach to estimate a 3D Uncertainty Field
based on the learned incomplete scene geometry, which explicitly
identifies these unseen regions. By considering the accumulated
transmittance along each camera ray, our Uncertainty Field infers
2D pixel-wise uncertainty, exhibiting high values for rays directly
casting towards occluded or outside the scene content. To quantify
the uncertainty on the learned surface, we model a stochastic
radiance field. Our experiments demonstrate that our approach
is the only one that can explicitly reason about high uncertainty
both on 3D unseen regions and its involved 2D rendered pixels,
compared with recent methods. Furthermore, we illustrate that
our designed uncertainty field is ideally suited for real-world
robotics tasks, such as next-best-view selection.

I. INTRODUCTION

Neural Radiance Fields (NeRFs) [1] have emerged as a pow-
erful tool for encoding intricate 3D scenes using only posed
images, demonstrating remarkable capabilities and adaptability
in different research fields [2]–[5] including robotics [6]–[9].
Such extensions have been explored to make the most of
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NeRF’s effectiveness to solve various challenges in robotics
such as SLAM [10], planning [11] and manipulation [12].

Despite their recent success in robotics, current NeRF-based
methods still lack the ability to quantify the uncertainty associ-
ated with the model predictions, particularly in the areas of the
scene where information is not provided during training. When
robots implicitly use NeRF-based approaches for exploring
and planning in realistic environments, not being aware of
predictions uncertainty can lead to catastrophic failures.

Recently, some current methods have proposed to utilize
ensemble-like methods like Deep Ensembles [13] or MC-
Dropout [14] to quantify NeRF uncertainty due to their model-
agnostic property. Others [15], [16] have employed Variational
Bayesian methods to model stochastic variants of NeRF which
have been shown to provide better uncertainty measures.
However, all these methods are inherently designed to estimate
uncertainty for the areas of the scene that can be observed
in the training images. As a consequence, for areas of the
scene that are not provided during NeRF optimization, they
tend to allocate low uncertainty values, that could lead to
dangerous situations given that the robot is overconfident about
unknown information about the scene. To overcome this, Niko
et al. [17] compute an additional epistemic uncertainty along
each ray concerning the unknown space. However, their ray-
based method neglects the potential occluded regions and still
predicts low uncertainty in non-observed areas.

In this paper, we propose to estimate a 3D Uncertainty Field
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along with the learned neural radiance fields. For the unseen
regions including occluded and outside scene content from
the observations, our uncertainty field presents high point-wise
uncertainties and can also render high pixel-wise uncertainties
for rays directly casting through these unknown regions (see
Fig. 1). For estimating uncertainty on the learned geometry and
appearance, we follow [15] to model a stochastic radiance field
based on the popular framework DVGO [18]. The evaluation
results show that our approach achieves state-of-the-art per-
formance with reliable uncertainty on both synthetic bounded
scenes and more challenging real-world unbounded scenes.
The additional evaluation on the Next-Best-View planning task
indicates that our estimated uncertainty field can be utilized for
further exploration and planning in the unknown scene space.

II. RELATED WORK

A. Neural Radiance Fields

NeRF [1] implicitly encodes a 4D radiance field modelling
a scene with a simple neural network from only 2D posed
images. Due to its simplicity and impressive performance,
it has gained significant popularity in various tasks [19]–
[23]. Recently, several extensions [24]–[26] have proposed
to utilize different representations for faster convergence of
NeRF. Among these methods, DVGO [18] directly optimizes
the scene properties in voxel grids, achieving both efficient
and accurate scene modelling. Additionally, its nature of
modelling the scene in a normalized space, particularly for
the unbounded scenes with complex backgrounds, provides a
formal framework in our proposed approach for constructing
the 3D uncertainty grid.

B. Uncertainty Quantification in Deep Learning

Uncertainty quantification is a crucial aspect in deep learn-
ing [27], with applications in different fields including robotics
[28], [29]. It provides a measure of how confident or uncertain
a model is in its predictions. In early methods, Bayesian
Neural Networks (BNN) [30] were employed to integrate
uncertainty into the model by learning the marginal distribu-
tions of network weights. Nonetheless, the training of BNNs
can pose difficulties and demand significant computational
resources, constraining their use in extensive deep neural net-
work architectures. Recently, several efficient strategies have
been proposed to incorporate uncertainty estimation into deep
neural networks like Deep Ensembles [13] and MC-dropout
[14], due to their architecture-agnostic nature. However, their
simple way of quantifying uncertainty by calculating the
variance in the output space is not appropriate for identifying
out-of-distribution data, particularly on 3D data [13], [17].

