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Bayesian NeRF: Quantifying Uncertainty With
Volume Density for Neural Implicit Fields

Sibaek Lee , Kyeongsu Kang , Graduate Student Member, IEEE, Seongbo Ha ,
and Hyeonwoo Yu , Member, IEEE

Abstract—We present a Bayesian Neural Radiance Field (NeRF),
which explicitly quantifies uncertainty in the volume density by
modeling uncertainty in the occupancy, without the need for ad-
ditional networks, making it particularly suited for challenging
observations and uncontrolled image environments. NeRF diverges
from traditional geometric methods by providing an enriched
scene representation, rendering color and density in 3D space
from various viewpoints. However, NeRF encounters limitations
in addressing uncertainties solely through geometric structure in-
formation, leading to inaccuracies when interpreting scenes with
insufficient real-world observations. While previous efforts have
relied on auxiliary networks, we propose a series of formulation
extensions to NeRF that manage uncertainties in density, both
color and density, and occupancy, all without the need for addi-
tional networks. In experiments, we show that our method signif-
icantly enhances performance on RGB and depth images in the
comprehensive dataset. Given that uncertainty modeling aligns
well with the inherently uncertain environments of Simultaneous
Localization and Mapping (SLAM), we applied our approach to
SLAM systems and observed notable improvements in mapping
and tracking performance. These results confirm the effectiveness
of our Bayesian NeRF approach in quantifying uncertainty based
on geometric structure, making it a robust solution for challenging
real-world scenarios.

Index Terms—Deep learning for visual perception, mapping,
SLAM.

I. INTRODUCTION

THE advent of Neural Radiance Fields (NeRF) [18] has
significantly advanced the field of novel view synthesis,

allowing for the continuous synthesis of views from given
images at unseen positions and orientations. As opposed to
traditional geometric approaches [23], [25], NeRF leverages a
learned neural network model to predict color and density in
3D space from coordinates and view directions, thus better han-
dling complex scenes, intricate textures, and lighting variations.
Subsequent research has propelled its real-world application
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in robotics [22], [37], virtual reality [4], digital twins [14],
and autonomous driving [7], [39], underscoring the importance
of real-time performance and efficiency when data is limited.
However, advancements are hindered by challenges like accu-
rately predicting scenes in unobserved views with limited data
availability [41]. This is inherently challenged by the limitations
of the sensor’s field of view (FoV) and physical occlusions,
such as buildings or other vehicles, frequently result in gaps in
observable data. Moreover, the intrinsic nature of the real-world
ensures that sensor data is invariably accompanied by errors [34].
To overcome these challenges, it is necessary to incorporate
uncertainty consideration and this approach is crucial for precise
interpretation of and adaptation to the variabilities encountered
in real-world environments [1], [3], [9].

Given the importance of considering uncertainty in neural
radiance fields, various studies have focused on addressing the
variability of color in space. [17] tackled photometric variations
to deal with images captured in various environments, while [20]
used data selection strategies for enhanced learning. They in-
corporate an L1 regularization term to mitigate transient density
issues. However, considering uncertainty in color presents sev-
eral critical drawbacks. Firstly, it fails to address uncertainties
in other sensor data such as density, which are essential for
a comprehensive understanding of 3D spaces. Moreover, pre-
dicting pixel variance does not fully capture the uncertainty in
the scene’s radiance field and can lead to suboptimal results.
In response to these challenges, [26], [27] suggested employ-
ing an additional network to consider the density uncertainty.
However, the use of an extra network is inefficient for real-time
applications and does not guarantee accurate estimations due to
the approximation of the probability distribution.

