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Abstract. Neural Radiance Fields (NeRFs) have markedly improved
novel view synthesis, but accurate uncertainty quantification in their
image predictions remains an open problem. The prevailing methods
for estimating uncertainty, including the state-of-the-art Density-aware
NeRF Ensembles (DANE) [29], quantify uncertainty without calibration.
This frequently leads to over- or under-confidence in image predictions,
which can undermine their real-world applications. In this paper, we pro-
pose a method which, for the first time, achieves calibrated uncertainties
for NeRFs. To accomplish this, we overcome a significant challenge in
adapting existing calibration techniques to NeRFs: a need to hold out
ground truth images from the target scene, reducing the number of im-
ages left to train the NeRF. This issue is particularly problematic in
sparse-view settings, where we can operate with as few as three im-
ages. To address this, we introduce the concept of a meta-calibrator that
performs uncertainty calibration for NeRFs with a single forward pass
without the need for holding out any images from the target scene. Our
meta-calibrator is a neural network that takes as input the NeRF images
and uncalibrated uncertainty maps and outputs a scene-specific calibra-
tion curve that corrects the NeRF’s uncalibrated uncertainties. We show
that the meta-calibrator can generalize on unseen scenes and achieves
well-calibrated and state-of-the-art uncertainty for NeRFs, significantly
beating DANE and other approaches. This opens opportunities to im-
prove applications that rely on accurate NeRF uncertainty estimates
such as next-best view planning and potentially more trustworthy image
reconstruction for medical diagnosis.
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1 Introduction

Recent advancements in scene representations have led to promising new ap-
proaches for novel view synthesis and scene reconstruction. Among these, Neu-
ral Radiance Fields (NeRFs) [16] have emerged as a particularly powerful tool,
offering unprecedented levels of realism and detail in rendered images. The core
idea behind NeRFs is to represent a scene as a continuous vector-valued func-
tion, parameterized by a neural network, that maps spatial coordinates and
view directions to color and density values. This approach enables the creation
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Fig. 1: We propose a method for efficiently calibrating the uncertainties from NeRF
models. Our approach is based on a meta-calibrator that takes as input features from
the rendered NeRF images and uncalibrated uncertainty maps and predicts the cali-
bration function, Rg(-), for the NeRF model. Our meta-calibrator generalizes across
scenes, so it only needs to be trained once, and can predict the calibration function in
a single forward pass without any ground truth data from the target scene.

of detailed 3D representations from sets of 2D images, revolutionizing 3D recon-
struction.

However, despite their impressive capabilities, traditional NeRF models lack
an essential component: an accurate measure of uncertainty in their predictions.
Accurate uncertainties are crucial for applying NeRFs to safety-critical prob-
lems such as MRI image reconstruction from sparse data [7], where unreliable
confidence estimates could lead to misdiagnosis. More accurate uncertainties
could also enhance practical methods such as uncertainty-guided next-best view
planning techniques @ﬂ Prior approaches have attempted to estimate NeRF un-
certainties , but they all overlook the problem of calibration.
Thus, the uncertainties they output are not as accurate as they could be.

In particular, the state-of-the-art uncertainty estimation method for NeRFs,
Density-aware NeRF Ensembles (DANE) [29], produces uncalibrated uncertain-
ties. As a result, the confidence intervals and variances do not match the true
confidences, meaning it has limited applicability to real-world problems. This
constraint is significant as it restricts the use of NeRFs in safety-critical and
sparse-data settings, where knowing the confidence in predictions is crucial.