C. Uncertainty Quantification in NeRF

Recently, some works have explored different strategies
to incorporate uncertainty estimation exclusively for NeRF.
Among them, [7], [31], [32] directly learned a uncertainty
term in the RGB space by assuming a Gaussian distribution to
predict pixel-wise uncertainties. Others [33]–[35] evaluate the
volumetric uncertainty on the scene geometry by computing

the information entropy from the predicted density along the
ray. Instead, [15], [16] modeled a stochastic neural radiance
field, allowing for quantifying uncertainty both on 3D scene
geometry and 2D rendered images. However, without the
knowledge in the unknown scene regions, all these NeRF-
based methods are unable to explicitly recognize them and
allocate high uncertainties there. To address it, Niko et al. [17]
consider an additional uncertainty measure in the unknown
space according to the ray termination probability on the
learned geometry. However, they neglect the existing occlusion
in most scenes, which can be crucial in practical cases. To
the best of our knowledge, our approach is the first one that
can not only quantify the uncertainty on the learned geometry
and appearance, but also allocate high uncertainties on unseen
regions, including outside and occluded points.

III. UNCERTAINTY QUANTIFICATION

A. Background

NeRF [1] based methods represent a scene as,

(σ, c) = fθ(x,d) , (1)

where two scene attributes, density σ and radiance c for each
input 3D coordinate x and view direction d are modeled by
a 5D function: R5 7→ R4. The volume rendering technique is
then used to render the pixel color:

Ĉ(r) =

∫ tf

tn

T (t)(1− e−σtδ)ctdt, T (t) =

t∏
i=tn

e−σiδ , (2)

where T (t) denotes the accumulated transmittance from tn to
tf representing the probability of not hitting any scene objects.

DVGO [18] explores a more efficient hybrid representation
for fast convergence in NeRF models. With the scene bounded
in a normalized space (i.e. a cube), they directly utilize voxel
grids Vden and Vrad with resolution Nx × Ny × Nz to
represent σ, c respectively. The specific value for arbitrary
(x,d) can be obtained by trilinear interpolation as,

σ = interp(x,Vden)

c = Light-weight-MLP(interp(x,Vrad),d) . (3)

Please refer to their paper [18] for more details. Explicitly
storing the density value in a voxel grid is not only efficient
in optimization, but also makes it tractable to intuitively
distinguish the different regions (i.e. occluded) by voxels.

B. Predictive Uncertainty for In-Distribution Points

Training NeRF models involves ray casting and point
sampling through the scene. For clear illustration, we first
define different types of points and rays, which contribute
differently in reconstructing a scene by NeRF-based methods,
as shown in Fig. 2. Those points, which can be seen in the
observed reference images, are known as In-distribution points
and can be split into two types: Empty points (E) falling
inside the unoccupied voxels of low or zero density values
and Surface points (S) falling inside the informative voxels
representing the scene geometry. The scene attributes (σ, c)
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for these two types of points are updated in the optimization
process, and thereby its corresponding uncertainties (often
called aleatoric uncertainty) can be learned by the model
parameters. To estimate the uncertainty for points E and
S, we model a stochastic radiance field based on DVGO
[18] following [15], [16]. Concretely, we construct a density
voxel grid Vden ∈ RNx×Ny×Nz×2 where each vertex stores
parameters (µσ, β

2
σ) of a Gaussian distribution. The estimated

radiance color is also a Gaussian (µc, β
2
c ). Their specific values

for arbitrary input pairs (x,d) can be obtained as,

(µσ, β
2
σ) = interp(Vden,x) ,

(µc, β
2
c) = Light-weight-MLP(interp(Vrad,x),d) . (4)

Reparameterization trick can be then used to draw sampled
density/color from the probabilistic radiance field, σ/c =
µ + ϵβ where ϵ ∼ N (0, 1). In this manner, multiple (i.e. K)
possible α-distance trajectories for each ray can be obtained,
followed by Eq. (2) to generate multiple pixel color estimates
Ĉ1:K . Note that ϵ is shared by all the points on each trajectory.
Then, the variance of the multiple estimates can be treated as
the associated uncertainty UC(r) = Var(Ĉ1:K).