We introduce a series of methodical approaches that allow us
to incorporate density-related uncertainty into the NeRF model
without altering its network structure. This methodology not
only explicitly addresses density uncertainty but also renders the
model suitable for real-time applications by leveraging Bayesian
techniques to manage and interpret the uncertainties inherent
in the data. Our approaches improves rendering in unobserved
views, as shown in Fig. 1, where training data from limited view-
points lead to suboptimal performance. Incorporating a Bayesian
framework enhances the model’s capacity to handle unseen data
uncertainties, boosting rendering quality from various angles.
Furthermore, we address the limitations of sensors that do not
capture color data, such as Lidar and Thermal Imaging Cameras,
which make traditional uncertainty methods ineffective. By
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Fig. 1. Quantitative results. Ground Truth (Left), baseline model prediction
(Middle), our method’s prediction (Right). All models were trained on 4 images
from the NeRF dataset and predict unobserved viewpoints.

focusing on density as a universal attribute detectable across
different sensor types, our method extends the applicability of
NeRF models beyond the realm of RGB cameras. Integrating
uncertainty across different sensors broadens NeRF’s flexibility
and significantly improves performance in real-world scenarios,
demonstrating the robustness and adaptability of our enhanced
framework.

II. RELATED WORK

A. Novel-View Synthesis and NeRF

The field of novel-view synthesis has seen remarkable ad-
vancement as computer vision technologies have evolved. Ini-
tially, traditional methods were concentrated on understanding
the structure of 3D scenes through camera poses, utilizing tech-
niques such as structure-from-motion (SFM) [23] and Multi-
View Stereo (MVS) [25]. These methods, based on geometric
approaches, aimed to synthesize images from novel viewpoints
by accurately modeling 3D structures. The advent of NeRF
marked a significant leap forward, enabling the creation of
realistic renderings from a smaller set of images through 3D
representations learned by neural networks. NeRF estimates vol-
ume density and color information based on 3D coordinates and
viewing directions, with its network output facilitating image
generation via a rendering function. These images reflect obser-
vations within the modeled space, informed by the direction of
the camera view [17], [20], [26]. Efforts have since been directed
at addressing the original NeRF’s limitations, spurring a variety
of enhancements. For instance, changes to encoding methods
have sped up the learning process [2], [6], [19], while large-
scale scenes are now depicted using multiple implicit neural
networks [42], [44]. Additionally, the introduction of new priors
has facilitated learning from sparse data [32], [35]. NeRF’s ap-
plication scope has also expanded, encompassing areas such as
scene editing [36], [45], converting text to 3D models [13], [21],
and enhancing visual scene-based SLAM technologies [10],
[22], [30], [43], [49], demonstrating its versatility and potential
in various domains.

B. Uncertainty Estimation in NeRF

Estimating uncertainty is a well-known and important issue
in deep learning. Similarly, in NeRF, considering uncertainty is
crucial for reducing errors stemming from sensor noise, sensor
field of view (FOV), occlusions, and other factors, enabling
the representation of space with reliability and robustness. Due
to this importance, research efforts are underway to integrate
uncertainty estimation into existing NeRF-based techniques. For

instance, [17] accurately render scenes from images taken in
various environments, [20] select data for subsequent learning,
and [12] consider uncertainty in color to measure the reliability
of generated images. While these approaches explicitly estimate
uncertainty and do not require more extensive training than
baseline models, they have the drawback of not considering
uncertainty for volume density. Other recent works [5] rep-
resent rendering cleanup by measuring uncertainty in trained
models. [31] proposes a method that utilizes an ensemble of
multiple NeRF models to quantify uncertainty, which can be
applied to next view selection. However, these approaches can
only capture epistemic uncertainty and cannot capture inherent
aleatoric uncertainty in the data. Addressing volume density un-
certainty, [26], [27] presents a method that employs an additional
network to measure depth uncertainty. This method is difficult to
apply in real-time situations due to additional network usage. To
address this challenge, we introduce a series of methods based
on Bayesian approaches that explicitly estimate volume density
uncertainty, tackling the complex issue of depth uncertainty
and effectively predicting unobserved views. Our methodologies
formulate uncertainty for volume density and offer ways to
quantify uncertainty without the need for additional estimation
networks.

