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Fig. 1: Our proposed method quantifies uncertainty over rendered scenes generated through radiance field models by considering the differentiable higher-
order moments of the rendering equation. The proposed approach requires no additional training, generalizes for color, depth, and semantics, and may be
used for both NeRF and 3DGS methods. Shown is the variance, or second central moment, which is highly correlated to the rendering error for both color

and semantics.

Abstract— Uncertainty quantification is crucial for au-
tonomous systems, enabling safe and robust decision making in
tasks ranging from active perception to robotic planning. This
paper introduces a novel approach to quantify uncertainty for
radiance fields by deriving pixel-wise moment expressions from
the rendering equation. While radiance fields offer powerful
scene representations, their high dimensionality and complexity
have historically made uncertainty quantification computation-
ally prohibitive for real-time applications. This paper demon-
strates that the probabilistic nature of the rendering process
enables efficient and differentiable computation of higher-order
moments for radiance field outputs, including color, depth,
and semantic predictions. The proposed method outperforms
existing radiance field uncertainty estimation techniques while
offering a more direct, computationally efficient, and differen-
tiable formulation without the need for post-processing. Beyond
uncertainty quantification, this paper also illustrates the utility
of the proposed approach in downstream applications such
as next-best-view (NBV) selection and active ray sampling
for neural radiance field training. Extensive experiments on
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both synthetic and real-world scenes demonstrate state-of-
the-art performance, confirming that principled uncertainty
quantification can be seamlessly integrated into radiance field
pipelines without sacrificing efficiency or accuracy.

I. INTRODUCTION

Radiance field models have become fundamental tools
for novel view synthesis, enabling the generation of photo-
realistic images from different perspectives based on a set
of input views [1]. These models excel at learning con-
tinuous volumetric scene representations, facilitating high-
quality, view-consistent rendering beneficial for tasks in-
cluding dense mapping, scene understanding, planning, and
navigation [2]-[4]. Despite their widespread adoption, quan-
tifying uncertainty in these models remains challenging. This
limitation makes it difficult to determine when these models
yield accurate scene representations, undermining their ro-
bustness and reliability, particularly for robotic applications
that depend on trustworthy scene representation for safety-
critical decision-making.

Uncertainty quantification in radiance field models pro-
vides valuable insight into regions of the environment that
the model represents poorly and areas where additional data
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could improve model accuracy. This uncertainty can be lever-
aged for downstream applications such as active perception
[5], for safety-critical systems [3], or for localization and
mapping [6].

Existing uncertainty quantification approaches for radiance
field models typically attempt to model uncertainty in the
model parameters directly, and approximate model output
uncertainty in the form of rendered uncertainty [7], [8].
However, the nonlinearity of the rendering function makes
calculating pixel-wise probability densities from model pa-
rameter uncertainty mathematically intractable. Existing ap-
proaches therefore rely on approximations or heuristics to
transform model parameter uncertainty into rendering un-
certainty, including training neural networks to estimate
uncertainty directly [5], [9], approximating uncertainty over
a 3D deformation field in a post-hoc manner [8], or relying
on simplifying approximations [10]. Furthermore, the com-
plexity of these approximations often results in significantly
increased computational costs.

To address these challenges, this paper presents a formu-
lation for quantifying uncertainty of radiance field model
outputs directly. We demonstrate that the probabilistic in-
terpretation of the rendering equation from the underlying
optical model enables efficient, differentiable computation
of higher-order moments. This approach shows equivalent
or superior performance on downstream tasks compared to
existing uncertainty quantification techniques, which also
proving to be more expensive to compute. The efficacy
of this approach is demonstrated by first showing that the
pixel-wise variance rendered using the proposed method
has a higher correlation with rendering error than existing
radiance field uncertainty quantification methods (Fig 1). We
further demonstrate that our uncertainty measure is a useful
signal for two downstream tasks: next-best-view selection
and active ray selection for neural radiance field model
training. In both tasks, the proposed approach outperforms
baselines across all metrics.

In summary, the contributions of this paper are:

o Derivation of pixel-wise higher-order moments for ra-
diance field model rendering;

o Demonstration that the proposed pixel-wise variance
strongly correlates to rendering error for color, depth,
and semantic rendering;

o Application of pixel-wise uncertainty as a signal for
next-best-view selection that outperforms existing state-
of-the-art approaches;

o Application of pixel-wise uncertainty for active ray
selection that results in higher quality neural radiance
field models.