The best NeRF methods for the sparse-view setting overlook the problem of
calibration as well. FlipNeRF , the state-of-the-art technique for sparse-view
reconstruction, uses uncertainties from an uncalibrated mixture of Laplacians to
enhance its training process. Therefore, the uncertainties it outputs at inference
as an artifact of training are not accurate.
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In this paper, we present a novel approach for obtaining calibrated uncer-
tainties for NeRF models in the sparse-view setting. Our strategy integrates
the Laplacian mixture from FlipNeRF [24] with the calibration techniques by
Kuleshov et al |[12]. However, naively applying the calibration method by Kuleshov
et al to FlipNeRF does not work due to a significant challenge of the sparse-view
setting: there is a lack of held-out data from the target scene for fitting the cal-
ibrator. Specifically, holding out just one image for calibration could
decrease the size of the training set by over 30 %, resulting in signif-
icant performance degradation of the NeRF. To overcome this, we make
use of a unique observation: while calibration curves exhibit significant variation
across scenes, they also demonstrate a significant regularity in their structure.
Utilizing this insight, we propose the concept of a meta-calibrator that learns a
low-dimensional representation of the NeRF calibration curves and infers them
from scene features. We motivate and show why this meta-calibrator is necessary
and demonstrate that it achieves more accurate uncertainties than DANE [29]
without holding out any images from the target scene.

Specifically, our contributions are: (1) the first investigation into obtaining
calibrated uncertainties from NeRFs, (2) a novel meta-calibrator for fitting the
calibration model without using held-out data, and (3) experiments on the real-
world Local Light Field Fusion (LLFF) [15] and DTU || datasets showing that
our meta-calibrator achieves state-of-the-art and well-calibrated uncertainties
for real scenes. We also demonstrate that our uncertainties can be leveraged for
effective next-best view planning.

2 Related Work

Neural Radiance Fields (NeRFs). NeRFs [16] are a popular method for
novel view synthesis. From a set of 2D images, NeRFs learn a neural network
representation of a single scene. A trained NeRF model outputs estimates of the
volume density and emitted radiance at any 3D location and viewing direction.
Novel views can be generated by applying volume rendering [10] to the density
and radiance values predicted by the NeRF model for points along rays cast
into the scene. Due to their simplicity and impressive performance, NeRFs have
become a popular technique for solving a variety of rendering problems.

Over the last few years, several extensions of NeRFs have been explored
[11,[18L21}/28,|31]. These include speeding up training and inference [13}|23}30],
modeling dynamic scenes [3], learning from a sparse set of training views |1}/6,{19]
24,125|, and estimating the uncertainty in NeRF predictions |5}/14,22}[26L27}/29].
Sparse NeRF methods aim to accurately render novel views when only a few
training views are available from the target scene. NeRF uncertainty estimation
techniques strive to accurately predict the confidence in the views rendered.
Although uncertainty estimation is particularly important in the sparse-view
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setting, where NeRF renderings are especially unreliable, the main aim of sparse
NeRF methods is not to output accurate uncertainties.

Sparse-view NeRF Methods. Despite this, recent sparse NeRF methods do
produce uncertainties as an artifact of their training process. Both MixNeRF [25]
and FlipNeRF [24], the state-of-the-art approach, model the RGB color channels
given a ray as independent random variables that follow a mixture model. Flip-
NeRF further uses the uncertainties of the pixel colors to regularize the training
process, producing more accurate image reconstructions at inference. However,
neither MixNeRF nor FlipNeRF outputs calibrated uncertainties.

Our method significantly extends sparse NeRF methods to obtain more ac-
curate and well-calibrated uncertainties at inference. To benefit from the supe-
rior performance of FlipNeRF [24] at sparse novel view synthesis, we apply the
proposed meta-calibrator to the learned distribution from FlipNeRF, producing
more accurate uncertainties without sacrificing state-of-the-art image quality.
However, our approach can be applied to any NeRF method that outputs uncer-
tainties, so it is distinct from FlipNeRF and MixNeRF. In essence, the proposed
meta-calibrator augments sparse NeRF methods to achieve state-of-the-art un-
certainty, beating both FlipNeRF and techniques designed explicitly for NeRF
uncertainty estimation.