III. METHODOLOGY

A. Background

NeRF is a coordinate-based neural representation of a 3D
volumetric scene [18]. The goal is to find a continuous non-linear
regression FΘ : (x,d) → (c, ρ), where Θ represents the net-
work parameters, x = (x, y, z) are the spatial 3D coordinates,
and d = (θ, φ) are the viewing directions of the camera. The
output of FΘ estimates the color c and density ρ at a given point
in the neural field. To render an image, the color of each pixel is
determined by integrating colors along a ray in the neural field.
The expected image color C(r) for a camera ray r(t) = o+ td
starting from the camera origin o with near and far bounds tn
and tf is given by:

C(r) =

∫ tf

tn

T (t)ρ(r(t))c(r(t),d)dt, (1)

where T (t) is the accumulated transmittance along the ray.
For practical implementation, the integral is approximated by
sampling N discrete points along the ray at positions ti, spaced
by δi = ti+1 − ti. This discretization maintains a continuous
scene representation, and the rendering equation becomes:

Ĉ(r) =

N∑
i

Ti(1− exp(−δiρi))︸ ︷︷ ︸
αi

ci

=
N∑
i

αici, where Ti = exp

⎛
⎝−

i−1∑
j=1

δjρj

⎞
⎠ . (2)

Authorized licensed use limited to: Sungkyunkwan University. Downloaded on March 09,2026 at 07:43:24 UTC from IEEE Xplore.  Restrictions apply. 

IEEE Robotics and Automation Letters (RA-L) paper, presented at ICRA 2026, Vienna, Austria. Cite as RA-L paper.



2146 IEEE ROBOTICS AND AUTOMATION LETTERS, VOL. 10, NO. 3, MARCH 2025

B. Uncertainty Estimation

Training with limited observations presents a challenge in
accurately predicting unobserved parts of the 3D scene. To ef-
fectively tackle the problem, it is essential to adopt the Bayesian
learning [9] for considering the observation and estimation
uncertainty. For example, [17], [20] simply assume that only the
color c follows a Gaussian distribution c ∼ N (μc, σ

2
c), while

treating density ρ and transmittance T as constants. As in (2),
since the cumulated color C(r) along the ray r is a linear
combination of Gaussian random variable c, it also follows the
Gaussian distribution

C (r) ∼ N
(

Ns∑
i=1

μiαi,

Ns∑
i=1

σ2
i α

2
i

)
. (3)

This assumption makes it easy to model the variability in
color predictions, facilitating the estimation of color uncertainty
and its impact on the rendered scene. However, this color-
only approach is limited by considering only RGB images,
making it impossible to extend to other sensor values such
as depth or intensity. To address the general uncertainty in
estimating 3D space from sensors, one can consider incorpo-
rating a density field in neural representation. Unfortunately,
unlike color-only case, when we assume that density ρ follows
a Gaussian distribution ρ ∼ N (μd, σ

2
d) the problem becomes

highly complicated. SinceTi = exp(−∑i−1
j=1 δjρj) as in (2), we

have Ti ∼ Lognormal(μTi
, σ2

Ti
) where μTi

= −∑i−1
j=1 δjμj

and σ2
Ti

=
∑i−1

j=1 δ
2
jσ

2
j . Meanwhile, α in (2) can be rewritten

as:

αi = exp

⎛
⎝−

i−1∑
j=1

δjρj

⎞
⎠ (1− exp (−δiρi))

= exp

⎛
⎝−

i−1∑
j=1

δjρj

⎞
⎠− exp

⎛
⎝−

i∑
j=1

δjρj

⎞
⎠

= Ti − Ti+1, (4)

which is the difference of two lognormal random variables Ti

and Ti+1. It is known to be challenging to have the closed-
form distribution of the difference of two lognormal random
variables, even the two random variables are independent and
thus uncorrelated [15], [40]. Therefore, even if we assume that
the color c in (2) is a constant, C(r) still follows an intractable
distribution since C(r) is a linear combination of α. To model
this complex distribution, recent works such as [26], [27] utilize
generative models and additional network structures, resulting
in complex frameworks and challenging learning tasks. In the
following, we introduce a series of our analytic but simple and
effective approaches with consideration of density uncertainty
without the need of additional network structures or trainings.

