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Abstract: This paper is concerned with the joint optimization of camera parameters and Neural
Radiance Fields (NeRFs). We analyze the Jacobian of the camera projection function using proxy 3D
points sampled deterministically within a normalized camera view frustum. A Frolov–Fibonacci lattice
combined with spherical inverse transforms yields low-dispersion samples and a sensitivity Gram
matrix. From this matrix, we derive a linear reparameterization of the camera parameters that serves as
a preconditioning transform, approximately whitening their sensitivities and reducing cross-parameter
couplings. On a real-world benchmark, the proposed method improves camera-parameter accuracy
and rendering quality while using only 10% of the samples required by a random-sampling baseline.
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1. INTRODUCTION

Neural Radiance Fields (NeRFs) (Mildenhall et al. (2021))
have emerged as a powerful paradigm for high-fidelity 3D
reconstruction and novel-view synthesis from multi-view im-
age collections, enabling photorealistic rendering of complex
objects and large-scale environments. They have been suc-
cessfully applied to tasks such as virtual and augmented
reality rendering (Deng et al. (2022)) and the reconstruction of
outdoor scenes for robotics and autonomous systems (Rudnev
et al. (2022)). A particularly relevant application domain is
advanced particle measurement, where irregular particulate
solids must be reconstructed with high geometric fidelity to
capture fine surface details and to derive accurate size and
shape descriptors. Such morphological information strongly
affects the mechanical and chemical behavior of particulate
solids in downstream processes (Jia et al. (2024)).

The quality of NeRF-based reconstruction depends critically
on the accuracy of the camera parameters governing the pro-
jection from 3D world points to 2D image pixels. In practical
settings, however, camera poses and intrinsics obtained from
Structure from Motion (SfM)-based initialization or external
calibration are often noisy. Jointly optimizing the camera
parameters together with the radiance field is therefore a
principled and essential strategy to address this issue.

State of the Art A broad range of methods jointly refine
camera parameters and the NeRF scene representation by
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to promote the Industrial Collective Research and Development (IGF)
by the Federal Ministry of Economic Affairs and Climate Action on the
basis of a decision of the German Bundestag.

Fig. 1. The proposed deterministic samples (red stars) are
shown in the (unnormalized) camera field of view.

exploiting NeRF’s differentiable rendering, which enables both
to be optimized within a unified framework. However, such
joint optimization is often prone to local minima because
errors in camera poses and the radiance field are strongly
coupled. BARF (Lin et al. (2021)) addresses this issue with a
coarse-to-fine schedule that initially deactivates high-frequency
positional encodings, smoothing pose gradients and reducing
early convergence to high-frequency local minima. GARF
(Chng et al. (2022)) follows a similar principle but removes
positional encoding entirely, instead relying on Gaussian activa-
tions to provide more stable convergence. GNeRF (Meng et al.
(2021)) explores a different strategy by combining NeRF with
Generative Adversarial Networks (GANs). A coarse radiance
field and approximate camera poses are first optimized adver-
sarially and subsequently refined. In contrast, SCNeRF (Jeong
et al. (2021)) is among the earliest frameworks for full camera-
parameter refinement, jointly estimating both intrinsic and
extrinsic parameters via a dedicated self-calibration module.



A closely related method is CamP Park et al. (2023), which is
among the first to explicitly analyze how parameter coupling
and unequal sensitivities influence the camera projection func-
tion. It shows that even small perturbations in certain camera
parameters can induce large changes in image coordinates,
leading to ill-conditioned optimization.

Contributions In this work, we consider learning NeRF
representations for high-fidelity novel-view synthesis of objects
and large-scale environments from multi-view imagery. In
particular, we focus on the joint optimization of the full
set of initially inaccurate camera parameters, including both
intrinsics and extrinsics.

Building on the Jacobian-based sensitivity analysis of the
camera projection function proposed in Park et al. (2023),
we show that the choice of 3D points used to evaluate the
projection Jacobian is critical for improving the conditioning
of the joint optimization. To address this issue, we introduce
a deterministic sampling framework that constructs a low-
dispersion proxy point set within a normalized camera view
frustum. Compared with random sampling, the proposed
scheme provides more homogeneous coverage with substan-
tially fewer points, yields reproducible sensitivity estimates,
and applies to a broad class of normalized frusta with separable
polar or spherical parameterizations.