Uncertainty in NeRFs. The growing line of methods specifically designed for
accurately estimating NeRF uncertainties [5}/14,22,[26[27,29] do not address the
problem of calibration. The current state-of-the-art uncertainty estimation tech-
nique for NeRFs is Density-aware NeRF Ensembles (DANE) [29]. DANE adds
an epistemic uncertainty term to a naive ensembles approach with five ensem-
ble members. Thus, DANE is very costly as it requires training five NeRFs to
obtain uncertainty estimates. Another NeRF uncertainty estimation approach
is Stochastic Neural Radiance Fields (S-NeRF) [27], which learns a probabil-
ity distribution over all possible radiance fields by modeling the volume density
and radiance as random variables that follow a joint distribution. S-NeRF em-
ploys variational inference to sample from an approximation to this distribution
and uses the variances of the sampled pixel colors as the estimated uncertain-
ties. Conditional-flow NeRF (CF-NeRF) [26] builds on S-NeRF by combining
latent variable modeling and conditional normalizing flows to relax the strong
constraints S-NeRF imposes over the radiance distribution. Despite the growing
number of techniques in this area of study, all prior work does not consider cali-
bration, outputting unreliable uncertainties as a result. Our work achieves more
accurate uncertainties than these prior methods by filling the gap of uncertainty
calibration for NeRFs and drawing on well-established techniques in calibrated
regression [12].

Uncertainty Calibration in Deep Learning. While uncertainty calibration
has been studied for Bayesian deep learning methods [4,/12], it has not been
adapted for or applied successfully to NeRF uncertainty estimates. This may be
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because NeRFs introduce additional complexity in the uncertainty estimation
process as the neural network model needs to be trained per-scene.

This makes uncertainty calibration challenging as methods for calibrated re-
gression |12] require either using the training set or held-out data to achieve
calibrated uncertainties. Using the training set to fit the calibrator results in
severe overfitting (see Sec. 2 of the Supplementary). Holding out data from the
target scene for calibration means there is less data to train the NeRF, making it
more inaccurate at novel view synthesis (see Sec. 3 of the Supplementary). Thus,
a trivial application of [12] to NeRFs would not be satisfactory. In this work,
we propose the concept of a meta-calibrator that, in contrast to |12], does not
require held-out data and achieves calibrated uncertainty estimates for NeRFs.

3 Method

In this paper, we present a method that calibrates NeRF uncertainties. To this
end, we propose a novel meta-calibrator that accepts uncalibrated NeRF uncer-
tainties and predicted images as inputs and outputs a scene-specific calibration
curve, correcting the uncalibrated confidence levels. An overview of our method
can be seen in Fig. [I] Crucially, our approach does not require holding out any
images from the target scene. Thus, it can be applied to sparse-view settings,
where holding out a single image could significantly harm the NeRF’s perfor-
mance. In Sec. we explain the necessary background concepts, in Sec. [3.2]
we describe how we obtain the corrected uncertainty values, and in Sec. [3:3] we
detail our meta-calibrator.

3.1 Preliminaries

Neural Radiance Fields (NeRFs). Neural Radiance Fields (NeRFs) [16]
represent a scene as a continuous vector-valued function with inputs a Cartesian
point x = (z,y, z) and unit viewing direction vector d = (u, v, w) and outputs
an emitted radiance ¢ = (#, ¢, %) and volume density o. By optimizing the
weights © of a neural network approximation Fg to this representation, NeRFs
can render the color of any pixel in a synthetic image of the scene. To achieve
this, principles from classical volume rendering [10]| are applied to the radiance
and density values estimated by Fg for points along a ray cast from the origin
Xg of the virtual camera, through the pixel, and into the scene. More specifically,
the expected color c(r) of a camera ray r(t) = xg + td with near and far bounds
t, and ty is:

tf
clr) = [ Tl e(e(t). d)ir )
t
where T'(t) = e~ Ji o (e()ds e integral in Eq. (1) is estimated with numerical

quadrature to obtain the colors of the pixels in the synthetic image from the
NeRF model outputs. NeRF optimizes ® according to Eq. with gradient
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descent, since the numerical quadrature is differentiable. Conventional NeRFs
do not provide an uncertainty associated with their predictions, so extensions
like DANE |29] have been developed.