1) Gaussian Approximation of Density Uncertainty: We pro-
pose a method to optimize the NeRF model by considering
density uncertainty through a series of assumptions. Using αi

represented in (4), expected colorC(r) and expected depthD(r)

of the ray r can be derived as [8], [16], [33], [47]:

C (r) =

Ns∑
i=1

ciαi, (5)

D (r) =

Ns∑
i=1

diαi =

Ns∑
i=1

ti+1 + ti
2

αi. (6)

Here, let us make a slightly strong assumption regarding α, such
that

∑
δjρj � 1. In other words, we assume that the intervals

between samples are very narrow. Furthermore, neural fields are
generally sparse, and the volume density is forced to take values
less than 1 using activation functions such as sigmoid. Then we
can approximately represent (4) as the following:

αi ≈
⎛
⎝1−

i−1∑
j=1

δjρj

⎞
⎠−

⎛
⎝1−

i∑
j=1

δjρj

⎞
⎠ = δiρi. (7)

Now letk’th volume densityρk follows the Gaussian distribution
ρk ∼ N (μk, σ

2
k) and the densities are i.i.d.. Assume that the

color c is a constant. Substituting (7) into (5), we approximately
have the rendered color asC(r) ≈∑Ns

i=1 ciδiρi. As the rendered
color C(r) is now a linear combination of Gaussian random
variables, its distribution can be written as:

C (r) ∼ N
(

Ns∑
i=1

ciδiμi,

Ns∑
i=1

c2i δ
2
i σ

2
i

)
, (8)

and we can obtain the approximated solution {(μ̂i, σ̂i)} of
the volume density by minimizing the following negative log-
likelihood:

ln

Ns∑
i=1

c2i δ
2
i σ

2
i +

(
C (r)−∑Ns

i=1 ciδiμi

)2
∑Ns

i=1 c
2
i δ

2
i σ

2
i

. (9)

Similarly, we can obtain the approximated solution {(μ̂i, σ̂i)}
of D(r) by minimizing the following negative log-likelihood:

ln

Ns∑
i=1

d2i δ
2
i σ

2
i +

(
D (r)−∑Ns

i=1 diδiμi

)2
∑Ns

i=1 d
2
i δ

2
i σ

2
i

. (10)

By using (9) or (10), now we can consider the uncertainty of
both color or depth, or other sensor information, by utilizing the
density uncertainty.

2) Gaussian Approximation of Density and Color Uncer-
tainty: In addition to the above method, we also propose a
method that considers both color and density by assuming
that color follows a Gaussian distribution, rather than being
constant. Specifically, we assume that ck ∼ N (μck

, σ2
ck
), then

(5) becomes the summation of the product of two Gaussian
random variables, ρ and c. While the distribution of this product
is infeasible to compute explicitly, under certain conditions,
specifically when the means of the Gaussian distributions are
significantly larger than their standard deviations (i.e., μk � σk

andμck
� σck

), the product can be approximated by a Gaussian
distribution [24]. Practically, this means that the relative vari-
ability of the random variables is low, and their distributions are
sharply peaked around the mean. This allows us to approximate
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the product ρkck as another Gaussian distribution with the
following mean and variance:

σkck ∼ N (
μkμck

, σ2
kμ

2
ck

+ σ2
ck
μ2
k + σ2

kσ
2
ck

)
.

Consequently, the distribution of rendered color C(r) can be
approximated as:

C (r) ∼ N
(

Ns∑
i=1

δiμiμci
,

Ns∑
i=1

δ2i
(
σ2
i μ

2
ci
+ σ2

ci
μ2
i + σ2

i σ
2
ci

))
.

(11)

Using this approximated distribution, and similar to (9) and (10),
we can obtain the approximated solutions (μ̂i, σ̂i), (μ̂ci

, σ̂ci
)

for the volume density and color by minimizing the following
negative log-likelihood:

ln

(
Ns∑
i=1

δ2i
(
σ2
i μ

2
ci
+ σ2

ci
μ2
i + σ2

i σ
2
ci

))

+

(
C(r)−∑Ns

i=1 δiμiμci

)2
∑Ns

i=1 δ
2
i

(
σ2
i μ

2
ci
+ σ2

ci
μ2
i + σ2

i σ
2
ci

) . (12)