The remainder of the paper is organized as follows:
Section II presents an overview of uncertainty quantification
in radiance field methods from the literature. Section III
describes the probabilistic rendering process and the deriva-
tion of higher-order moments. Section IV demonstrates the
efficacy of the proposed approach using three case studies:
correlation with rendering error, next-best-view selection,

and active ray sampling. Finally, Section V provides a
discussion and concluding remarks.

II. RELATED WORKS

Uncertainty quantification plays a critical role in robot
perception for enhancing model reliability and estimating
prediction error [11]. Ideally, uncertainty quantification for
radiance field models should correlate with rendering error
and be applicable to color, depth, and semantics. Further-
more, computing the uncertainty should also be fast such
that it can be used in downstream applications.

A. Uncertainty In NeRF Models

Neural radiance fields (NeRFs) use a neural network to
approximate the 5-dimensional radiance field function [12]
and are able to leverage existing uncertainty quantification
methods for neural networks, including network dropout [13]
and Bayesian neural networks (BNNs) [14], [15], two well-
established techniques used to quantify uncertainty using
Monte Carlo and functional approximations, respectively.
While dropout has proven effective and offers a balance
between computation cost and accuracy [16], BNNs can
be computationally intensive to train, may not generalize
under domain shift, and may have trouble converging [17].
Ensemble methods also approximate uncertainty, however,
training a sufficient number of models is computationally
intensive and inference time scales linearly with the number
of models used [7], making ensemble methods unsuitable for
many downstream tasks that require real-time operation.

Other prominent NeRF-based uncertainty quantification
methods include S-NeRF [18] and CF-NeRF [9], which
model uncertainty over the set of possible radiance field mod-
els via variational inference. Evidential regression [19] has
also shown promise for uncertainty quantification by training
a network to output an additional variance parameter [5], [9],
although fundamental concerns about the accuracy of eviden-
tial learning underpinning these approaches have been raised
[20], [21]. Lastly, post-hoc approaches that approximate the
volumetric uncertainty of a NeRF model without modifying
the training process have also been proposed [8]. It was
found that approximating uncertainty of the NeRF network
parameters directly was infeasible due to high correlation
between the network layers, and a spatial distortion field was
found to accurately approximate geometric uncertainty.

Depth-supervised NeRFs treat measured and rendered
depth as probability distributions and leverage variance dur-
ing training to improve convergence [22]-[24]. However,
these methods do not assess model quality and cannot
generalize to color or semantics. More generally, existing
NeRF-based uncertainty quantification often requires train-
ing separate networks for color and semantics, estimating
uncertainty independently per feature, and relies on slow,
per-ray Monte Carlo approximations.

B. Uncertainty In 3DGS Models

Recently, explicit models using Gaussian basis functions
to approximate the radiance field have gained popularity via
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Fig. 2: Images containing color, depth, semantics, or other features of interest, along with camera poses, are used to train a radiance field model depicted.
The rendered features (i.e. the expected feature of each pixel) are computed in a differentiable manner. Our proposed approach demonstrates that the same
probabilistic process used to compute these renders can be used to differentiably compute the higher-order moments. Solid arrows indicate operation flow

and dotted arrows indicate gradient flow.

3D Gaussian Splatting (3DGS) [25]. They have shown state-
of-the-art performance in novel view synthesis and scene
representation [26] and uncertainty quantification methods
for 3DGS models have recently emerged. Similar to NeRF-
based approaches, variational inference has also been used
for uncertainty quantification in 3DGS models [27]. These
variational inference methods again do not generalize to
color, depth, and semantics, and require estimating uncer-
tainty of each feature independently of the others. Semantic
uncertainty quantification for closed-set semantics has also
been demonstrated for 3DGS models [28]. This method uses
the conjugate pair theorem [29] to track uncertainty over
semantic estimates.