Base NeRF Uncertainties. To obtain the initial uncertainties, we have two
options for our base model: (1) DANE [29], the state-of-the-art method for NeRF
uncertainty estimation or (2) FlipNeRF [24], the state-of-the-art method for
sparse novel view synthesis. DANE requires training five NeRFs per scene and
provides poor image quality in the sparse-view setting, so we choose FlipNeRF.
We show in the experiments that applying our meta-calibrator to FlipNeRF re-
sults in more accurate and well-calibrated uncertainties than those output by
DANE. Our base FlipNeRF uncertainties are inferred from a mixture of Lapla-
cians with location and scale parameters learned during training.

FlipNeRF [24] models the joint distribution of the color C = (R, G, B) given
a ray r with a mixture of Laplacians:

M
p(C=clr) = me(c = c; 1y, B5), (2)

where M is the number of sampled points along the ray r. F(C = c; 5, 3;) is the
3D Laplacian probability density with location parameter p; = (,uf', MJG, ,uf ) and
scale parameter 3; = ( ]R7

the mixing coefficients {=;

JG, BJB ) evaluated at the color c. More specifically,

;Vil are the normalized coefficients of the radiance

values along a ray in Eq. (2)), the location parameters {p;}?L, are the estimated
JJ5=1

RGB radiance values, and the scale parameters {/3; jj\il are an additional output

of the model. These parameters are optimized by FlipNeRF during training.

We now go into detail about how the location and scale parameters are ob-
tained. FlipNeRF [24] learns these parameters by minimizing the negative log-
likelihood of the training set D = {(ri, ¢;)}Y; containing the rays r; and colors
¢; from the pixels in the ground truth images of the scene assuming the distribu-
tion in Eq. . FlipNeRF additionally minimizes the average scale parameters
through an auxiliary uncertainty-aware emptiness loss for reducing floating arti-
facts. The negative log-likelihood loss and the uncertainty-aware emptiness loss
are added to FlipNeRF’s total training loss, which incorporates other terms such
as the mean squared error. As a result of this training process, the location and
scale parameters can be inferred by FlipNeRF at new poses. We obtain the un-
calibrated confidence levels of predicted ray colors from these location and scale
parameters.

Using the distribution in Eq. , we can easily compute the confidence level
for a given ray ry, which we denote as F;. The CDF for the Laplacian mixture
has a closed form expression parameterized by the location and scales output by
the pretrained FlipNeRF [24]. Thus, we can use this CDF to predict the confi-
dence level of the ground truth color ¢ of any ray by evaluating it at the given
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color value, p; = F;(cy). However, these initial confidence levels are uncalibrated
and, hence, inaccurate.

Calibrated regression. In 12|, Kuleshov et al extend calibration methods for
classification to regression. They define a forecaster H : X — (¥ — [0,1]) as a
function that outputs for each x; € X', a CDF F;. Given a pretrained forecaster
H, they suggest training an auxiliary model R : [0,1] — [0, 1] by fitting R to a

recalibration dataset D = {([H(xt)](yt), p([H(xt)](yt))) }tT:f where

P(p) = [{ys : [H(z))(ye) < pfor t =1,..., TH/T
is the empirical confidence level corresponding to the predicted confidence level
p. The fitted R forms the calibration curve that corrects the expected confidence
levels. We can now obtain predictive posterior values that closely match the true
confidences using F; = R o F; for the test data.

However, as mentioned before, there are numerous challenges associated with
applying this recalibration procedure. Firstly, note that it requires ground-truth
values (y;) for the predictions we are recalibrating. This means that in order to
prevent overfitting we need to reserve part of the training dataset specifically
for fitting the calibrator (which leaves less data for training the NeRF — a sig-
nificant issue if we only have a few input views). Secondly, it does not actually
prescribe how to compute a suitable uncertainty value from the predicted distri-
bution. In Sec. [3:3] we address the former issue, and in Sec. [3.2] we address the
latter.