3) Markov Approach for Density Uncertainty: The approxi-
mation in (7) hardly holds when the ray r travels a long distance,
or the volume density σ takes a large value. As a result, the
approximated solutions obtained from (9) and (12) become in-
accurate. To fundamentally address such approximation errors,
we apply the Markov assumption to the traversal of rays as
follows: 1) In (2), αi represents i′th random variable involving
i′thdensityρi and the past densitiesρ0, . . ., ρi−1 expressed asTi.
Since ρ0, . . ., ρi−1 are variables observed along the path traveled
by the ray in temporal order, they can be considered deterministic
variables at time step i. Therefore, the probability distribution for
αi can be expressed as p(αi|ρi, . . ., ρ0) � p(αi|ρi) = p(αi|o).
Here, o = 1− exp(−δiρi) is defined as the occupancy variable,
which effectively normalizes density to indicate the presence
of material. 2) Similarly, if the summation in the rendering
process (5) and (6) is performed in temporal order, then αi

can also be regarded as a variable determined in certain time
step. In other words, at time step i+ 1, α0, . . ., αi are already
obtained and determined, making them independent of αi+1.
3) We assume that occupancy o follows a Gaussian distribution
o ∼ N (μo, σ

2
o). Following these reasonings 1)-3), the rendered

colorC(r) in (5) and (6) can be treated as the linear combination
of the Gaussian random variables, simplifying its distribution as
follows:

C (r) ∼ N
(

Ns∑
i=1

ciTiμoi ,

Ns∑
i=1

c2iT
2
i σ

2
oi

)
. (13)

Using the distribution of the rendered color, we can derive the
approximate solution {(μ̂i, σ̂i)} for volume density by minimiz-
ing the following negative log-likelihood:

ln

Ns∑
i=1

c2iT
2
i σ

2
oi
+

(
C (r)−∑Ns

i=1 ciTiμoi

)2
∑Ns

i=1 c
2
iT

2
i σ

2
oi

. (14)

Note that for D(r), by replacing ci to di, we can have the
similar formulations for the depth estimation since we have
the generalized approximation for the occupancy o. We assume
the probability variables to be independent with respect to the
time sequence and validate the efficiency of such approximation
methods through experiments.

IV. EXPERIMENT

A. Experimental Setup

1) Evaluation: In our experiments, we explore the concept
of unobserved and observed views in the context of NeRF.
Unobserved views are perspectives not captured by the camera
due to limited trajectories or self-occlusion. In contrast, observed
views are near those captured by the camera. Our method esti-
mates unobserved views without an additional network, focusing
on uncertainty related to density. Additionally, we compare
the predictions of observed views to analyze the performance
improvements in rendering unobserved views. We evaluated five
different methods: (a) Baseline, using the vanila NeRF method
with only photometric loss; (b) Color [17], [20], integrating
color uncertainty into NeRF; (c) Density, emphasizing density
uncertainty during NeRF training; (d) Den_cf [26], which uses
a generative model to estimate density uncertainty via an addi-
tional network; (e) Color + Density, addressing both color and
density uncertainties; and (f) Occupancy, advancing NeRF by
considering occupancy uncertainty based on Markov assump-
tions. In addition to these experiments, we extend our approach
to scenarios such as SLAM, where uncertainty is prevalent.
Specifically, we apply our method to NICE SLAM [49], which
represents maps using NeRF, allowing us to validate the effec-
tiveness of our uncertainty modeling strategy.

2) Metric: In our study, we use PSNR [11], SSIM [46],
and LPIPS [48] as primary metrics for RGB image quality.
For depth image evaluation, we apply Absolute Relative Error
(AbsRel) and Root Mean Square Error in log space (RMSElog)
to measure depth deviation with a focus on precision. We also
use Average log10 Error (log10) and Threshold Accuracy (δi) to
assess depth accuracy. In the SLAM experiments, we evaluate
both mapping and tracking performance. Mapping is assessed
using the aforementioned metrics, along with additional 2D and
3D metrics for scene geometry. For 2D evaluation, we calculate
L1 loss on depth maps by comparing reconstructed meshes to
the ground truth. For 3D evaluation, we follow [30], focusing
on Accuracy [cm], Completion [cm], and Completion Ratio
[< 5 cm %], excluding regions outside any camera’s viewing
frustum. Mapping evaluation is conducted on images not used
in keyframes, ensuring unbiased assessment. Camera tracking
performance is measured using ATE RMSE.

