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Abstract. This study addresses the challenging problem of active view
selection and uncertainty quantification within the domain of Radiance
Fields. Neural Radiance Fields (NeRF) have greatly advanced image
rendering and reconstruction, but the cost of acquiring images poses
the need to select the most informative viewpoints efficiently. Existing
approaches depend on modifying the model architecture or hypotheti-
cal perturbation field to indirectly approximate the model uncertainty.
However, selecting views from indirect approximation does not guarantee
optimal information gain for the model. By leveraging Fisher Informa-
tion, we directly quantify observed information on the parameters of
Radiance Fields and select candidate views by maximizing the Expected
Information Gain (EIG). Our method achieves state-of-the-art results
on multiple tasks, including view selection, active mapping, and uncer-
tainty quantification, demonstrating its potential to advance the field of
Radiance Fields.

1 Introduction

Neural Radiance Fields brought back image rendering and reconstruction from
multiple views to the center of attention in the field of computer vision. Novel
volumetric representations of radiance fields and differentiable volumetric ren-
dering enabled unprecedented advances in image-based rendering of complex
scenes both in terms of perceptual quality and speed.

Recently, 3D Gaussian Splatting [25] has demonstrated distinct advantages
in real-time rendering and explicit point-based parameterizations without neu-
ral representations. However, to achieve satisfactory rendering quality, numerous
viewpoints are required to train a radiance field, especially in large-scale scenar-
ios. It is crucial to establish a criterion for selecting information-maximizing
views before obtaining image observations at those locations. Quantifying the
observed information of a Radiance Field model is challenging, given that Radi-
ance Field models are typically regression-based and scene-specific. The challenge
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intensifies when we aim to leverage quantified observed information for active
view selection and mapping, especially when the selection candidates are only
SE(3) camera poses for acquiring new observations, a.k.a capturing new images.

Active View Selection
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Uncertainty Quantification

Fig. 1. A brief overview of our method. Given a Radiance Field that was trained
with a limited number of views, our method could find the next best view that could
maximize information gain by computing the Fisher Information of the radiance field.
We illustrate the Information Gain as a heat map on the viewing sphere and show four
of the candidate views. Our model can quantify pixel-wise uncertainty, visualized at
the bottom left, by examining the Fisher Information on the related parameters of the
ray. Our algorithm can be also adapted into an active mapping system, as showcased
at the right, that could actively explore and reconstruct the environment.

Previous approaches select viewpoints by quantifying the uncertainty in Radi-
ance Fields. They can be broadly categorized into two groups: variational white-
box models and black-box models. White-box models integrate conventional NeRF
architectures with Bayesian models, such as reparameterization [36,43,48] and
Normalizing Flows [55]. Black-box methods, on the other hand, do not modify
the existing model architecture but seek to quantify predictive uncertainty by
examining the distribution of predicted outcomes [31,43,67,71]. White-box mod-
els depend on specific model architectures and are often characterized by slower
training times due to the challenges associated with probabilistic learning. Con-
versely, existing black-box models either focus solely on studying the uncertainty
on NeRF-style query points through network prediction [43] or hypothetical per-
turbation field [16], or rely on Monte Carlo sampling techniques [67] to quantify
the uncertainty at the candidate views.

In this study, our primary objective is to quantify the observed information of
a Radiance Field model and utilize it to select the optimal view with the highest
information gain for downstream tasks, Fig. 1. To achieve this, we propose using
Fisher Information, which represents the expectation of observation information.
This quantity is directly linked to the second-order derivatives or Hessian matrix
of the loss function involved in optimizing Radiance Field models. Importantly,
the Hessian of the objective function in volumetric rendering is independent of
ground truth data or the actual image measurement. This property allows us to
compute the information gain between the training dataset and the candidate
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viewpoint pool using only the camera parameters of the candidate views. This
capability facilitates an efficient next-best-view selection algorithm. In addition to
the formulation of Information Gain, the Hessian of the loss function has an intu-
itive interpretation: the perturbation at flat minima of the loss function. From an
intuitive standpoint, one can perceive the Fisher Information matrix as a metric
of the curvature of the log-likelihood function at specific parameter instantiations
denoted as w*. Lower Fisher Information suggests that the log-likelihood func-
tion exhibits a flatter profile around w*, implying that the loss is less prone to
changes when w* is perturbed. The flat minimum interpretation has attracted
substantial attention and research within various domains of machine learning
[19,20,28,34,58]. Moreover, as we have estimated the Fisher information for the
model’s parameters, which correspond to specific 3D locations in recent Radiance
Field models such as 3D Gaussian Splatting [25] and Plenoxels [52], we can derive
pixel-wise uncertainty in the model’s predictions by examing the Fisher Informa-
tion on parameters that contribute to the prediction for each pixel.