3.2 Calculating uncertainty

The predictive posterior in Eq. provides a distribution over likely ray colors
for a NeRF model, but it does not inherently offer a straightforward metric for
quantifying uncertainty at a specific point in the reconstruction. Intuitively, as
the variance of this distribution increases, so does the uncertainty of the model’s
output at that point. Therefore, the variance or standard deviation is a popular
choice for quantifying the uncertainty [24./26,27,[29]. However, in the case of the
corrected mixture distribution obtained from raymarching, this can be slow to
compute especially if it has to be done for each pixel. Therefore, we turn to a
metric that can be calculated directly from the calibrated CDF Ft

We propose to use the interquartile range of each calibrated distribution:

e = 1FE (5) - 187 (). @

where k% (ry) represents the uncertainty at a ray ry in the color channel C.
This difference provides a measure of the statistical dispersion and thus serves
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Fig. 2: Meta-calibrator design. In stage (a) we fit a low-dimensional parameteric
model of the calibration curves. The meta-calibrator then predicts these curve param-
eters from rendered images of the scene and their associated uncalibrated uncertainty
maps (b).

as a robust measure of the spread of the output channel. By averaging the
interquartile range over the color channels, we obtain a single scalar value that
effectively quantifies the uncertainty of the NeRF model for the given ray. As
shown in our experiments, this method is very computational efficient, and it
provides an accurate estimate of uncertainty.

3.3 Meta-calibrator

To overcome the challenge that, especially in the sparse-view setting, there is
no held-out data available for fitting the calibrator, we propose a novel meta-
calibrator that infers the calibration curves from uncalibrated NeRF predictions.
To do this, we leverage the insight that the calibration curves demonstrate signif-
icant regularity. We posit a low-dimensional model of the calibration curves can
be learned and predicted using the images and uncalibrated uncertainty maps
inferred by the NeRF, enabling us to estimate the calibration function without
evaluating the empirical confidence levels using held-out data from the target
scene. We now describe this meta-calibrator (illustrated in Fig. [2)) in detail.

A Parametric Model for Calibration Curves. We first fit a low-dimensional
representation of the calibration curves using Principal Component Analysis
(PCA). To create the training set for learning this representation, we sample
held-out images from K scenes and apply the calibration procedure by Kuleshov
et al. [12] to form K ground truth calibration curves. To construct the training
vector v, € RY™M for scene k < K, we sample M evenly spaced points along
its ground truth calibration curve. We find that fitting the PCA model using
only a few scenes (21 in our case) provides a good enough approximation to
capture the variation in the test curves (see Sec. . Here, V = [v;] € REXM
contains the ground truth calibration curves for the training scenes, with K
representing the number of curves and M the sample count along each curve.
PCA is then used to determine the basis vectors U = (uy, uz, ..., u,) and coeffi-
cients 0 = (a1, aq, ..., ), so that each calibration curve can be represented as:
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VE = E?:l a;u;. The parameters 6 fully describe the calibration functions.

To find the optimal number of components, we compute the explained vari-
ance, and find that in our case most of the variance is explained using only
n = 3 components (see experiments). To ensure the calibrator is monotonically
increasing, we derive the final calibration function Rg(-) using isotonic regression
applied to the curve approximated by 6@-U. The idea is that the low-dimensional
representation of the calibration curves encoded in U will generalise to new tar-
get scenes without any additional scene-specific data.

Predicting Calibration Parameters. What remains is to estimate the cal-
ibration parameters, @, for a new scene. As we do not want to use additional
held-out data from the target scene, we propose predicting these parameters
using scene-specific features computed from the pretrained NeRF outputs. This
approach is motivated by the human ability to visually identify inaccuracies
in the renderings such as floaters and unnatural artifacts. Specifically, we use a
Multi-Layer Perceptron (MLP) with three layers of output size: [128, 128, 3| and
Leaky ReLU activations throughout except the last layer as the meta-calibrator
to estimate 0 given features extracted by the DINOv2 model [20] from rendered
images (f;) and uncalibrated uncertainty maps (f,;). The goal here is to have
DINOvV2 extract features that describe the rendering imperfections, correlating
with the calibration curve. We find that training the MLP model on only a
few scenes (30 in our case) allows it to generalize well to new test scenes. Once
trained, the meta-calibrator can predict the calibration curve of a new target
scene as: @ = M LP([f;,f,.]), without using any additional ground truth data.