We further evaluate the proposed framework on a real-world
benchmark with synthetically perturbed initial camera param-
eters. The results show that, compared with random-sampling
baselines, the proposed method achieves lower volumetric dis-
persion and, when integrated into a NeRF training pipeline, im-
proves both rendering quality and camera-parameter accuracy
while using only 10% of the samples required by the baseline.

2. PROBLEM FORMULATION

Models NeRF represents, for each camera, a light ray as
r(t) = o+t d, which originates from the camera center o and ex-
tends in direction d into the scene, where t denotes the distance
along the ray. A radiance field fΘ : (x, d) 7→ (τ, c), parameter-
ized by the scene representation parameters Θ, predicts for any
spatial location x and viewing direction d the corresponding
volume density τ and emitted color c. A universal photometric
squared error loss is formulated by comparing the rendered
color ĉ(r) along each ray with its ground-truth color cGT(r)

L =
∑

r∈R

∥∥ĉ(r)− cGT(r)
∥∥2
2
, (1)

whereR is the set of rays across all training images. Minimizing
this loss iteratively updates the scene parameters Θ.

Image Formation and Camera Parameterization In general,
camera parameters define how a camera maps the 3D world
onto a 2D image. Various parameterizations can be employed
to model this image formation. Section 4 details the parameter-
ization used in this work. A common mapping method from a
3D world point Wp to its 2D pixel coordinates Iu is described

by a projection function ΠΦ(·): R3 → R2 parameterized by Φ

(ũ, ṽ, w̃)⊤ = K3×3 [R | t ]3×4

(
Wp , 1

)⊤
4×1

,

Iu = ΠΦ

(
Wp

)
= (ũ/w̃ , ṽ/w̃)⊤ . (2)

Here, (ũ, ṽ, w̃)⊤ denotes the homogeneous image coordinates
of the projection of the world point Wp, where the tildes

indicate quantities expressed in homogeneous coordinates and
the last component w̃ ≠ 0 serves as the projective scale factor.
The projection function ΠΦ(·) maps a world point Wp to its Eu-

clidean pixel coordinates Iu by normalizing the first two com-
ponents with w̃, i.e., Iu = (ũ/w̃ , ṽ/w̃)⊤. Φ comprises both the
extrinsic and intrinsic parameters. Extrinsics describe the cam-
era’s orientation R ∈ R3×3 and position t ∈ R3 in the world
frame. Compared to extrinsics, intrinsicsK ∈ R3×3 are unique
and inherent to a given camera. They include focal lengths,
principal point offsets, and skew or distortion parameters.

Joint Optimization Challenges In practice, the camera pa-
rameters estimated by SfM or external calibration are often
noisy, leading to suboptimal photometric supervision. To
enhance camera parameter quality, many works adopt joint
optimization frameworks (Lin et al. (2021); Bian et al. (2023)),
where the photometric loss (1) is backpropagated to both the
scene representation Θ and the camera parameters Φ. We
follow this paradigm and treat Φ as trainable, updating it
jointly with the radiance field via (stochastic) gradient descent
with learning rate η:

Φk+1 = Φk +∆Φ , ∆Φ = −η∇ΦL , k = 0, 1, 2, . . . , (3)

where ∇ΦL is the loss gradient with respect to the camera
parameters. Alternative update strategies are also possible.
In Bian et al. (2024), a Multi-Layer Perceptron (MLP) is
learned, whose output directly predicts the residual update
∆Φ between successive camera estimates.

However, jointly optimizing camera parameters remains chal-
lenging because they differ in both physical units and numerical
scales. A perturbation of the same magnitude applied to each
parameter can produce vastly different effects on the 2D
projection function (Park et al., 2023, p. 4). For instance,
a one-meter translation of the camera center can shift the
projected pixel locations by hundreds of pixels, whereas a
one-pixel change in focal length affects them only marginally.
As these parameters exhibit highly different sensitivities to the
projection function, the corresponding gradients differ signifi-
cantly in magnitude during backpropagation, resulting in an ill-
conditioned optimization problem. Thus, training may become
unstable or converge slowly, which even advanced optimizers,
e.g. Adam (Kingma et al. (2015)), can only partially mitigate.