We implement the computation of Fisher Information on top of two types
of Radiance Field models: point-based 3D Gaussian Splatting [25] and Plenox-
els [52]. In 3D Gaussian Splatting, we compute the Hessians of the parame-
ters on each 3D Gaussian with respect to the negative log-likelihood. As Fisher
Information is additive, we further extend our view selection algorithm into
batch selection and path selection, which are closer to real-world applications.
To make the computation of information gain tractable, we use an approxima-
tion of the decrease in entropy by its upper bound, which is the trace of the
product of the Hessian of the candidate view times the Hessian with respect to
all previous views. These matrices are highly sparse due to the disentangling of
scene parameters with respect to disparate rays. The sparsity allows us a com-
putation of the matrix trace above that is as cost-effective as back-propagation,
enabling us to evaluate views at 70 fps when we use 3D Gaussian Splatting. We
carried out extensive evaluations in different benchmarks, including active view
selection, active mapping, and uncertainty quantification. The quantitative and
qualitative results unequivocally demonstrate that our approach surpasses pre-
vious methods and heuristic baseline by a significant margin. To summarize, our
main contributions are as follows:

— A novel formulation to quantify the observed information and Information
Gain for Radiance Fields.

— An effective and efficient view selection method exploiting the sparse structure
of the scene rendering problem.

— An efficient pixel-wise uncertainty quantification and visualization method
for 3D Gaussian Splatting.

— Extensive comparative study showing that our method outperforms existing
active approaches on view selection, active mapping, and uncertainty quan-
tification.

2 Related Works

Active Learning and Radiance Fields are prosperous research fields with various
research directions. In this section, we limit our literature review to works that
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directly relate to our tasks. We refer the readers to literature reviews if they are
interested in Radiance Fields [10,13] or Deep Active Learning [50,72]. Besides,
Fisher Information has been extensively studied in deep active learning [1,2,
27,29]. Notably, Kirsch et al. [28] unified existing works in active learning for
deep learning problems from the perspective of Fisher Information, which shares
many insights with our method.

Uncertainty Quantifications for Radiance Fields. In the Neural Radiance Fields,
Lee et al. [31], Yan et al. [66] and Zhan et al. [71] attempted to quantify the
uncertainty in a scene by the distribution of densities on a casted ray. Shen et
al. [55,56] designed Bayesian models by re-parametrizing the NeRF model. How-
ever, they only tackled the predictive uncertainty of the model that did not
relate to the observed information of the parameters. Sunderhauf et al. [61]
propose an additional uncertainty measure in uncharted regions, determined by
the ray termination probability on the learned geometry. Regarding concurrent
work, Goli et al. [16] introduces a hypothetical perturbation field and interpo-
lates uncertainty over NeRF-style query points for uncertainty quantification
and NeRF clean-up task. The perturbation field with respect to query points is
also not compatible with recent radiance field models like 3D Gaussian Splat-
ting [25], which do not take query points as inputs. Besides, their algorithm is
not designed for an active learning problem since selecting candidates with the
largest per-pixel uncertainty may not be optimal, as the information gain for the
model parameters is not concerned. In contrast, we focus on active learning prob-
lems. We derive our theory from the expected information gain for the model
and compute the Hessian for the model parameters, allowing us to apply our
algorithm to recent advancements in radiance fields such as 3D Gaussian splat-
ting. Our paper focuses on active view selection and mapping based on our novel
expected information gain objective. Moreover, their implementation relies on
multiple function calls to PyTorch backward engine whereas our efficient CUDA
implementation for the diagonal Hessian computation consumes much less time
(11.3 ms £ 33.3 us v.s. 1.1s + 2.5 ms). To the best of our knowledge, we are
the first method that quantifies the uncertainty directly on model parameters
for Radience Fields, thanks to the powerful framework of 3D Gaussian and our
efficient formulation.