In summary, the meta-calibrator can correct the confidence levels of the
model without requiring ground truth data at any stage, suggesting potential
enhancements to applications that rely on uncertainty such as next-best view

selection (see Sec. [1.3)).

4 Experiments

The objective of the experiments is to: 1) validate that our approach achieves
more accurate uncertainties (lower negative log-likelihood and calibration error)
than state-of-the-art approaches for NeRF uncertainty estimation (Sec. ;
2) demonstrate the meta-calibrator improves the accuracy of the uncalibrated
uncertainties (decreases both the negative log-likelihood and calibration error)
without requiring any held-out data from the target scene (Sec. [4.2)); 3) explain
the motivation for certain meta-calibrator design decisions; and 4) show that our
uncertainties can be leveraged for applications such as next-best view planning
(Sec. [4.3).

For additional results showing: 1) why the PCA representation of the calibra-
tion curves is necessary; 2) that using the training set results in severe overfitting;
3) that holding out data results in poor performance at image reconstruction; 4)
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the influence of the number of samples along the ray on the uncertainty quality;
and 5) the efficiency of our uncertainty metric (Eq. ) over other approaches,
please refer to Sections 1, 2, 3, 4, and 6 of the Supplementary respectively.

Metrics and calibration curves. We use a variant of the calibration error
from [12] to evaluate the effectiveness of the meta-calibrator. Specifically, given
a test set D = {(ry,ce) iy = {(rs, (r¢, g¢,b¢))} I, we report:

T

ERR — % ;@t — P(p))?, (4)

where p; is the expected confidence level for data point (r¢,c;), and P(p,) is the
empirical frequency of data points within that confidence level. More specifically,
for each t € {1,..., T}, we set p; = M (¢;) and,

P(p) =|{c; : ME(¢;) <pfort=1,...,T}/T, (5)

where M = F for uncalibrated errors and M = F' for calibrated errors, and
C € {R, G, B}. Note that this formulation of the calibration error is equivalent
to the one in |12] with a confidence level for every unique p; and weights that
more significantly penalize errors from frequently predicted confidence levels.

Following [12], we plot {(p;, P(p¢))}~_; before and after calibration for each
color channel to generate calibration curves. A perfectly calibrated forecaster
would produce the straight line p; = P(pt) as each expected confidence level
would equal the empirical one. Intuitively, our version of the calibration error
is the mean squared vertical distance of points on the calibration curve from a
perfectly straight line. If an expected confidence level occurs N times in the test
data, its distance is counted N times in the mean. Following 29|, we addition-
ally report the negative log-likelihood (NLL) of the test data averaged across
all scenes. Following [24], we include PSNR and LPIPS [32] to evaluate image
quality.

Datasets. We use 30 scenes from 3 datasets: Realistic Synthetic 360° [16], the
subset of scenes in DTU [§] used in [24], and LLFF [15] for training the meta-
calibrator and test it on a hold-out scene from either LLFF or DTU to show it
generalizes to new target scenes.

Baselines We compare our approach against the state-of-the-art method for
NeRF uncertainty estimation DANE [29] as well as other methods in Sec. In
Tab. |1} following [29], we implement the naive ensembles approach and DANE
using a public implementation of Instant-NGP [2l[17] and 5 ensemble members.
In Sec. we compare the uncalibrated uncertainties to the uncertainties cali-
brated by our meta-calibrator.

Meta-calibrator Design The results guiding our decisions to use 3 Principal
Component Analysis (PCA) components to represent the calibration curves, fit
the PCA components using 21 training scenes, and train the meta-calibrator on
30 scenes to predict the PCA coefficients are shown in Fig. [3]
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Fig. 3: Meta-calibrator design decisions. Results showing using 3 components for
Principal Component Analysis (PCA) model of calibration curves, 21 scenes to fit PCA
model, and 30 scenes to train meta-calibrator achieves good generalization to new test
scenes.