As for optimization, we follow [15], [16] to minimize
the negative log-likelihood − log p(Ĉk = C∗|µσ, βσ, µc, βc)
given ground-truth pixel RGB values C∗. We then utilize
multivariate kernel density estimation [36] to approximate the
probability density and formulate the pixel-wise loss as,

L = − log
1

K

K∑
k=1

(2π)−
3
2 |H|− 1

2 e−
1
2C

T
kH

−1Ck +
λ

K

K∑
k=1

σk ,

(5)

where Ck = Ĉk − C∗ and the bandwidth matrix H can be
empirically chosen as 0.98V ar(Ĉ1:K)

K1/7 . The second term is often
adopted as a regularizer [31].

C. Uncertainty Field for Out-of-Distribution Points

Apart from the in-distribution points that can be seen
from the observed views, there exist also out-of-distribution
points that cannot be seen from the observed views, as shown
in Fig. 2(Top). The points in these unseen regions can be
further split into two types: Outside points (P) falling outside
the observed views, and Occluded points (O) caused by
occlusion of the scene objects. We compare the ability of
current methods to estimate uncertainty on all four points
in Fig. 2(Bottom). NeRF-based models including ours will
not update the density values for these out-of-distribution
points in these unseen regions and thereby always predict
low uncertainties despite of high predictive errors. Niko et
al. [17] consider the outside points, but still cannot allocate
high uncertainty for occluded points (see Fig. 4b).

Theoretically, these regions that are not seen during training
should all be allocated with high uncertainty. This problem
could then be transformed to distinguish the out-of-distribution
points from these determined empty and surface points. For
this purpose, we introduce a model-free Uncertainty Field,
implemented by an additional uncertainty voxel grid denoted
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Methods In-Distribution Out-of-Distribution
Empty(E) Surface(S) Outside(P) Occluded(O)

Ensemble-like [13] ✓ ✓

MC-Dropout [14] ✓ ✓

S-NeRF [15] ✓ ✓

CF-NeRF [16] ✓ ✓

Niko et al. [17] ✓ ✓ ✓

Ours ✓ ✓ ✓ ✓

Fig. 2: (Top) We illustrate different point types when exploring
a scene with unseen regions, and (Bottom) whether current
methods are able to estimate uncertainty on these points.

as VH with the same resolution with Vden. Before training,
we initialize VH = 1, indicating that the scene is full of high
uncertainties everywhere. During training, the empty points
seen in the training images will be considered unoccupied,
resulting in a constant accumulated transmittance T (E) = 1.
When the ray travels to the scene object surface, the inter-
sected points there will be considered occupied with allocated
increased high density values, resulting in sharply decayed
T (S) ranging from 1 to τ (e.g. 0.1). Behind the object surface,
the points with T (O) < τ can be considered occluded and not
seen from the rays. We update the uncertainty field VH as,

VH(xt) =

{
0 if T (t) > τ ,

1 if T (t) < τ .
(6)

The remaining unsampled regions in the 3D bounding box
during training are treated as outside (P), where VH will
not be updated and remain to be of high uncertainty. To
avoid confusion of varying T (t) resulted from different rays,
once updated to 0, VH(xt) will not be modified. The above
updating operation involves no parameters to learn and thereby
could be fully processed offline after training. Finally, the
complete 3D point-wise uncertainty could be obtained as,

U(x) = interp(VH ,x) + Var(softplus(σx)) , (7)

where the second term computes the uncertainty on the surface
points brought by our modelled density distribution.

D. Inferring 2D Pixel-wise Uncertainty

Given the updated VH , it is also convenient to infer the
accumulated uncertainty along each camera ray for each ren-
dered 2D pixel. Whether the high uncertainties in the unseen
regions emerge in the 2D uncertainties associated with the
pixel color depends on the specific ray direction. Along with
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the defined four types of points in the scene in Fig. 2, we also
define four corresponding rays rE , rS , rO, rP . The computed
2D accumulated uncertainties from VH should satisfy the
following requirements:

1) From the view direction of the first two rays, rE and
rS , both the occluded and outside points are not visible. As
a result, the high uncertainty brought by these regions should
not be considered, in short, UH(rE) = 0 and UH(rS) = 0.