B. Experiment Results and Discussion

1) Results on NeRF Synthetic and LLFF Dataset: In Table I,
we show the RGB image metric results for the six methods.
The synthetic dataset shows significant improvements, while
the real-world dataset shows modest gains for forward-facing
images. Additionally, settings with fewer training images yield
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TABLE I
QUANTITATIVE RESULTS ON NERF SYNTHETIC AND LLFF DATASETS [18]

greater performance improvements than those using the full
number of images in the dataset. This outcome indicates that in
scenarios where data is limited, the inherent uncertainty within
the data becomes more pronounced, making the integration of
uncertainty into the learning process significantly more impact-
ful.

While considering uncertainty generally improves perfor-
mance, the (b) Color and (c) Density approaches show relatively
low performance, especially with fewer training images. The (b)
Color method struggles to estimate density accurately under
these conditions, leading to visual artifacts, such as objects
appearing faded or vanishing. This limitation highlights the
(b) Color method’s inability to capture detailed density vari-
ations with limited data. In contrast, methods that account for
uncertainty in density demonstrate improved robustness. These
methods preserve objects’ visibility and structural integrity, em-
phasizing the critical role of managing uncertainty in geometric
structures.

However, even methods that consider density have their own
issues. In our experiments, the (c) Density method revealed that
high-density datasets lead to challenges for accurate estimation.
This results in a decline in performance and a less reliable
MLE formulation, with the (c) Density method underperform-
ing compared to the (e) Color + Density and (f) Occupancy
approaches. Additionally, the (d) Den_cf method, which em-
ploys a generative model to estimate density uncertainty via
an additional network, shows inferior performance in PSNR
and LPIPS metrics, especially on synthetic datasets with fewer
training images. This occurs because neural networks simplify

complex probability distributions, hindering the capture of fine
textures and details. However, it performs well in the SSIM
metric by fitting the complex distribution as closely as possible,
effectively capturing the overall structure of the object despite
not precisely modeling the probability distribution. These issues
are effectively addressed by the (e) Color + Density approach,
which integrates both methods and shows significant perfor-
mance improvements. However, it occasionally fails to meet the
fundamental assumptions of the (c) Density approach, leading
to suboptimal performance when volume density assumptions
are not fully satisfied. In contrast, the (f) Occupancy approach,
based on reasonable Markov assumptions, exhibits remarkable
stability across both synthetic and real-world datasets, man-
aging inherent uncertainty without relying heavily on specific
assumptions.

2) Results on ModelNet Dataset: In our ModelNet dataset
analysis, as shown in Table II, we present the metric results for
depth images, where the absence of RGB information requires
focusing on geometric reconstruction. We compare the (a) Base-
line, (c) Density, (d) Den_cf, and (f) Occupancy methods. Our
findings align with the trends seen in RGB images, showing
significant improvements in unobserved views, while observed
views exhibit more modest gains. However, unlike the results
in RGB images, in the unobserved view setting with limited
training images, the (d) Den_cf method shows reasonably good
performance. This is because depth image prediction does not
require the estimation of textures or fine details; instead, the
primary goal is to predict the object’s shape from a limited
number of training images. In such cases, approximating the
complex distribution as accurately as possible using a generative
model proves to be effective. For instance, in the sofa and dresser
scene from Fig. 4, blurring in empty spaces is significantly
reduced by incorporating uncertainty, particularly with the (d)
Den_cf and (f) Occupancy methods, which refine the clarity of
the depth images more effectively than the (c) Density method. In
settings where all training images are used, the importance shifts
to predicting detailed aspects beyond just the object’s shape.
Here, our (f) Occupancy method, which explicitly estimates
occupancy uncertainty, demonstrates superior performance.