Table 1: Quantitative results on standard sparse NeRF benchmark. Our pro-
posed approach results in significantly better uncertainties and image quality than the
state-of-the-art NeRF uncertainty estimation method DANE does on the challeng-
ing 3-view LLFF dataset. Specifically, our meta-calibrator reduces the calibration
error to 6% of DANE’s calibration error and the negative log-likelihood to be over 100
% lower than DANE’s. Note: lower calibration error (Cal. Err.) and negative
log-likelihood (NLL) values indicate more accurate uncertainties. Results are
averaged over all 8 scenes in LLFF.

Uncertainty |Image Quality
Cal. Err.| NLL |PSNR|LPIPS

) W1 W | )

Naive Ens.| 0.0505 | 4.39 | 15.19 | 0.646
DANE [29]| 0.0441 | 3.75 | 15.19 | 0.646

Ours 0.0026 |-0.68(19.34| 0.235
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4.1 Comparison to State-of-the-art

In this section, we compare our approach to prior methods for NeRF uncer-
tainty estimation. We achieve more accurate uncertainties (94 % reduction in
calibration error and over 100 % reduction in negative log-likelihood) than those
estimated by DANE , the state-of-the-art method. These results are shown
in Tab. [l for the challenging 3-view LLFF dataset from prior work on sparse
novel view synthesis and Tab. for the less challenging version of LLFF
from prior work on NeRF uncertainty estimation . In Fig. we
compare the calibration curves from our approach to DANE’s, illustrating that
the meta-calibrator predicts expected confidences that match the true ones while
DANE does not.

(b) Avg. Calibration Error (1) Avg Negative Log-likelihood (1)
Uncalib d: 0.0086 Uncalib d.: -0.51
Calibrated:  0.0026  Calibrated: ~ -0.68

=== Uncalibrated

: Calibrated

: Perfectly Calibrated
Err. Uncal.: 0.0041 Err. Uncal.: 0.0085 Err. Uncal. 0.0070 Err. Uncal. 0.0097
Err.Cal:  0.0005 Err.Cal: 00016 Em.Cal: 00006 Err.Cal: 00008
1

1

Fern Horns T-Rex

Orchids //
/7

Observed Confidence Level

Expected Confidence Level

Fig. 4: Quantitative comparison of uncalibrated and calibrated uncertain-
ties. In (a), we show calibration curves on test data from four scenes in LLFF .
The color of each curve indicates the color channel it corresponds to. The calibrated
curves are much closer to the ideal calibration (dashed lines), demonstrating that the
meta-calibrator works very well. In (b), the average calibration error and negative
log-likelihood before and after calibration are reported for LLFF, clearly showing the
meta-calibrator improves the accuracy of the uncertainties (lowering calibration error
and negative log-likelihood). To test generalization, the meta-calibrator was also ap-
plied to held-out scenes in DTU , achieving a 70 % reduction in calibration error on
average.

4.2 Comparison to Uncalibrated Uncertainties

In this section, we compare our uncalibrated base NeRF uncertainties to our
calibrated uncertainties obtained from applying the proposed meta-calibrator.
In Fig. [6] we show that the calibrated uncertainties better highlight floaters and
other errors in the NeRF renderings. In Fig. [d] we show that the meta-calibrator
predicts expected confidences that closely match the true ones, lowering both
the calibration error and the negative log-likelihood of the uncalibrated uncer-
tainties.
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Table 2: Quantitative results on standard NeRF uncertainty estimation
benchmark. Here, we present results on the LLFF [15] dataset used in prior work
[14/261127,|29] on uncertainty estimation for NeRFs. This dataset is less challenging
than the one in Tab. [[]since 4-12 views are used for training instead of 3. Our proposed
approach results in significantly better uncertainties than prior methods for NeRF un-
certainty estimation on all 8 scenes in LLFF. Note: lower negative log-likelihood
values indicate more accurate uncertainties. M indicates the number of ensem-
ble members, and MC-DO refers to Monte Carlo Dropout sampling with M sample
configurations. This table is Tab. 1 from [29] with our results added as an additional
column. Please refer to [29] for further details.