FisherRF [10], a recent uncertainty quantification method
for next-best-view selection, takes an information-theoretic
approach to estimating uncertainty in the Gaussians’ param-
eters, then renders a heuristic approximation of this uncer-
tainty. Unlike NeRF-based approaches, it was found that the
parameters in the 3DGS model have minimal correlation
[10], and second-order Laplace estimates are used to cap-
ture this parametric uncertainty. Notably, this information-
theoretic uncertainty quantification using Fisher information
requires a linear rendering model. As the Gaussian rasteri-
zation process is nonlinear, a Gauss-Newton approximation
is made, which often over-approximates uncertainty when
the number of Gaussian bases is not regularized. Other
methods use heuristics for uncertainty and leverage these
heuristics for training and regularization [30], [31]. While
FisherRF is useful for color and depth uncertainty, it shows
low correlation with rendering error in unbounded scenes
and lacks semantic uncertainty quantification.

In contrast to these approaches, this paper presents a
general, unified approach for estimating the uncertainty in
radiance field model outputs by considering the rendering
equation as a probabilistic process. The proposed approach
works with both NeRF and 3DGS models and is able
to render color, depth, and semantic uncertainty without
any additional training. Furthermore, we demonstrate that
the uncertainty correlates strongly with the rendering error

and outperforms state-of-the-art uncertainty quantification
methods.

III. METHODOLOGY

This section presents an overview of the proposed un-
certainty quantification approach for radiance field models.
First, a review of radiance fields and the associated rendering
equation are presented in Section III-A. Then, the rendering
equation is re-examined through the lens of a probabilistic
process using the local illumination optical model. Finally,
this probabilistic process is used to derive a means of ren-
dering higher-order moments and variance using the NeRF
and 3DGS radiance field models.

A. Radiance Fields

A radiance field models the image formation process by
approximating a five-dimensional function that maps from a
point and viewing direction to the density o : R®> — R and
the color ¢ : R? x S? — R? along the viewing ray. Such
radiance field models have also been extended to represent
depth [32] and semantics [2]. Under a radiance field model,
an image is rendered by considering separately the ray that
intersects the camera origin and each pixel. Consider such
aray r : R — R3. We define an additional quantity, the
transmittance, which defines the unnormalized probability
that a particle traveling along ray r from location s = a to
s = b will experience a collision. This transmittance, denoted
as T[r], is computed by

b

o] = exp [ — / o(r(s))ds ()

a

From the transmittance, the quantity of interest p : R® — R,
representing either color, depth, or semantics, of the pixel
corresponding to ray r is computed as

1= | 7 ()0 (r () T2, [rlds @

n

where z,, zy are the near and far clipping planes.
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B. Uncertainty Quantification of Radiance Fields

Early work in optical models considered volume rendering
as a probabilistic process [33], [34]. The theory underpinning
current radiance field approaches uses the so-called local
illumination model, where a scene is comprised of groups
of small, non-reflecting, opaque, glowing particles. When
rendering using this model, a ray is cast through this sea of
particles and, when a ray collides with a particle at location
s along the ray, the color of the rendered pixel is the color
emitted by the particle at location s. An equivalent process
may be defined for rendering depth and semantics.

These optical models treat the locations of these particles
as uncertain. The mass density of these particles is repre-
sented as o, termed the density in the radiance field literature.
Ray collision is then, consequently, a random event, meaning
the rendered quantity is a random variable [34].

Under this probabilistic definition, o(r(s)) represents the
probability that a ray collides with a particle within the
infinitesimal length [s,ds] along the ray. The transparency,
or transmittance, 7;°[r], then represents that probability that
traveling from point 0 to s along the ray does not collide with
a particle. As these are independent events, the probability
that a ray does not hit a particle between 0 and s, and then
hits one between distances s and ds, is the multiplication of
both probabilities, 7[r]o(r(s)) [35]. Finally, 75 [r]o(r(s))
defines the probability density of particle collision along the
ray taking the limit as ds — 0. Under these considerations,
the rendering equation (2) represents the expected value of
the random variable of interest, p, be it color, depth, or
semantics [34].

Extending this further, we propose computing the j-th
moment for each pixel-wise random variable:

. zf )
Elp’] = / p(r(s)) o(r(s))T; [r]ds. 3)
The variance of each pixel is then computed using (2) and
3):

Var[p] = E[p°] — E[p]*. @)

In computer vision, the terms “variance” and “uncertainty”
are often taken as equivalent statements [19], [28], [36]. We
will refer to the variance as the quantified uncertainty for the
remainder of this paper.