2) On the contrary, for rO and rP , either the occluded or
the outside points are visible. Consequently, their accumulated
uncertainties UH(rO) and UH(rP ) should be high.

To achieve the above two requirements, we introduce a
weighted uncertainty accumulated along each camera ray to
take the ray termination into consideration. Formally, we
compute it as,

UH(r) =

tf∑
t=tn

T (t) · interp(VH ,xt) , (8)

where T (t) is the accumulated transmittance introduced in
Eq. (2). To avoid too big values, we normalize it using
1− exp(−UH(r)) as the final result. The specific analysis on
inferring UH(r) for all the four types of rays is demonstrated
in Fig. 3. Finally, the complete 2D pixel-wise uncertainty along
a camera ray is equivalent to:

U(r) = UC(r) +UH(r) , (9)

where UC(r) is the predictive uncertainty from our stochastic
radiance fields in Sec. III-B.

IV. APPLICATION: NEXT BEST VIEW PLANNING

Our designed uncertainty field is ideally suited for robotic
exploration and planning in unknown environments. A critical
task in robotics, known as Next-Best-View (NBV) selection,
involves identifying the most informative views to effectively
represent unseen scene content.

Starting from a limited set of initial observations of a scene,
there always remain unseen or occluded regions within the
unknown scene space that require exploration. Given resource
constraints, the task is to identify the next most informative
views that contain more features to aid in scene reconstruction.
Our estimated uncertainty field is naturally suited for this
task. In the first step, we train our model using the initial
set of observed images. Based on the learned geometry, we
estimate an uncertainty field where unseen regions maintain a
high level of uncertainty, as defined by Eq. (6). In the second
step, we evaluate all candidate views for their 2D image-wise
uncertainty, UH(I), which is calculated as the sum of pixel-
wise uncertainties within each image:

UH(I) =
∑
r∈I

UH(r) , (10)

INBV = argmax
I

UH(I) , (11)

where the selected next best view, INBV, is the one with the
maximum uncertainty value. We then update the uncertainty
grid, VH , using the rays cast and points sampled through the
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Fig. 3: The inferred pixel-wise uncertainty from our uncer-
tainty field exhibits high value for rays that directly cast
towards the occluded rO or outside scene content rP . T (t)
represents the accumulated transmittance and will quickly
decay to zero when hitting the surface (S).

selected INBV, without the need for additional training. With
the updated uncertainty grid, we repeat the second step until
we have identified N target views to add to the training set.
We then retrain the model and iterate this process until we
reach the resource budget.

V. EXPERIMENTAL EVALUATION

A. Evaluation on Uncertainty Quantification

Datasets. Our main goal is to estimate the quality of the
provided uncertainty measures concerning the unseen regions,
particularly in the occluded regions of the scene. For this
reason, we collect a real-world unbounded dataset, including
two indoor and two outdoor scenes with an image resolution
of 950x540. All the scenes are captured in an inward-facing
manner towards the objects, following the protocol in [37]. In
each scene, all sides of the object are closed except for one
opening, causing internal occlusion. We denote this dataset as
Real-Occlusion. To conduct evaluation, we first sample testing
views uniformly around the scene. Among the remaining
views, we randomly select training views in the hemisphere
on the opposite of the opening side, guaranteeing that no
information inside is observed(see Fig. 4a). Additionally, to
evaluate our method on bounded scenes, we also select five
scenes with obvious occlusion from NeRF-Synthetic dataset
[1]. For training, we randomly select views within a narrow
view range (e.g. 90º) and use the remaining views for testing.
Baselines, Metrics. We first consider a general model-
agnostic method, Deep Ensembles(D.E.), and two current
popular methods designed to exclusively estimate uncertainty
in NeRF-based models, S-NeRF and CF-NeRF. Additionally,
we compare against another recent method [17], exclusively
designed for estimating uncertainty on unseen regions. To
implement it and D.E., we follow the same setting in [17] and
train five models in the ensemble based on DVGO [18]. To
evaluate the correlation between the predicted error and esti-
mated uncertainty, we report the Area Under the Sparsification
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(1) Incomplete Mesh (3) Uncertainty Field (unseen regions)

unseen view
Occluded (O)
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(a) Example of our estimated 3D point-wise uncertainty. Given observed images only from the left hemisphere, our approach can not only
infer the (2) predictive uncertainty for the learned incomplete scene geometry, but also allocate high uncertainties on (3) unseen regions,
including outside (i.e. the background) and occluded points (i.e. inside the box) shown in red color.

