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ABSTRACT

Recent advances in implicit surface reconstruction have significantly improved 3D
reconstruction techniques. However, challenges persist, particularly when dealing
with sparse and noisy poses. Traditional methods attempted to address these chal-
lenges through photometric and geometric consistency, but they often struggled as
camera baselines increased. This difficulty arises due to incorrect guidance caused
by occlusions during the learning of neural implicit representation. To overcome
this issue, we propose an approach that incorporates uncertainty-aware guidance
for multi-view consistency, allowing for better adaptation to scenarios with sparse
and noisy inputs. Additionally, to facilitate the learning of surface geometry in
a challenging setup, we propose a geometric smoothing termed progressive SDF
loss. Through empirical studies on occlusion handling and geometric smoothing,
our method achieved state-of-the-art performance, significantly enhancing both
the refinement of noisy camera poses and surface reconstruction quality. This
advancement strengthens the robustness and flexibility of implicit surface recon-
struction in challenging conditions, paving the way for more effective applications
in computer vision and 3D scene understanding.

1 INTRODUCTION

In 3D surface reconstruction, implicit surface representations based on neural radiance
fields (Mildenhall et al.l [2021) and signed distance functions (SDF) have delivered impressive re-
sults (Yariv et al.}[2020; Wang et al.,[2021a}|Yariv et al.,2021)). By leveraging the inherent properties
of SDF to implicitly define surfaces, these methods exhibit remarkable versatility in handling chal-
lenges such as detailed surface reconstruction and complex surface topologies. As a result, they
have excelled in producing accurate geometries from multi-view images, gaining widespread suc-
cess in 3D surface reconstruction applications (Takikawa et al.l 2021; |Li et al., [2023; [Zhu et al.,
2024; Raj et al.| 2025)). However, relying on a large number of images and highly accurate camera
poses remains a significant limitation. SCNeuS (Huang et al.| [2024c)) has further advanced neural
surface reconstruction techniques by focusing on the challenging cases of sparse and noisy camera
poses. By proposing a differentiable on-surface intersection for fast sampling and incorporating it
into view-consistency loss, SCNeuS significantly enhances the potential of implicit surface meth-
ods in complex scenario. However, this approach lacks occlusion handling for view-consistency,
resulting in decreased effectiveness with large camera baselines.

We propose an approach for refining camera poses in sparse-view settings that incorporates occlu-
sion handling. Although previous methods use generalization (Long et al.,|2022; Ren et al.,|2023;/Na
et al.||2024), information gain regularization (Kim et al.,[2022)), or correspondence matching (Truong
et al., 2023)), we empirically found that a patch-wise photometric consistency loss (Darmon et al.,
2022)) effectively refines camera poses. To further improve performance in large baseline settings,
we introduce an occlusion-handling approach that calculates uncertainty based on the discrepancy
of back-projected 3D coordinates from warped 2D pairs and a simple geometric consistency loss to
enhance geometric understanding. Additionally, we propose a progressive SDF loss, which helps
build the surface prior and allows the model to construct surfaces even with sparse and noisy poses.

In this paper, we demonstrate that the proposed methods achieve remarkable performance in 3D
surface reconstruction under challenging conditions. This is accomplished by effectively handling
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Figure 1: For a small camera baseline, (a) SCNeuS (Huang et al., [2024c), (b) NeuS (Wang et al.,
2021a) + SPARF (Truong et al.,2023)), and (c) our method successfully reconstruct surfaces for (d)
the target view. However, as the baseline increases, the performance of (a) and (b) dramatically
decreases due to limited information gathering in sparse views. In contrast, our method maintains
strong performance by leveraging uncertainty-aware consistency and geometric smoothing.

occlusion to improve view-consistency losses and introducing a progressive SDF (pSDF) loss to
learning geometry stably with a coarse-to-fine manner.

Our contributions can be summarized as follows:

o Address the challenges of implicit surface reconstruction with large camera baselines.

e Introduce a method to enhance the camera pose refinement and geometric understanding
by simply incorporating geometry-based uncertainty.

e Propose a method for building surfaces in harsh conditions with a progressive SDF loss.

e Achieve remarkable performance in surface reconstruction, under challenging conditions.