Similar formulas exist for other higher-order central mo-
ments if another another metric for uncertainty is desired.
Notably, the moment and central moment computations make
no assumptions on the form of the random variable. It is
possible to use these moments to fit a distribution to each
pixel-wise random variable via moment fitting [37].

C. Uncertainty Computation

Two prominent models have emerged for radiance field
estimation. The first is neural radiance fields, which use a
feed-forward network to approximate features, p, and density,
o, of the radiance field function. The second is 3D Gaussian
Splatting models, which use a collection of Gaussian basis
functions with differentiable components to represent the

Bayes’ Rays

_GT Depth Error

GT Depth Error FisherRF

3DGS

Fig. 3: Uncertainty quantification for depth estimates of NeRF and 3DGS
models. We compare our proposed variance estimate to Bayes’ Rays [8] for
a trained NeRF model, and to FisherRF [10] for a trained 3DGS model.
Unlike existing methods, our approach works with both NeRF and 3DGS
models. CF-NeRF [38] and 3DGS Ensemble [7] are omitted, as they require
specialized models.

radiance field quantities. Below we describe how to compute
the moments for each model. Figure 2 shows the algorithm
for uncertainty quantification using a 3DGS model.

1) Neural Radiance Fields: Neural radiance fields jointly
estimate the features, p, and density, o, of the radiance field
at discrete points along a ray cast from the camera center
and through a pixel. For volumetric rendering (2), the ray
is first divided into N evenly spaced bins and one sample,
t;, is drawn uniformly from within each bin. These samples
are then used to approximate (2) via Monte Carlo integration
such that, for each feature channel:

N
Elp] = Tici(1 — exp(—0:5;)), (5)

=0

where T; = exp(— 22;11 oKlk), and 6; = tip1 — t; is
the distance between two adjacent samples. To compute the
moments of feature p, the same Monte Carlo Integration
technique is applied to (3) such that:

N
E[p’] = Ticl(1 — exp(—0i6;)). (6)
i=0

2) 3D Gaussian Splatting: Recently, 3D Gaussian Splat-
ting (3DGS) models have shown fast and efficient perfor-
mance in representing radiance fields using 3D differentiable
Gaussian basis functions. Each 3D Gaussian consists of an
opacity, a, mean and covariance of the Gaussian, p and
3., as well as a color or semantics, here represented as
the learned feature p [25, Section 2.3]. We combine all
parameters together such that w = {ay, 15, %4, p; }2,, where

M is the number of Gaussians in the splatting model.
Unlike neural radiance fields, Monte Carlo Integration
along rays is not required for Gaussian Splatting as the 3D
Gaussians are projected onto the image plane and subsequent
pixel colors, depths, and semantics are computed. Given a
camera pose (z,d) € SE(3) consisting of position x € R3
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TABLE I: Correlation coefficients for color variance and rendered color error. The CF-NeRF baseline did not converge on the TUM dataset and therefore
no correlation coefficients are given. Presented is the time to render uncertainty for a single image. Cells are highlighted with red, orange, and yellow for
for the first, second, and third best performance, respectively. Higher is better for the correlation coefficients.

Method Blender Mip360 TUM Dataset

Tp Ts 7, | Time [ms] Tp Ts 7, | Time [ms] Tp Ts 7, | Time [ms]
FisherRF [10] 0.580 0.215 0.137 13679.3 0.527 -0.007  -0.005 156071.0 0.482 -0.071 -0.046 46769.2
CF-NeRF [38] 0.307 0.612 0.547 180718.0 0.113 0.187 0.130 5329000.0 - - - -
3DGS Ensemble [7] | 0.663 0.816 0.712 29.0 0.398 0.401 0.276 79.1 0.434 0.533 0.374 237.4
Ours 0.716 0.838 0.716 2.0 0.885 0.885 0.695 6.8 0.781 0.778 0.577 20.4

TABLE II: Correlation coefficients for depth variance and rendered depth error. The CF-NeRF baseline did not converge on the TUM dataset and therefore
no correlation coefficients are given. Presented is the time to render uncertainty for a single image. Cells are highlighted with red, orange, and yellow for
for the first, second, and third best performance, respectively. Higher is better for the correlation coefficients.