Negative Log-likelihood (])

Scene |# of Train.|MC-DO|Naive Ens.|NeRF-W|S-NeRF|CF-NeRF|DANE |29]| DANE [29]||Ours
Views |M=5| M=5 {14 27 26 M=5 | M=10

Fern 4 4.90 2.47 2.16 2.01 — -0.98 -1.00 -1.41
Orchids 5 5.74 2.23 2.24 1.95 — -0.28 -0.31 -0.84
Leaves 5 2.72 2.66 0.79 0.68 — 0.97 0.73 -1.19
Flower 7 4.63 1.63 1.71 1.27 — 1.00 0.85 -2.05
Fortress 8 5.19 2.29 1.04 -0.03 — -1.30 -1.30 -1.99
Room 8 5.06 2.13 4.93 2.35 — -1.35 -1.35 -2.17
T-Rex 11 4.10 2.28 1.91 1.37 — -0.31 -0.69 -1.49
Horns 12 4.18 2.17 0.78 0.60 — -0.55 -0.66 -2.18
Avg. 4.57 2.23 1.95 1.27 0.57 -0.35 -0.47 -1.67

: DANE
: Ours
-~~~ : Perfectly Calibrated

-

PSR

/| €. DANE: 0.0300
Err. Ours:  0.0002 -

Observed Confidence Level

o _— 3

0
Expected Confidence Level -

3 s ] 10

#of Training Views

(a) Calibration curves for
the Fern scene from 3-view (b) Next-best View Planning
LLFF [15]. on Horns from LLFF [15].

Fig. 5: Comparison to DANE [29]. Results comparing our uncertainties to those
from the state-of-the-art method DANE. In (a) we show DANE’s RGB calibration
curves are not closely aligned with the perfectly calibrated lines, meaning it is mis-
calibrated. It is significantly over-confident for expected confidence levels close to 1
and under-confident for confidence levels close to 0. In comparison, the curves for our
approach are extremely close to the ideal calibration (dashed lines), demonstrating
that the meta-calibrator works very well, predicting expected confidences that match
the true ones. This is also verified by how our calibration error is over two orders of
magnitude smaller than DANE’s. In (b) we show that our approach results in more
efficient performance gains over DANE for next-best view planning.
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(a) Ground Truth (b) NeRF Image (c) Uncalibrated Uncertainty (d) Calibrated Uncertainty (e) Actual Error

Fig. 6: Qualitative comparison of uncalibrated and calibrated uncertainties
from the Flower scene in LLFF . The calibrated uncertainties (d) clearly
detect incorrect regions (indicated by the red boxes) better than the uncalibrated
uncertainties (c) do. This is apparent by noting that (d) and (e) look more similar
than (¢) and (e).

4.3 Application: Next-best View Planning

In this section, we show that our uncertainties can be leveraged for next-best view
planning. Specifically, we start by training the NeRF model for 2000 iterations
on a training set of three images. The next-best view is selected by evaluating
the average calibrated pixel uncertainty (obtained using the meta-calibrator)
for each of the candidate views, and the view with the highest uncertainty is
added to the training set. The average PSNR of the test images is reported after
each training iteration. In Fig. we show that using our approach results in
greater performance gains (higher PSNRs) than DANE does. In the Fig. 1
of the Supplementary, we also compare the information gain from rays selected
according to the highest calibrated uncertainties to the information gain from
rays selected according to the highest uncalibrated uncertainties and show our
meta-calibrator produces higher average PSNRs on the test set for scenes in
DTU than the uncalibrated uncertainties do. Thus, calibration specifically
re-orders the pixel uncertainties so that rays more likely to raise the PSNR are
picked earlier in next-best view planning. In Sec. 5 of the Supplementary, we
include a detailed theoretical example showing that such re-ordering is possible.

5 Conclusion

In this paper we addressed the open problem of obtaining calibrated uncertainties
from NeRF models. We introduce the concept of a meta-calibrator that infers the
calibration curves from scene features, and using this approach achieve state-of-
the-art uncertainty without holding out any ground truth data from the target
scene. By enabling efficient and accurate calibration of NeRF models without
relying on additional data, our method represents a significant step forward in
the practical application of NeRF to real-world scenarios and opens up new
avenues for the use of NeRF in situations where data is limited and uncertainty
is critical.
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