3) Results in SLAM Environment: In our previous experi-
ments, we demonstrated the effectiveness of training neural
fields by incorporating uncertainty, particularly by adjusting
the level of uncertainty inherent in the data. Building on these
results, we further validate our approach in NICE SLAM [49],
a scenario with varying levels of uncertainty. However, existing
methods that estimate uncertainty using generative models, such
as CF-NeRF [26], require significantly more computational
resources. Under the vanilla NeRF settings, we observed that
CF-NeRF’s training time is approximately 21 times longer, and
the runtime per image is about 11 times longer than the baseline
NeRF. These substantial computational demands make such
methods unsuitable for real-time applications like SLAM, where
both training and rendering need to be performed efficiently. In
contrast, our approach explicitly estimates uncertainty without
relying on additional networks, resulting in training and runtime
that are only approximately 1.01 times and 1.04 times longer
than the baseline. Therefore, we choose to focus on occupancy
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TABLE II
QUANTITATIVE RESULTS ON MODELNET [38]

Fig. 2. Dataset Settings. We conduct experiments on NeRF synthetic, real-
world, and ModelNet datasets, using green cameras for training and blue cameras
for testing. (a) The NeRF synthetic dataset evaluates unobserved predictions with
limited training views, while the real-world dataset assesses observed predictions
with forward-facing camera trajectories. (b) The ModelNet dataset evaluates
both unobserved and observed predictions using 36 images spaced at 10-degree
intervals.

uncertainty, as it is suitable for real-time applications and has
demonstrated good performance in previous experiments.

As demonstrated in Table III, when using all available images
for training, the performance difference between methods that
consider uncertainty and those that do negligible, since compre-
hensive data coverage minimizes spatial uncertainty. However,
when only every second or third image is used, thereby increas-
ing spatial uncertainty, our method that incorporates uncertainty
significantly outperforms the baseline. To further test the ro-
bustness of our approach, we conducted additional experiments
where we adjusted key hyperparameters, such as the mapping
frequency and keyframe selection interval, to compensate for
the reduced data. Even with these adjustments, our uncertainty

Fig. 3. Qualitative Comparisons on NeRF synthetic and LLFF datasets [18].
The Chair scene is from the NeRF synthetic dataset trained with the syn4 setting,
and the T-rex scene is from the LLFF dataset trained with the real8 setting.
These settings are described in Fig. 2. While incorporating uncertainty improves
performance, the (b) Color method in synthetic datasets struggles with density
estimation, causing objects to appear faded.

method continued to outperform the baseline, demonstrating
its effectiveness in challenging environments with limited data.
This improved performance is visually evident in Fig. 5, which
illustrates intermediate rendering results during the mapping
process. The original method without uncertainty produces less
accurate scene representations under limited data conditions. In
contrast, our method provides more robust and accurate ren-
derings, highlighting the benefits of incorporating uncertainty.
Additionally, our estimated trajectory aligns more closely with
the ground truth, enhancing tracking performance. These results
emphasize that considering uncertainty improves both mapping
and tracking, especially in limited data scenarios.
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TABLE III
QUANTITATIVE RESULTS ON REPLICA [28] AND TUM [29]

Fig. 4. Qualitative Comparisons on ModelNet [38]. The sofa and dresser scene
employs an unobserved view setting and is trained using 8 images. In this scene,
the (d) Den_cf and (f) Occupancy methods effectively addresses the blurring
issue.

Fig. 5. Mapping and Tracking Visualization Results on the Replica Office2
scene. The figure shows intermediate rendering results during the mapping
process, which are not used for training. Our method demonstrates improvements
over the original method in both mapping and tracking, even with limited data.

V. CONCLUSION

In this work, we introduced a Bayesian Neural Radiance
Field (NeRF) method, significantly advancing 3D scene rep-
resentation from various viewpoints. Our approach effectively
quantifies uncertainty in geometric volume structures without

relying on additional networks, making it robust in handling
challenging observations. By implementing generalized
approximations and defining density-related uncertainty, we
have extended the application of Bayesian NeRF beyond RGB
images to depth images, achieving enhanced performance across
extensive datasets. Furthermore, we validated our method in
a SLAM environment, demonstrating that incorporating
occupancy uncertainty enhances both mapping and tracking
performance. Overall, our proposed extensions to NeRF offer
a scalable and efficient solution for managing uncertainty in
complex environments, contributing to improved performance
in real-world applications with limited data availability.
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