Blender TUM Dataset

Method . .

Tp Ts Tk ‘ Time [ms] Tp Ts Tk ‘ Time [ms]
FisherRF [10] 0.572 0.328 0.238 13679.3 0.546  0.575 0.405 46769.2
Bayes’ Rays [8] 0.758 0473 0.364 45220.6 0.596 0.638 0.468 46399.2
CF-NeRF [38] -0.086  -0.305 -0.346 180718.0 - - - -
3DGS Ensemble [7] 0.362 0.502 0.366 29.0 0.204 0213  0.150 237.4
Ours 0.718 0.792 0.700 2.0 0.671 0.685 0.519 20.4

and viewing direction d € SO(3), the rendering function (2)
for a given feature channel of a pixel, p, in the image plane
is

E[p] = szdz(wv d) H(l - dk(wa d)) (7)

i€T k<i
where p; is either the color, depth, or semantic embedding
of the i-th ordered Gaussian and

~ 1
ai(x,d) = a; - exp (—2 |2 — Ni(d);il(d)> ®)

is the pixel-wise opacity of the i-th ordered Gaussian in set
T. Here, the set Z is constructed by sorting the projected
Gaussians by depth with respect to the image plane, and p;
and X; are the marginalized 2D mean and variance of the i-
th splatted Gaussian. As discussed in [25], the a-blending in
(7) saturates once ZiEI a; = 1 and all remaining Gaussians
in the ordered set Z are not considered. Notably, the ordering
of the Gaussian splats is approximated because the rotation
of each 3D Gaussian is neglected [25].

This splatting process may also be interpreted as marginal-
izing the Gaussian basis functions onto the ray creating a
Gaussian Mixture Model. The weights of each mode in the
GMM correspond to the opacities computed in the alpha
compositing process (Fig. 2). Using the 3DGS model, the
moments for feature p are computed from (3) as:

i€l k<i
IV. EXPERIMENTS

(©))

This section demonstrates the utility of the proposed
uncertainty quantification scheme across two case studies and
validates the variance as a reasonable choice to quantify the
uncertainty. First, we demonstrate that the variance renders
strongly correlate with the rendering error. Next, we show
that variance renders using our proposed approach provide a
better Next-Best-View (NBV) selection criteria than existing

state-of-the-art methods. Additional implementation details
and qualitative comparisons are presented in an online ap-
pendix on the project webpage.

A. Error Correlation

We determine the relationship between our proposed vari-
ance approach and the rendering error for color, depth, and
semantics. A correlation between variance and error indicates
that an approach correctly models uncertainty and highlights
regions poorly represented by the radiance field.

In this case study, we compute the Pearson correlation
coefficient 7, [40], Spearman rank-order coefficient 7, [41],
and Kendall tau coefficient 75, [42]. These coefficients each
model the strength and direction of correlation using different
metrics, with the Pearson coefficient being the most robust
to outliers. A coefficient of 1 indicates a strong correlation,
meaning regions of high rendered variance correspond to
regions of high rendering error. A coefficient of -1 indicates
a strong inverse correlation, and a coefficient of 0 indicates
no correlation.

We compare our proposed variance rendering approach
with Bayes’ Rays [8], FisherRF [10], CF-NeRF [38], and
3DGS Ensembles [7], four state-of-the-art methods that
approximate model output uncertainty. The 3DGS Ensemble
approach is the 3DGS equivalent of NeRF ensembles [7]
and can be interpreted as a Monte Carlo Sampling-based
approach for computing the integral in (4).

Color: The correlation coefficients for the Blender [12],
Mip360 [43], and TUM [44] datasets for all methods are
presented in Table I. As shown in Table I, our method
outperforms the FisherRF and CF-NeRF baselines in terms of
correlation and runtime for every dataset and has comparable
performance to the 3DGS Ensemble in terms of correlation
but requires an order-of-magnitude less time to run.