Quantitative Sensitivity Analysis A common way to charac-
terize the sensitivity of a function to its parameters is to ana-
lyze its Jacobian matrix. Given a set of 3D points P = {p

i
}Li=1,

we define a stacked projection function ΠP(Φ): RK → R2L,
which concatenates the 2D projections of all L points under
the K camera parameters Φ = [ϕ1, . . . , ϕK]⊤. The Jacobian

JΠ(Φ; P) =
∂ΠP(Φ)

∂Φ
∈ R2L×K (4)

quantifies how perturbations in each parameter ϕi affect the
stacked 2D projections. From this Jacobian, we construct the
sensitivity Gram matrix (Lanckriet et al. (2004)) as

ΣΠ := J⊤Π JΠ ∈ RK×K . (5)

The diagonal entries ofΣΠ capture the total squared sensitivity
of the stacked projections with respect to each parameter,
whereas the off-diagonal terms quantify pairwise parameter
couplings through the inner products of the corresponding
sensitivity vectors. Hence, ΣΠ serves as an information matrix
that characterizes the joint influence of the camera parameters



Fig. 2. Illustration of the deterministic low-discrepancy
Frolov–Fibonacci lattice in [0,1]3 (left) and its orthogonal
inverse transformation onto the unit sphere (right),
yielding a uniform coverage of the spherical volume.

on the projection function. It also provides a practical indicator
of the conditioning of the joint optimization problem.

Considered Problem The effectiveness of the above sensitivity
analysis depends strongly on the choice of the 3D proxy points
P used to evaluate JΠ and the resulting Gram matrix ΣΠ.
In Park et al. (2023), these points are sampled randomly
within the entire view frustum. However, random sampling
provides no guarantees of uniform angular or depth coverage,
often over-represents distant regions, and may lead to spatial
clustering. Consequently, the estimated parameter sensitivities
and couplings can be unstable, non-reproducible, and reliant
on a large number of samples.

To address these limitations, we propose a deterministic sam-
pling strategy that distributes a smaller number of proxy points
across the view frustum more evenly. The resulting compact
and structured point set enables stable and reproducible
estimation of ΣΠ. Based on this Jacobian-induced metric,
we perform targeted parameter updates that balance gradient
magnitudes and reduce undesirable parameter couplings,
thereby improving the conditioning and stability of the joint
optimization process.

3. KEY IDEA AND GROUNDWORK

We briefly review the mathematical preliminaries and notation
relevant to this work, following Frisch et al. (2025). For a
separable Probability Density Function (PDF) f , a separable
inverse transform Q converts a set of uniform low-discrepancy

pointsPu
L to deterministic low-dispersion samplesPf

L = Q(Pu
L)

following f , thereby enabling efficient deterministic sampling in
spherical-coordinate domains. In the three-dimensional setting,
we generate the point set Pu

L by means of a Frolov-Fibonacci
lattice, a widely used deterministic sampling scheme for three-
dimensional applications Frisch et al. (2021, 2023). Its construc-
tion in the unit cube for a prescribed number of sample points
is described in (Frisch et al., 2025, Sec. III.B, p. 2). Fig. 2 (left)
illustrates a deterministic low-discrepancy point set, consisting
of 300 samples uniformly distributed in the unit cube [0,1]3.

Orthogonal Inverse Transforms Given a PDF f(x) on R3

that is separable in spherical coordinates, i.e., f(r, θ, φ) =
fr(r)fθ(θ)fφ(φ), r ∈ [0,1], θ ∈ [0, π], φ ∈ [0,2π), with the cor-
responding volume element dV = r2 sin(θ)dr dθ dφ, the Cu-
mulative Distribution Functions (CDFs) can be expressed as

F(r, θ, φ) =

∫∫∫
f(r, θ, φ) dV = Fr(r)Fθ(θ)Fφ(φ),

Fr(r) =

∫ r

r′=0

fr(r
′) (r′)2 dr′,

Fθ(θ) =

∫ θ

θ′=0

fθ(θ
′) sin(θ′) dθ′,

Fφ(φ) =

∫ φ

φ′=0

fφ(φ
′) dφ′. (6)

For notational clarity, let u = (u1, u2, u3)
⊤ denote the vector

of normalized inputs within [0,1]3. The corresponding 1D
inverse transform functions are then defined as

Qr(u1) = F−1
r (u1) ,

Qθ(u2) = F−1
θ (u2) , (7)

Qφ(u3) = F−1
φ (u3) .