Active View Selection and Mapping. Although the next best view selection prob-
lem was extensively studied before radiance fields gained popularity, there has
not been much literature on active “training” view selection for volumetric ren-
dering. Jin et al. [22] trains a neural network to predict per-pixel uncertainty for
view selection. However, their method requires an image capture as the input
of the network, which is closer to dataset subsampling rather than active learn-
ing. ActiveNeRF [43] studied the next best view selection by directly adding
variances as the output of the vanilla NeRF, and it is the closest approach to
the view selection problem we are working on. In a larger scope, Active Percep-
tion [3,4] has been studied along with the advancement of robotics and com-
puter vision. Traditionally, frontier-based approach [64] and Rapidly exploring
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Random Tree (RRT) [30] are the most representative and have been extended
and enhanced for different data representations [12,23,57,74] and complex con-
ditions [44,68]. For the larger scope of Active Simultaneous Localization and
Mapping (SLAM), please refer to literature reviews [33,45]. In recent years,
Guedon et al. [17,18] attempted to improve the coverage for mapping systems
using point cloud representation with neural networks. Dhami et al. [11] studied
the next best view selection in view planning by first completing the point cloud
from partial observation. Georgakis et al. [14] measured uncertainty through
deep ensemble. Chaplot et al. [8] and Ramakrishnan et al. [46] developed active
exploration methods with deep reinforcement learning. The mapping system that
uses implicit feild [42,51,59,75] especially 3D Gaussians [24,37,65,70] as repre-
sentation has been widely studied. This presents the need for active mapping
algorithms that could maximize the mapping efficiency in an embodied robot
system. Similar to ActiveNeRF [43], Ran et al. [48] performed trajectory plan-
ning for object-centric autonomous reconstruction systems by predicting vari-
ance as an extra output of the network. Yan et al. [67] discussed the intuition
of flat minimum and quantified the predictive uncertainty of neural mapping
models through the lens of loss landscape. However, they only approximate the
uncertainty of the variances from the output of neighboring points. Our method
directly quantifies the observed information of the parameters by computing the
Hessian matrix of the log-likelihood function of the model’s objective. Besides,
we introduce the Expected Information Gain for mapping systems from the first
principle as a complementary method to previous heuristics.

3 Technical Approach

In this section, we first introduce how we use Fisher Information in Sect.3.1.
By leveraging Fisher Information, we demonstrate how to select the next best
view and next best batch of views in Sect. 3.2 and Sect. 3.3. We then extend our
method to large-scale scenes with active mapping. Finally, we showcase that our
method could quantify the pixel-wise uncertainties in Sect. 3.5.

3.1 Fisher Information in Volumetric Rendering

Fisher Information is a measurement of information that an observation (x,y)
carries about the unknown parameters w that model p(y|x; w). In the problem
of novel view synthesis, (x,y) are the camera pose x and image observation y
at pose X, respectively, whereas w are the parameters of the radiance field. The
objective of neural rendering is equivalent to minimizing the negative log likeli-
hood (NLL) between rendered images and ground truth images on the holdout
set, which inherently represents the quality of scene reconstruction

—logp(y|x,w) = (y — f(x,w))" (y — f(x,w)) (1)

where f(x,w) is our rendering model. Under regularity conditions [54], the
Fisher Information of the model log p(y|x; w) is the Hessian of the log-likelihood
function with respect to the model parameters w:
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9% log p(y|x, w)

ez W] = Hlyx, w] (2)

I(w) = _Elogp(ylxw)[

where H"[y|x, w] is the Hessian matrix of Eq. (1).