Depth: The depth correlation coefficients are presented in
Table II. Here, we see the proposed method outperforms all
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TABLE III: NBV selection on the Blender dataset with a total of 12 views and the TUM dataset with a total of 300 views. Times correspond to choosing
the first NBV in the experiment. Times for the random baseline are excluded since it does not consider uncertainty and relies solely on a stochastic process.
Cells are highlighted with red, orange, and yellow for for the first, second, and third best performance, respectively.

Method Blender TUM Dataset
PSNR (1)  SSIM (1) LPIPS (}) | Time [s] | PSNR (1) SSIM (¥) LPIPS (}) | Time [s]
Random 23.072 0.998 0.162 - 19.175 0.703 0.382 -
ActiveNeRF [39] 14.115 0.806 0.280 1014. 10.834 0.428 0.613 1272.8
FisherRF [10] 23.658 0.998 0.148 13.8 18.978 0.700 0.388 47.4
Ours (Depth Var.) 22.867 0.997 0.185 0.6 18.946 0.697 0.388 0.9
Ours (Color Var.) 23.944 0.998 0.128 0.6 19.191 0.703 0.382 0.9
baselines across both datasets in terms of both correlation and 28
runtime. Figure 3 shows a qualitative example of the ground 2
truth depth error associated with a NeRF and 3DGS model %24_
and the associated uncertainty quantifications for the Bayes’ e
. . 224
Rays and FisherRF baselines and our proposed approach. — imap
Bayes’ Rays and our proposed approach estimate uncertajnty 0 25000 50000 75000 100000 125000 150000 175000 200000

using the same trained NeRF model. Likewise, FisherRF and
our proposed approach estimate uncertainty using the same
trained 3DGS model. Notably, Bayes’ Rays and FisherRF
overestimate uncertainty for the object while our approach
estimates uncertainty over the entire scene and at the object
boundaries where the depth error is highest.

Semantics: We evaluate semantic correlation results of
the proposed approach using the Mip360 datasets, obtaining
correlation coefficients of 7, = 0.180, 7, = 0.200, and
T, = 0.135. The ground truth visual-language embeddings
are computed by passing the training RGB images through
the CLIP-LSeg network [45]. Intuitively, conflicting visual-
language embeddings will result in high variance. We note
that the rendered language features are compressed via an
encoding network in [46], and so to compare the rendered
feature vectors with the LSeg outputs, principle component
analysis (PCA) is run to extract the first 128 principle com-
ponents. As there are no baselines for computing variance
for language embeddings, only the results for the proposed
approach are shown. Furthermore, the ensemble method used
for color and depth uncertainty quantification is infeasible for
semantic uncertainty quantification due to the prohibitively
expensive memory resources required to store the semantic
feature vectors. The correlation between semantic error and
variance is noticeably worse than for depth and color. We
postulate that this is due to the noise inherent in the CLIP-
LSeg model, where visual-language features vary for the
same location depending on the viewpoint.

Latency: Lastly, we highlight the significantly reduced
runtime of our proposed approach in comparison to the
baselines as seen in Tables I and II. Our method computes
variance directly from a radiance field model, in contrast to
Cf-NeRF [38] and 3DGS Ensembles [7], and requires no
additional post-processing, in contrast to FisherRF [10] and
Bayes’ Rays [8], without any additional memory cost.

B. Next-Best-View Selection

The Next-Best-View (NBV) problem (Fig. 5) refers to the
task of determining the optimal subsequent viewpoint that
maximizes the information gained, often in the context of

Training Iterations

Fig. 4: Average rendering quality on the Blender dataset using active ray
selection. For the NeRF baseline, rays are selected uniformly over the entire
image. iMAP [47] and the proposed approach sample for high error and high
variance regions of the image, respectfully. The proposed approach matches
the performance of iMAP without needing to reference the ground-truth
image.

3D scene reconstruction, object recognition, or inspection
tasks. Existing methods for NBV estimate the uncertainty
or entropy of the model parameters directly [8], [10], and
then approximate model output uncertainty as a function of
parameter uncertainty. The viewpoint with the highest model
parameter uncertainty is picked and added to the training set,
thus improving scene completeness or reconstruction accu-
racy by providing more information about these parameters.

We demonstrate that computing model output uncertainty
directly is a stronger selection criteria for NBV selection by
comparing this approach to state-of-the-art NBV methods
for radiance fields. Following [10], the viewpoint with the
highest uncertainty is selected as the NBV.