Applying the component-wise inverse transforms to a de-
terministic low-discrepancy input point set produces sam-
ples distributed according to f (expressed in spherical co-
ordinates). This mapping proceeds as follows. Let Pu

L =
{pu

i
= (pui,1, p

u
i,2, p

u
i,3)}Li=1 ⊂ [0,1]3 denote the deterministic

low–discrepancy uniform samples, and let the resulting trans-

formed samples be Pf
L = {pf

i
= (pfi,1, p

f
i,2, p

f
i,3)}Li=1, which

are distributed according to f. For each i, we first apply the
component-wise inverse transforms

[ri, θi, φi] =
[
Qr(p

u
i,1), Qθ(p

u
i,2), Qφ(p

u
i,3)

]
, (8)

and then convert to Cartesian coordinates

pf
i
= (pfi,1, p

f
i,2, p

f
i,3)

=
(
ri sin(θi) cos(φi), ri sin(θi) sin(φi), ri cos(θi)

)
. (9)

Deterministic Uniform Sampling within the Unit Ball As a
practical example of the transformation framework introduced
above, consider the task of generating deterministic samples
that are uniformly distributed within a unit solid sphere
B3 = {x ∈ R3 | ∥x∥2 ≤ 1}. Uniformity is understood here with
respect to the fact that each volume element dV is assigned an
equal probability mass. In spherical coordinates (r, θ, φ), the
joint density f(r, θ, φ) associated with a uniform distribution
over B3 is proportional to r2 sin(θ). Fig. 2 (right) shows the
transformed Cartesian samples, uniformly covering B3.

4. METHOD DERIVATION

In this section, we build upon the deterministic sampling
framework and adapt it to a specialized camera view frustum,
thereby enabling its application to large-scale and unbounded
scenes. We also introduce a camera reparameterization model
and derive a preconditioning matrix that decouples and
normalizes camera parameters, improving the conditioning of
the joint NeRF–camera optimization problem.

Normalized Camera View Frustum A fundamental concept
in 3D scene representation is the camera view frustum,
which defines the region visible to the camera and projected
onto the image plane. In large-scale or unbounded scenes,
however, a Euclidean frustum is inefficient for NeRF-based
representations. Due to perspective projection, distant regions
occupy only small image areas while corresponding to large
spatial volumes. As a result, NeRF must sample many points
along each ray to represent these regions adequately, increasing
computational cost and training time.



To address this issue, Barron et al. (2022) introduced a nor-
malized camera view frustum that places points proportionally
to disparity, i.e., the inverse of distance. Each Euclidean point
x ∈ R3, defined relative to the camera’s optical center as
the origin, is mapped to a compact domain via the following
transformation

normalization(x) =

{
x , ∥x∥2 ≤ 1 ,(
2− 1

∥x∥2

)
x

∥x∥2 , ∥x∥2 > 1 .
(10)

This mapping is the identity for ∥x∥2 ≤ 1, thereby preserving
the local geometry near the camera, and smoothly compresses
all points with ∥x∥2 > 1 into a bounded ball. Thus, the
originally unbounded Euclidean scene is mapped to a finite-
radius normalized space while preserving the viewing directions
x/∥x∥2. This mapping is bijective and admits a closed-form
inverse, so every normalized point can be mapped back to its
unbounded original Euclidean distance, as shown in Fig. 1.

Deterministic View-Frustum Sampling We aim to generate
deterministic low-dispersion samples that uniformly and homo-
geneously cover the entire normalized view frustum of interest.
These samples can then serve as an effective and representative
proxy for the scene content in the real unnormalized field of
view. We begin with the general case, leaving the specific
parameter bounds unspecified for now. The 1D marginal
CDFs under the spherical coordinate volume measure are

Fr(r) =

∫ r

rmin
(r′)2 dr′∫ rmax

rmin
(r′)2 dr′

=
r3 − r3min

r3max − r3min

,

Fθ(θ) =

∫ θ

θmin
sin(θ′) dθ′∫ θmax

θmin
sin(θ′) dθ′

=
cos(θmin)− cos(θ)

cos(θmin)− cos(θmax)
,

Fφ(φ) =

∫ φ

φmin
dφ′∫ φmax

φmin
dφ′ =

φ− φmin

φmax − φmin
.