3.2 Next Best View Selection Using Fisher Information

In the active view selection problem, we start with a training set D*"*" and have
an initial estimation of parameters w* using D!"®". The aim is to select the next
best view that maximizes the Information Gain [21,26,32] between candidates
views x7°? € DPo°l and D' where DP? is the pool of candidate views:

Ziw" {y:“ =}
— H[W*|Dtrain} _ H[W*‘{y?cq}’ {X?cq},Dtrain] (3)

where H|[] is the entropy [28].

When the log-likelihood has the form of Eq. (1), in our case, the rendering
error, the difference of the entropies in the R.H.S. of Eq. (3) can be approximated
as [28]:

1 ac ac * * rain)—
5 log det (" [{ys}{x{“/}, w*) H'[w"| D"*") ! 4 1)
1 ac ac * * rain]—
< 5t (H[{yy ™ H{ ), w] Y [w* [ D)) (4)

As Fisher Information is additive, H”[w*|D!"%"] =1 can be computed by sum-
ming the Hessians of model parameters across all different views in {Dyrqin }
before inverting. We can choose the next best view x;“/ by optimizing
arg max tr (H” lyi“ =i, w*] H" [w*\Dtmm]*l) . (5)
X2

i

The Hessian H”[y|x, w*] of our model can be computed as:
H[ylx, w*] = Vi f (W) "V ey HIYIf (W) Vw f s w")  (6)

where H” [y|x, w*] in our case is equal to the covariance of the RGB measurement
that we set equal to one. Hence, the Hessian matrix can be computed just from
the Jacobian matrix of f(x,w)

H"[y|x,w*] = Vu f(x;W*) Vi f(x;W7). (7)

We can optimize the objective in Eq. (5) without knowing the ground truth
of candidate views {y;“/}, which was expected since the Fisher Information
never depends on the observations themselves. The Hessian in (7) has only a
limited number of off-diagonal elements because each pixel is considered inde-
pendent in — log p(y|x, w). Furthermore, recent NeRF models [40,49,52,60] typ-
ically employ structured local parameters that each parameter only contributes
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to the radiance and density of a limited spatial region for faster convergence
and rendering. Therefore, only parameters that contribute to the color of the
pixels would share non-zero values in the Hessian matrix H”[y|x, w*]. However,
the number of optimizable parameters is typically more than 200 million, which
means it is impossible to compute without sparsification or approximation. In
practice, we apply Laplace approximation [9,35] that approximates the Hessian
matrix with its diagonal values plus a log-prior regularizer A1

H"[y[x, w"] = diag(Vw f (x, w*)" Vi f(x, ")) + AL (8)

3.3 Batch Active View Selection

Selecting multiple views to capture new images is useful for its possible applica-
tions, such as view planning and scene reconstruction. If we simply use Eq. (5) to
select a batch of acquisition samples {x;“’}, we could possibly select very similar
views inside the acquisition set {x7“/} as we do not consider the mutual infor-
mation between our selections. However, we would face a combinatorial explo-
sion if we directly attempt to maximize the expected information gain between
training and acquisition samples and simultaneously minimize the mutual infor-
mation across acquisition samples. Therefore, we employ a greedy optimization
algorithm as illustrated in Algorithm 1, which is !/e-approximate in Fisher Infor-
mation [41]. When batch size B is 1, our algorithm is equivalent to Eq. (5). Please
note that we focus on batch active view selection instead of dataset subsampling
as it is more related to real-world scenarios where we wish to plan a trajectory
for an agent to acquire more training views.