We compare our proposed variance rendering approach
with ActiveNeRF [39] and FisherRF [10], two state-of-the-
art methods that approximate model output uncertainty, and
a random baseline. Notably, FisherRF [10] requires iterating
over the entire training set before uncertainty is estimated for
a novel viewpoint. The Blender and TUM datasets are used
for this experiment. For the Blender dataset, the 3DGS model
is initialized by uniformly sampling Gaussians within a cube
with randomized RGB values and 60% default opacities. The
model is initially trained from 9 adjacent views, and 3 new
viewpoints are chosen at 1000, 3000, and 5000 iterations,
respectively. Model performance is evaluated after 10000
training iterations.

For the more complex TUM dataset, the model is initially
trained on 150 images. A new image is then added every
100 iterations until a total of 300 images are selected. Model
performance is evaluated after 20000 training iterations. The
results for both NBV experiments are presented in Table III
and assess the PSNR, SSIM, and LPIPS metrics alongside
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Fig. 5: Given a radiance field model trained from few views, the goal is
to select the next best view (NBV) that maximally improves the model.
Rendered variance for four views is shown, with the highlighted viewpoint
chosen as NBV because it has the highest pixel-wise variance.

the computation time to pick an NBV.

From these results, selecting NBV with the proposed color
variance outperforms the baselines on both datasets. For the
Blender dataset, the intricate geometric detail translates to
high entropy using FisherRF [10], resulting in a diverse set
of NBV selections. In contrast, the TUM dataset contains
regions of homogeneity, such as desks and walls, which
translate into low entropy using the method presented, Fish-
erRF. As a result, the viewpoints selected by this method are
therefore less informative for the TUM dataset as they prior-
itize close-up views of small objects with intricate geometry
within the room that have high entropy. Notably, the random
baseline performs surprisingly well across all experiments,
with exceptional performance in the TUM dataset.

The proposed variance rendering method estimates uncer-
tainty of the model output directly, choosing viewpoints with
high variance directly without estimating model parameter
uncertainty. We propose that the reason the color variance is
a better selection criteria than depth variance for the NBV
task is that the evaluation criteria, PSNR, SSIM, and LPIPS,
are representative of the quality of the color render. We
highlight that our approach renders variance images faster
than FisherRF [10] which requires the cumulative entropy
over all training images to be evaluated.

C. Uncertainty-Aware Ray Sampling

In NeRF training, rendering and optimizing over all pixels
at each iteration is prohibitively expensive. Active sampling
has emerged as an effective strategy to concentrate resources
on the most informative regions, accelerating training and
improving final reconstruction quality.

We propose a novel active sampling approach using
the proposed variance rendering scheme in (6). Similar to
iMAP [47] which is a state-of-the-art approach for active
ray sampling, we compute the variance for each cell of
a grid spanning the image and compute the average ray
variance within each cell. In contrast, iIMAP uses the average
rendering error for each cell. More training rays are then

sampled from cells with higher variance. For additional
implementation details, refer to the project webpage.

We compare the proposed approach against the original
NeRF and iMAP implementations on the Blender dataset.
As seen in Figure 4, our proposed approach matches the
state-of-the-art performance of iMAP while only requiring
variance estimates along each ray rather than the rendering
error. Both methods significantly improve the final rendering
quality when compared to the uniform ray sampling in the
baseline NeRF implementation. This further solidifies the
correlation between the rendering error, which is used for
ray selection in iMAP, and variance, used in the proposed
method, and demonstrates the generality of our approach for
both 3DGS and NeRF models.

V. CONCLUSION

This paper presents a method for rendering pixel-wise
uncertainty and entropy by interpreting the rendering equa-
tion as a probabilistic process. This enables the computation
of higher-order moments and entropy for each pixel in the
rendered image with minimal computational overhead. The
proposed approach has a stronger correlation with rendering
error than existing uncertainty quantification methods, indi-
cating improved identification of poorly represented regions.
Furthermore, the rendered variance is a better selection cri-
terion than existing NBV approaches, while still operating in
real time. These characteristics make our method particularly
beneficial for uncertainty-sensitive robotic tasks demanding
real-time response. Computing the true joint probability, and
resultant uncertainty, is an area of future work.
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