(11)

According to (7), the inverse transforms are calculated as

Qr(u1) =
[
r3min + u1(r

3
max − r3min)

]1/3
,

Qθ(u2) =arccos
[
cos(θmin)− u2

(
cos(θmin)− cos(θmax)

)]
,

Qφ(u3) = φmin + u3(φmax − φmin). (12)

The normalized camera view frustum is parameterized by the
image resolution (H, W), the focal length f, and the near
and far spherical radii tnear and tfar. It is bounded by the rays
through the four image corners and their intersections with
the two spherical surfaces, with radial extent r ∈ [tnear, tfar]
and angular extent determined by f and (H, W). Assuming
that the optical axis passes through the image center, the
horizontal and vertical half-angles of view are

αx = arctan(W/2f) , αy = arctan(H/2f) . (13)

These half-angles define the angular limits of the frustum in
spherical coordinates as

θmin = −αy, θmax = αy,

φmin = −αx, φmax = αx. (14)

Adjusting the interval [tnear, tfar] directly controls the spatial
extent of the reconstructed scene. For instance, a point at
a Euclidean distance of 10 m from the camera maps to a
normalized radius of 1.9, while choosing tfar = 1.99 covers
distances of roughly up to 100 m.

We map a locally stored deterministic low-discrepancy
Frolov–Fibonacci lattice through the inverse transform in (12),

Fig. 3. Example illustration of the normalized camera view
frustum (green) and the deterministic samples (red).

yielding low-dispersion samples that uniformly cover the
normalized camera view frustum. An example of the resulting
frustum and its deterministic samples is shown in Fig. 3.

Camera Parameterization As introduced in Section 2, the
camera parameters Φ define the projection from 3D points to
2D pixels. We represent the extrinsics in the se(3) screw-axis
form by a 6D pose vector, following Lin et al. (2021). This se(3)
parameterization enables smooth, physically interpretable pose
updates during optimization (Gallo et al. (2022)). The intrin-
sics consist of the focal length, principal point offsets, skew,
and two radial distortion coefficients. A residual-based scheme
is used for parameter refinement, with updated parameters
Φ′ obtained from Φ and ∆Φ, i.e., Φ′ = Φ+∆Φ.

Preconditioning Building on the above formulation, we use
uniform deterministic sampling within the normalized camera
view frustum to construct a structured proxy point set P∗.
On this basis, we introduce a preconditioning scheme for the
camera parameters that normalizes per-parameter sensitivities
of the projection function and mitigates cross-parameter
correlations. Given the projection ΠΦ(·) and its Jacobian
JΠ(Φ;P∗) using P∗ = {p∗

ℓ
}Lℓ=1, we construct the covariance-

like sensitivity matrix ΣΠ in (5). Large off-diagonal values
indicate strong correlations and hence poor conditioning.

The key idea is to linearly reparameterize the camera param-
eters Φ so that the resulting Gram matrix is (approximately)

whitened, i.e., ΣΠ̂
:= J⊤

Π̂
JΠ̂

!
= I, thereby decorrelating and

normalizing all parameter sensitivities. To this end, we intro-
duce a preconditioning matrix P and define the transformed
parameter vector as Φ̂ = PΦ. We then reparameterize
the projection function by replacing Φ with P−1Φ̂, yielding
Π̂(·) := ΠP−1Φ̂(·) in (2). According to (4), its Jacobian is

JΠ̂(Φ̂; P
∗) =

dΠ̂P∗(Φ)

d Φ̂
=

dΠP∗(P−1Φ̂)

d Φ̂

=
dΠP∗(P−1Φ̂)

dΦ

dΦ

dΦ̂
= JΠP−1 . (15)

Its Gram matrix is

ΣΠ̂
:= J⊤

Π̂
JΠ̂ = P−T J⊤

Π JΠP−1 !
= I . (16)

The corresponding whitening condition can be rewritten as

P−T J⊤
Π JΠP−1P−T = P−T ,

J⊤
Π JΠP−1P−T = I ,

PT P = J⊤
Π JΠ = ΣΠ . (17)