Algorithm 1: Batch Active Views Selection

Input: {H”[w*|x{°)}, H'[w*|D"*"], number of views to select B
Output: Selected Views Sp
So —0;
HO - H// [W* ‘Dtrain];
for b+ 1to B do
1« arg MAaX, aca ¢ ppoot|\ s, _, tr (H”[y?cq|xz}cq’ w] H;Jl);
Sy — Sp—1 U{i};
Hy — Hy—1 + H"[y? "%, w']
end

N 0 A W N

3.4 Active Mapping with 3D Gaussian Splatting

With the batch selection algorithm discussed in Sect. 3.3, our method can be
extended as an active mapping algorithm. By maximizing the EIG from candi-
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Fig. 2. An Illustration of Our Active Mapping System. Given RGBD captures,
we first reconstruct the environment using 3D Gaussians as representation. Afterward,
we select a set of goal points from map frontiers and plan the shortest path to each
goal. The EIG is computed for each path, and we choose the one with the highest EIG
to continue exploration.

date trajectories {P;}, we can determine the most informative path for explo-
ration:

arg max tr Z H[y?*x{*, w*] | H'[w*| D)=L | . (9)

We build our active mapping system on top of existing passive mapping archi-
tecture SplaTAM [24] that uses 3D Gaussians as basic data representation. We
employ frontier-based exploration [64] to propose path candidates and sample
cameras along the path concerning the mobility of the agent. The pipeline is
illustrated in Fig. 2. Our path selection algorithm is compatible with other active
mapping systems and can be used as an extension to select the most informative
path.

3.5 Pixel-Wise Uncertainty with Volumetric Rendering

Previously, we discussed quantifying the Information Gain for any camera views.
Our model can also be adapted to obtain pixel-wise uncertainties. As we have
discussed in Sect. 3.2, we can approximate the uncertainty on each parameter
with the diagonal elements of the hessian matrix H”[y;“!|x{“?, w*]. In recent
Radiance Field models [25,52], the parameters directly correspond to a spatial
location in the scene. Therefore, we can compute the uncertainty in our rendered
pixels by examining the diagonal Hessians along the casted ray for volumetric

rendering
N
U(r) = Y T (1 - exp(—0n0,)) tr(Gn) (10)
n=1

where G,, is the submatrix of H”[w*|D!"%"] containing the rows and columns
that correspond to parameters at location n. Please note that this is a relative
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uncertainty derived from the observed information on the model parameters,
which does not involve metric scales. If we wish to estimate absolute uncertainties
on predictions like depth maps, we need to denormalize the uncertainty in each
term by its depth d,,.

4 Experiments

In this Section, we present the empirical evaluation of our approach. The run-
ning time analysis for our customized CUDA kernel and other implementation
details can be found in the supplementary. We first focus on the experiments of
active view selection and compare our method quantitatively and qualitatively
against the previous method (Subsect. 4.1). We further present our results on
active mapping (Subsect. 4.2). Finally, we present more results of our method
on uncertainty quantification results (Subsect. 4.3).

4.1 Active View Selection

We conducted extensive experiments on view selections to demonstrate that our
expected information gain could help the model find the next best views. Here,
we first introduce the dataset we use and detailed experimental settings. Then,
we compare our method with random baselines and previous state-of-the-art
ActiveNeRF [43] quantitatively and qualitatively.

Datasets. Our approach is extensively evaluated on two common benchmark
datasets: Blender Dataset [38] and the challenging real-world Mip-NeRF360
dataset [5]. The Blender dataset comprises eight synthetic objects with intri-
cate geometry and realistic non-Lambertian materials. Each scene in this dataset
includes 100 training and 200 test views, all with a resolution of 800 x 800. Our
method uses the 100 training views as a candidate pool to select training views,
and we evaluate all the models on the full 200-view test set. We use the default
training configuration as in 3D Gaussian and Plenoxels for this dataset. Mip-
NeRF360 [5] is a real-world 360° dataset captured for nine different scenes. It has
been widely used as a quality benchmark for novel view synthesis models [6,39].
We train our models at the resolution of 1066 x 1600 following 3D Gaussian
Splatting [25].

Metrics. Our evaluations utilize image quality metrics such as peak signal-to-
noise ratio (PSNR) and structural similarity index (SSIM) [62]. Additionally,
we incorporate LPIPS [73], which provides a more accurate reflection of human
perception.