Observed views
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(b) Example of our inferred 2D pixel-wise uncertainty. For the rendered RGB prediction from an unseen view with occlusion and outside
scene content, our method is the only one that can correctly estimate uncertainty on all Surface (S), Outside (P) and Occluded (O) points.

Fig. 4: Qualitative results of our estimated (a) point-wise and (b) pixel-wise uncertainty. Without the knowledge in the unseen
scene regions, the model tends to allocate zero density there. Rendering through these regions produces notably incorrect pixel
colors exhibiting purely white or transparency, and correspondingly high uncertainty estimates (yellower) from our approach.

TABLE I: Evaluation results on the pixel-wise uncertainty estimates. Our approach achieves notably more reliable uncertainty
measures than other baselines across both the synthetic bounded and realistic unbounded scenes. We report the Area Under
the Sparsification Error curve (AUSE) as the evaluation metric. Best results in Bold.

Methods
NeRF-Synthetic (bounded) Real-Occlusion (unbounded)

Chair Lego Drums Hotdog Materials Average Indoor1 Indoor2 Outdoor1 Outdoor2 Average

AUSE ↓

D.E. [13] 0.15 0.22 0.16 0.23 0.10 0.17 0.48 0.56 0.73 0.77 0.63
S-NeRF [15] 0.17 0.31 0.22 0.30 0.12 0.22 0.47 0.53 0.78 0.81 0.67
CF-NeRF [16] 0.16 0.29 0.24 0.31 0.12 0.22 0.29 0.33 0.49 0.52 0.41
Niko et al.† [17] 1.33 1.09 1.29 1.12 1.04 1.17 0.32 0.27 0.31 0.33 0.31
Ours (UC + UH) 0.14 0.13 0.17 0.21 0.09 0.15 0.26 0.22 0.19 0.18 0.21

Ablation study
Ours (UC) 0.18 0.30 0.23 0.32 0.09 0.22 0.30 0.35 0.51 0.48 0.41
Ours (UH) 0.24 0.21 0.36 0.22 0.44 0.29 0.64 0.61 0.53 0.53 0.58

Error (AUSE) curve [38]. A lower AUSE value indicates more
reliable uncertainty estimates.

Implementation. To implement our method, we mainly
inherit the dense voxel grid structure and hyperparameters
from [18]. We set 0.01 as the initialized learning rate of the
additional density variance. The weight of regularizer λ is
set to be 0.001 for all scenes unless specified. We train our
model on each scene for 10000 iterations on a single Nvidia
RTX 2080Ti, which takes around 10 and 15 mins for NeRF-
Synthetic and our Real-Occlusion dataset respectively.

Results. In Tab. I, we show the quantitative results of dif-
ferent methods both on bounded and unbounded scenes. Most
previous methods including D.E., S-NeRF and CF-NeRF are
designed only to estimate uncertainty for the known geometry
seen from observed regions. On the unknown space, they
tend to allocate constantly zero density, producing high-error
predictions with low uncertainty estimates there. As a result,

their AUSE values are significantly higher, particularly on
challenging realistic unbounded scenes. Although Niko et al.
consider the uncertainty in outside scene regions, their pro-
posed approach still neglects the occluded points, resulting in
inferior performance than ours on Real-Occlusion unbounded
scenes. As a consequence, their method tends to allocate
high uncertainty also for white background pixels involved
in bounded scenes, leading to worst results. In contrast, our
approach achieves the lowest AUSE values of 0.15 and 0.21
averagely on synthetic and realistic scenes, indicating that our
learned 3D uncertainty field can produce highly consistent
pixel-wise uncertainty. Fig. 4 shows the qualitative results.