For any real, invertible matrix P we can apply the polar
decomposition and write P = QS, where Q is an orthogonal



matrix with Q⊤Q = I and S is a symmetric positive-definite
matrix. Substituting P = QS into (17) yields

(QS)⊤(QS) = S⊤Q⊤QS = S⊤S = S2 = ΣΠ . (18)

Hence S is the unique symmetric positive-definite matrix

square root of ΣΠ, denoted S = Σ
1/2
Π . Consequently, every

admissible preconditioner P can be written as

P = QS =QΣ
1/2
Π , (19)

with Q an arbitrary orthogonal matrix. This implies that the
whitening condition does not determine a unique P, but in
fact admits infinitely many solutions.

To obtain a unique and practically convenient preconditioner,
we eliminate this rotational ambiguity by adopting the Ma-
halanobis whitening transform Bell et al. (1997) and setting
Q = I. Among the whitening schemes reviewed in Kessy et al.
(2018), this choice corresponds to the transform without any
additional orthogonal rotation in parameter space. Thus, it
introduces no extra mixing of camera parameters beyond what
is strictly required for whitening. Moreover, in the sense of the
expected squared Euclidean distance, the resulting precondi-
tioned parameters remain as close as possible to the original
ones Eldar et al. (2003). Hence, the desired preconditioner is

P = QS = Σ
1/2
Π =

[
J⊤
Π(Φ; P∗)JΠ(Φ; P∗)

]1/2
. (20)

During joint optimization, all gradient updates are carried
out in the whitened parameter space Φ̂. For efficiency, the
preconditioner P is refreshed periodically as the camera
parameters evolve. At each iteration, the current camera
parameters used for rendering are obtained by mapping back
according to Φ = P−1Φ̂.

5. EVALUATION

We evaluate our method on the mip-NeRF 360 dataset from
Barron et al. (2022). The underlying architecture and training
procedure follow the Zip-NeRF framework proposed in Barron
et al. (2023). Training is performed for 50.000 iterations on 2
NVIDIA A100 GPUs. The initial camera parameters for joint
optimization are obtained from an SfM module. To thoroughly
evaluate the robustness of our approach with respect to camera
pose errors, we follow the setup of prior work (see CamP Park
et al. (2023)), and introduce synthetic perturbations to these
SfM-estimated parameters before training.

Sampling Uniformity and Dispersion Analysis We begin by
comparing and visualizing our deterministic sampling strategy
and the random sampling method proposed in Park et al.
(2023) within the same normalized camera view frustum.
The objective is to assess whether the two strategies provide
homogeneous coverage of the 3D scene, that is, whether all re-
gions are sampled sufficiently uniformly. This property directly
influences the subsequent computation of the preconditioning
matrix. Fig. 4 visually compares the two sampling strategies,
where the ground-truth camera parameters of the room scene
are used to illustrate the normalized view frustum.

Furthermore, we quantitatively compare the two sampling
strategies using the dispersion metric. Dispersion, originally
defined for a point set within the d-dimensional unit cube [0,1]d

(Hinrichs et al. (2020)), measures the volume of the largest
axis-aligned empty region and serves as an effective indicator
of spatial homogeneity. Using the camera intrinsics and image
resolutions provided in the datasets, we compute the radius

(a) Deterministic sampling (b) Random sampling

Fig. 4. Comparison of (a) deterministic and (b) random
sampling within the normalized camera view frustum,
each using 500 samples (red stars).

Table 1. Dispersion radii across different sample
counts, with the left and right entries correspond-
ing to deterministic and random sampling, respec-
tively. Lower dispersion values are underlined.

Type Scenes
Number of Samples

100 500 5000

In
d
o
o
r

Room 0.19 / 0.32 0.11 / 0.22 0.05 / 0.12

Bonsai 0.19 / 0.27 0.11 / 0.20 0.05 / 0.11

Counter 0.19 / 0.25 0.11 / 0.19 0.05 / 0.11

Kitchen 0.19 / 0.26 0.11 / 0.20 0.05 / 0.09

O
u
td
o
o
r Flowers 0.22 / 0.31 0.13 / 0.22 0.06 / 0.12

Bicycle 0.21 / 0.38 0.12 / 0.22 0.06 / 0.11

Garden 0.23 / 0.33 0.14 / 0.25 0.05 / 0.09

Stump 0.21 / 0.28 0.13 / 0.22 0.06 / 0.11

Table 2. Time and space complexity of the two
strategies for sampling L points.