Baselines. We quantitatively and qualitatively compare our method against the
current state-the-art ActiveNeRF [43] and random selection baseline. To make
a fair comparison with ActiveNeRF [43], We re-implemented a similar variance
estimation algorithm in 3D Gaussian Splatting and Plenoxels in CUDA. We
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Fig. 3. Qualitative Study of our method on Mip360 Dataset. From the top to
bottom are results from ActiveNeRF, random baseline, our method, and the ground
truth. All the models in this figure are implemented on top of 3D Gaussian Splat-
ting [25] for better performance on this challenging dataset. We could see baseline
models exhibited artifacts in some renderings due to their lack of constraints from
nearby training views.

assign each 3D Gaussian (or grid cell in Plenoxels) a variance parameter and
use volumetric rendering to render a variance map. The supplementary materi-
als provide more details about our re-implementation. To show the difference
between EIG and uncertainty, we adapt the uncertainty estimation method
BayesRays [16] into the view selection algorithm by directly using the rendered
uncertainty value on each candidate view as a metric for view selection.

Ezxperiment Settings. We experiment with our model with 3D Gaussian Splatting
backend on both the next view selection and the next batch of view selections
across both the Blender and Mip360 Dataset. Each model is initialized with
the same random seed and was trained on the same four uniform views. Each
model is trained for 30,000 iterations following the default configurations of 3D
Gaussian Splatting [25]. Similar to the training program of Gaussian Splatting,
we reset the opacity every time we select new views to avoid degeneration of
the training procedure. All the external settings in the experiment are kept the
same except for the view selection algorithms.

Similarly, we also showcase the implementations of our active view selection
algorithm on Plenoxels in the Blender Dataset. The experimental settings for
initial views and view selection schedules are the same, except view selection
was made every four epochs.

— Sequential Active View Selection: 1 new view is selected every 100 epochs till
the model has 20 training views.

— Batch Active View Selection: 4 new views are selected every 300 epochs till
the model has 20 training views.

The quantitative results of active view selections can be found in Table 1,
Table 2 and Table 4. As can be seen, our method achieved better results across
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Fig.4. Qualitative Results on Blender Dataset with 20 and 10 Training
Views. All the methods are implemented on 3D Gaussian Splatting and compared in
the same training configuration except for different training views selected by different
methods.

ol

different metrics and datasets. We also compare our method qualitatively on the
Blender and Mip-NeRF360 datasets in Fig.3 and Fig.4. Our method demon-
strates superior results in both single-view selection and batch-view selection.
Moreover, our method achieved better performance improvements compared to
the random backbone compared to BayesRays. This further renders the impor-
tance of using EIG rather than uncertainty as the metric for view selection.
Furthermore, we experimented with our model with the challenging ten-view
selection task on the Blender Dataset. Each model is initialized with the same
random seed and two uniform initial views. Each new view is added after every
100 epochs till the model has ten training views. The quantitative and qualitative
results are in Table 3 and Fig. 4. Again, our method selects necessary views given
the extremely limited observations and preserves fine details of reconstructed
objects.

4.2 Active Mapping

We experimented with our active mapping system on room-scale scene dataset
Matterport3D [7] and Gibson [63] through the Habitat Simulator [47,53]. Our
active mapping system takes posed RGB-D images as input and uses the same
configurations for the simulator as previous approaches [15,67]. We turn our 3D
Gaussian representation into a point cloud using only the mean pu € R? of each
3D Gaussian as the previous evaluation benchmark is designed for point cloud
or 3D mesh. We use the following evaluation metric to evaluate the quality of
our active mapping system.

Comp. The completeness metric quantifies the completeness of the active explo-
ration algorithm in 3D space by computing the per-point nearest distance
between points sampled from the ground truth mesh and the final reconstruction
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Table 1. Active View Selections on  Table 2. Active Batch View Selec-
Blender Dataset. The best, second, tions on Blender Dataset. Each time,
and third results are highlighted in red, 4 views are selected based on different
orange, and yellow, respectively. *: Num-  view selection methods. *: Numbers are
bers are taken directly from ActiveN-  taken directly from ActiveNeRF [43] as