B. Ablation Study
Effect of individual uncertainty term. As described in
Eq. (9), our inferred 2D pixel-wise uncertainty is composed of
two terms: UC - uncertainty on the learned geometry, and UH

- uncertainty on the unseen scene regions. As can be seen at
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Fig. 5: Ablation study on the threshold τ . Too small τ causes
low inferred pixel-wise uncertainties for rays casting through
the unseen occluded scene regions, while too large τ will
destroy the reasonable uncertainty from the seen view.

the bottom of Tab. I and also in Fig. 4, neither of them can be
used alone to explain reliable uncertainty on rendered views.
Effect of the threshold τ . As described in Eq. (6), τ is
a threshold to distinguish the occluded points from the seen
space. Theoretically, higher τ means that more points beyond
the seen surface will be treated as occluded with higher VH .
As shown in Fig. 5, when we use a relatively smaller τ
of 0.01, there exist fewer points of high uncertainty in the
occluded space - inside the box. As a result, the rendered
2D pixel-wise uncertainties for pixels in the occluded regions
present unreliable low values. On the contrary, when we set a
large value of 0.9 for τ , nearly all points inside the box are
exhibiting high uncertainties in the estimated uncertainty field.
While reasonable for occluded pixels after rendering, these 2D
uncertainties exhibit unexpectedly high values on the visible
surface. In sum, choosing a proper value for τ is crucial for
inferring reliable pixel-wise uncertainties.

C. Evaluation on Next-Best-View Selection

We now evaluate our uncertainty-guided strategy utilizing
our estimated uncertainty field in a real-world application:
Next-Best-View (NBV) selection. Considering the practical
environments are unbounded with complex backgrounds and
full of occlusions, we mainly evaluate the Real-Occlusion
dataset, which is challenging for most current methods. We
first split around 12% of testing views uniformly sampled
around the scene. From the hemisphere on the opposite of
the opening side in each scene, we randomly select initialized
training images with a number of 5. All the remaining views
are treated as candidate views for further selection. We follow
the reconstruction process described in Sec. IV with N = 10.
After each iteration, we report PSNR to evaluate the quality
of rendered novel images. For a baseline, we mainly compare
our uncertainty-guided approach against a general selection
strategy: Randomly selecting images from the candidate views.
Results. Fig. 6(a) shows the results during the next-best
views searching process, averagely on Real-Occlusion dataset.
It clearly shows that the selected views by our estimated

(c) +10 NBVs

(d) +20 NBVs

(b) initial 5 views

(a) Average results (e) +20 random views

Fig. 6: (a) Starting from 5 views in a hemisphere, we progres-
sively add new views, selected either randomly or based on
our uncertainty measures. Results are averaged over the Real-
Occlusion dataset. (b) The estimated uncertainty field given
initialized random 5 views for the Outdoor1 scene. The next-
best-views (NBVs) selected by our uncertainty-guided strategy
effectively target the unknown scene space, as evidenced by
the significant reduction in high-uncertainty regions in the
uncertainty field after adding (c) 10 and (d) 20 more NBVs.
In contrast, (e) shows large unobserved regions despite the
addition of 20 random views.

uncertainty are significantly more informative than simple
random selection. From the qualitative analysis in Fig. 6(b-
e), our selected NBVs effectively target at those unknown
scene regions and thereby provide more information for better
reconstructing the scene.

VI. CONCLUSION AND FUTURE WORK

We have proposed to estimate a 3D Uncertainty Field to
explicitly allocate high uncertainties for the occluded and
outside scene content in reconstructing a real-world scene.
Beside, we model a stochastic radiance field of the scene
based on the observed images to estimate the predictive
uncertainties on the learned scene geometry and appearance.
The further rendering through our Uncertainty Field clearly
produces reliable 2D pixel-wise uncertainty estimates on both
observed and unseen regions. Furthermore, our evaluation
on a real-world robotics task show the effectiveness of our
Uncertainty Field in selecting the most informative next views
when exploring the unknown scene space.

As one of the major advantages, our introduced Uncertainty
Field could be fully estimated offline after training, allowing to
be conveniently integrated in any trained NeRF-based models
for recognizing and exploring the unobserved scene regions.

Limited by the current scene parameterization [39], [40], the
current structure of our Uncertainty Field is mainly designed
for object-centric scenes. In the future, more general structure
is expected to be developed for robotic exploration in more
general scenes with free camera trajectory.
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