Method Time Compl. Space Compl.

Random O(L) O(L)

Deterministic O(L) O(L)

of the largest empty sphere within the frustum that contains
no sample points. The resulting dispersion radii are reported
in Table 1. Across all scenes and sample sizes, our S2CamP
consistently achieves more uniform and homogeneous coverage
of the normalized frustum for a fixed number of samples. To
complement the dispersion analysis, Table 2 summarizes the
time and space complexity of the two sampling strategies with
respect to the number of proxy points L. Both methods scale
linearly in time and memory. In the proposed deterministic
pipeline, the precomputed lattice and periodic preconditioner
updates keep overhead low while improving spatial coverage
for the same sample budget.

Rendering Quality Comparison We evaluate our method us-
ing both camera-parameter accuracy and novel-view synthesis
quality. For extrinsics, we report rotation and translation errors
relative to the ground-truth poses, measured as the angular
difference in orientation (radians) and the Euclidean distance
between camera centers (meters), respectively. For intrinsics,
we report the absolute focal-length error in pixels. Rendering
quality is assessed using three standard metrics: Peak Signal-to-
Noise Ratio (PSNR), Structural Similarity Index (SSIM), and
Learned Perceptual Image Patch Similarity (LPIPS). Higher
PSNR and SSIM, and lower LPIPS, indicate better quality.



Table 3. Quantitative rendering quality
comparison, with the left and right values
corresponding to deterministic and random
sampling, respectively. For comparison, the better

score is underlined for each metric.

Type Scenes
Image Quality Metrics

PSNR ↑ SSIM ↑ LPIPS ↓

Indoor
Room 29.09 / 28.38 0.86 / 0.84 0.23 / 0.24

Bonsai 28.23 / 28.19 0.87 / 0.88 0.21 / 0.21

Outdoor
Garden 23.23 / 23.12 0.65 / 0.64 0.27 / 0.28

Stump 23.10 / 23.35 0.63 / 0.63 0.34 / 0.31

Fig. 5. Training evolution of focal-length, orientation,
and position errors for the random-sampling-based
CamP-baseline and the proposed deterministic method.

For comparison, we adopt CamP (Park et al. (2023)) as the
primary baseline. Following its original setup, the projection Ja-
cobian is evaluated using 5000 random samples within the nor-
malized view frustum. To ensure a fair comparison, we repeat
the random-sampling baseline five times with different random
seeds and report the averaged results. In contrast, our S2CamP
evaluates the same Jacobian using only 500 deterministic sam-
ples, i.e., only 10% of the baseline’s budget. The quantitative
rendering results are summarized in Table 3. Across all four
scenes, S2CamP achieves performance comparable to the base-
line. In addition, Fig. 5 shows the evolution of the focal-length,
orientation, and position errors for the room scene during
training. The red and green curves correspond to the CamP-
baseline and the proposed S2CamP, respectively. Whereas
both methods exhibit similar convergence in orientation error,
S2CamP reaches lower focal-length and position errors earlier
and attains better final values, indicating a more stable and
data-efficient joint optimization of camera parameters.

6. CONCLUSION

We presented S2CamP, a deterministic sampling-based pre-
conditioning framework for the joint optimization of camera
parameters and NeRF representations. Using Frolov–Fibonacci
lattices and separable inverse transforms in spherical coordi-
nates, S2CamP constructs low-dispersion proxy points that
uniformly cover the normalized camera view frustum, enabling
stable and reproducible estimation of the projection Jacobian
and its sensitivity Gram matrix. Based on this matrix, we
derive a linear reparameterization that approximately whitens
camera-parameter sensitivities and alleviates cross-parameter
couplings. Experiments demonstrate that S2CamP improves
or matches the rendering quality of a strong random-sampling
baseline with only 10% of the sample budget, while also
producing more accurate camera parameter estimates. Beyond

NeRF, the versatility of the proposed framework makes it
directly applicable to a wide variety of 3D reconstruction
pipelines, including methods such as 3D Gaussian Splatting.
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