eRF [43] as reference. reference.
Method PSNR 1 SSIM 1 LPIPS | Method PSNR T SSIM 1 LPIPS |
ActiveNeRF* 26.240 0.856 0.124 ActiveNeRF* 26.240 0.856 0.124
Plenoxels + Random 23.906 0.863 0.174 Plenoxels + Random 23.242 0.862 0.158
Plenoxels + ActiveNeRF 23.522  0.857 0.150 Plenoxels + ActiveNeRF 23.147 0.857 0.148
Nerfacto + Random 22,614 0.890 0.111 Nerfacto + Random 21.622 0.875  0.137
Nerfacto + BayesRays 22.504 0.887 0.115 Nerfacto + BayesRays 22.160 0.878  0.127
3D Gaussian + Random 28.732 0.939 0.053 3D Gaussian + Random 27.135 0.927  0.065
3D Gaussian + ActiveNeRF| 26.610 0.905  0.081 3D Gaussian + ActiveNeRF| 27.326 0.912  0.076
Plenoxel + Ours 24.513 0.876 0.157 Plenoxels 4+ Ours 24.212 0.878 0.139
3D Gaussian + Ours 29.525 0.944  0.043 3D Gaussian + Ours 29.094 0.938 0.053

Table 3. Active View Selections on Blender Dataset with only 10 views.
Our view selection algorithm could select necessary views when the number of training
views is extremely limited.

Method PSNR 1SSIM 1LPIPS |
Nerfacto + Random 16.430 0.809 0.254
Nerfacto + BayesRays 14.950 0.798  0.282
Plenoxels + Random 19.950 0.812 0.233

Plenoxels + ActiveNeRF 19.770 0.804 0.210
3D Gaussian + Random 22.493 0.873 0.112
3D Gaussian + ActiveNeRF| 22.979 0.876 0.111
Plenoxels + Ours 20.670 0.824 0.205
3D Gaussian + Ours 23.681 0.883 0.102

of the scene. We calculate both the percentage of points within a 5cm threshold
(Comp. (%)) and the average nearest distance (Comp. (c¢m)).

PSNR & Depth MAE. We uniformly sample 1000 navigable poses in the
scene and render color and depth images at the sampled poses and compute
average PSNR and Mean Absolute Error (MAE) for rendered color and depth
images, respectively.

We compare with previous state-of-the-art in Table 5 and Fig. 5. Our active
mapping system outperformed previous methods by a large margin on both
geometry and rendering quality. Notably, we are the first active mapping sys-
tem to capture fine-grained details and high-quality textures, thanks to our view
selection objectives, which aim to improve rendering quality when measuring the
EIG. In Fig. 5, we demonstrate the qualitative comparison between our method
and Active-INR [67]. In Table 5, our method outperforms Active-INR by a large
margin in Comp. metric, showing the superiority of the active mapping algo-
rithm. To compare the rendering quality with previous methods, we train a
3D Gaussian Splatting model using the trajectory from UPEN [15] and Active-
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Table 4. Active View Selections on  Table 5. Scene Coverage on Gibson
Mip-NeRF360 Dataset. We compare  and MP3D dataset. Our method out-
our method on real-world dataset Mip360.  performed previous methods by a large
T: batch active view selection setting. Our  margin when evaluating the coverage met-
method outperformed previous state-of-  ric. Numbers for other methods are taken

the-art with a clear margin. from Active Nerual Mapping [67].
Method PSNR 1 SSIM 1 LPIPS | Gibson MP3D
" Method

3D Gaussian + Random 17.914 0.564 0.430 Comp. (%) T Comp. (cm) | Comp. (%) Comp. (cm) |

3D Gaussian + Randomf 19.542 0.568 0.376 Random 45.80 34.48 45.67 26.53

3D Gaussian + ActiveNeRF | 17.889 0.533  0.414 FBE 6591 1442 7118 978
UPEN 63.30 21.09 69.06 10.60

3D Gaussian + ActiveNeRF{| 18.303 0.539  0.406 OceAnt 61.88 23.25 .72 9.40

3D Gaussian + Ours 20.351 0.601 0.361 Active Neural Mapping 80.45 7.44 73.15 9.11

3D Gaussian + Oursf ‘ 20.568 0.608 0.365 Ours 9289 564 A 291

Ground Truth Active-INR

Fig. 5. Qualitative Comparisons on Active Mapping. We compare our method
against the ground truth mesh and Active Neural Mapping. Our method exhibited
better details and coverage. Our method can successfully produce detailed and high-
fidelity reconstruction for the rooms compared to the previous method.

INR [67] and evaluate the render quality at the same holdout set. The result is
summarized in Table 6. Our method efficiently selects the most informative path
and outperforms other methods when using the same backbone model. We also
notice that UPEN is worse than Active Neural Mapping in Table5 but better
than the other in 6 when evaluated using the 3D Gaussian Splatting model. We
ascribe this gap in UPEN to the difference in the scene representations and the
evaluation protocol.

4.3 TUncertainty Quantification

As discussed in Sect.3.5, our model can be extended to compute pixel-wise
uncertainties on training views. Following previous methods on uncertainty esti-
mation [55,56], we evaluate our method on the Light Field (LF) Dataset [69]
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Table 6. Evaluation for Render Table 7. Uncertainty Estimation on
Quality on Gibson and MP3D. We LF Dataset. Numbers are AUSE, the
also compare our method with previous lower the better. The best results are
method on the rendering quality for both  highlighted in red, and the second-best

color and depth reconstruction. results are in orange color.

Method Gibson MP3D Method Statue | Africa | Torch | Basket | Average |
PSNR | Dpeth MAE (m) | PSNR 1 Depth MAE (m) | CF-NeRF 054 034 050 014 0.38

FBE 1985 01751 16.68 08627 ActiveNeRF 040 0.39 021 0.34 0.33

UPEN 2113 0.1893 18.40 0.2690

Active Neural Mapping  19.64 0.2043 17.16 0.4621 BayesRays 0.17 027  0.22 0.28 0.23

Ours 2258 0.0924 19.96 0.1667 Ours 0.21 026 024 0.18 0.22
CI-NcRF BayesRays Ours

Depth Err. Uncertainty D . Uncertainty Depth Err.

Fig. 6. Visualizations for Uncertainty on Depth Prediction the LF Dataset.
We compare the per-pixel uncertainty maps from CF-NeRF [55], BayesRays [16], and
ours. Our per-pixel uncertainty maps demonstrate a strong correlation with the actual
depth error.

using the Area Under Sparsification Error (AUSE) metric. The pixels are fil-
tered twice, once using the absolute error with ground truth depth and once
using the uncertainty. The difference in the mean absolute error on the remain-
ing pixels between the two sparsification processes produces two different error
curvatures, where the area between those two curvatures is the AUSE, which
evaluates the correlation between uncertainties and the predicted error. A low
AUSE indicates our model is confident in the correctly estimated depths and
could predict a high uncertainty in the regions where we are likely to have
larger errors. As seen in Table7 and Fig. 6, our model exhibited a better cor-
relation between our uncertainty estimation and depth error than the previous
state-of-the-art CF-NeRF [55]. More quantitative results and visualizations on
uncertainty estimation can be found in the supplementary materials.

5 Conclusion and Limitations

We presented FisherRF, a novel method for active view selection, active map-
ping, and uncertainty quantification in Radiance Fields. Leveraging Fisher Infor-
mation, our method provides an efficient and effective means to quantify the
observed information of Radiance Field models. The flexibility of our approach
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allows it to be applied to various model parametrizations, including 3D Gaus-
sian Splatting and Plenoxels. Our extensive evaluation of active view selection,
active mapping, and uncertainty quantification has consistently shown superior
performance compared to existing methods and heuristic baselines. These results
highlight the potential of our approach to significantly enhance the quality and
efficiency of image rendering and reconstruction tasks with limited viewpoints.
However, our method is limited to static scenes in a confined scenario. Recon-
structing dynamically changing the Radiance Field and quantifying its Fisher
Information is still an open problem. More work could be done to overcome the
limitations and extend the proposed method to more challenging settings.
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