2 RELATED WORKS

Surface reconstruction has been a long-standing research area in computer vision, aiming to cre-
ate a continuous 3D surface from discrete 3D data such as point clouds (Bernardini et al., [1999;
Lorensen & Cline, [1998]; [Kazhdan et al.l 2006} Kazhdan & Hoppe| [2013). Classical approaches,
including a ball-pivoting algorithm (Bernardini et al.,|1999), Poisson surface reconstruction (Kazh-
dan et al.|[2006; |Kazhdan & Hoppe, 2013), and marching cubes (Lorensen & Clinel [1998) achieved
significant success in reconstructing surfaces from point clouds, particularly impacting fields such
as 3D modeling and environmental scanning. More recently, NeRF (Mildenhall et al. 2021)) was
introduced for novel view synthesis. Building on powerful characteristics of NeRF, NeuS (Wang
et al., |2021a) and VoISDF (Yariv et al., |2021) enabled implicit surface reconstruction by bridg-
ing the gap between a density representation of NeRF and SDF. To further enhance performance,
NeuralWarp (Darmon et al., |2022) and GeoNeuS (Fu et al., [2022) incorporated a traditional view-
consistency technique, NCC loss (Schonberger et al., [2016; |Xu & Taol 2019). An alternative di-
rection is leveraging dense priors, such as depth maps, as seen in MonoSDF (Yu et al.l [2022) and
Sparis (Wu et al., |2025).

NeRF with sparse and noisy input views has faced a challenge to achieve reliable results. Since
NeRF requires numerous input images with accurate camera poses, there are two primary limita-
tions, (i) the need for a large amount of data and (ii) the requirement for accurate camera poses.
To solve (i), IBRNet (Wang et al., |2021b) and MVSNet (Chen et al.l [2021) proposed a generaliz-
able novel view synthesis by extracting features from given images. RegNeRF (Niemeyer et al.,
2022) and InfoNeRF (Kim et al., [2022)) applied regularization and alternative methods to collect
geometric information from sparse views for novel view synthesis. For implicit surface reconstruc-
tion, SparseNeuS (Long et al.,[2022), VolRecon (Ren et al.l|2023)) and UFORecon (Na et al., [2024)
also used generalizability handling approaches, while S-volsdf (Wu et al., |2023) introduced soft
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consistency, NeuSurf (Huang et al, [2024b) employed geometric fields for global alignment and
feature consistency for local geometry, and Spurfies (Raj et al., 2025) disentangled geometry and
appearance, incorporating additional geometric guidance from a pretrained network for joint SDF
and appearance reconstruction in sparse views. For the second limitation, dealing with NeRF with
noisy views, BARF (Lin et al.l 2021) and NeRF-- (Wang et al., [2021c)) jointly update the model
parameters and camera poses using a photometric loss. SiNeRF (Xia et al.,|2022) and GARF (Chng
et al., 2022)) demonstrated that activation functions help refine noisy poses, while SCNeRF (Jeong
et al., 2021) introduced joint optimization of both extrinsic and intrinsic camera parameters. More
recently, SPARF (Truong et al, [2023) addressed both limitations of NeRF by leveraging match-
ing correspondences and augmented view geometric consistency. SCNeuS (Huang et al.| [2024c)
demonstrated surface reconstruction with sparse and noisy poses by incorporating patch-wise NCC
loss and on-surface sampling. However, we found that SCNeusS struggles with large camera motion
under noisy poses due to occlusions.

To overcome the limitations, we present an occlusion-handling for photometric and geometric con-
sistency to refine camera pose, as well as a surface smoothing algorithm to construct reliable geom-
etry with inaccurate camera poses.

3 METHOD

3.1 PRELIMINARY

NeRF (Mildenhall et al, |2021) was the first method to leverage multi-layer perceptrons (MLPs) to
jointly encode both appearance and scene geometry. Given a ray 7(o,d) € R, where o € R? is the
camera origin and d € R? is the viewing direction, NeRF samples query points {P; = o + t;d|i =
1,...,n,t; < t;+1}. For the query points and the viewing direction, MLPs predict both a color ¢;
and a density o: [c; 0] = MLP(P;, d). The predicted values are used to render the color C,. of the
ray r via differentiable volumetric rendering:

N
C, = ZTiaici where «; = 1—exp(—0;9;), (D
i=1

where Tj is the transmittance defined as 7; = exp (—E;;llaj §;), and §; = t;41 — t; denotes the

distance between adjacent sampled query points.

NeuS (Wang et al.| 20214a) extends the NeRF framework by incorporating a signed distance function
s(+) to represent the scene geometry, where the surface S is implicitly defined as the zero-level set
of the SDF, i.e., S = {P € R3 | s(P) = 0}. Instead of using density o, Neu$ learns an SDF s(P;)
and computes the opaque p(i) at point P; as:

_ ddg s i
p(i) = max (@it(s((lf)))) : 0) ) )

where ®, is a sigmoid function. This can derive the opacity «; as 1 — exp(— f;i“ p(t)dt), and can

render the color by using Eq.|l|as the definition of transmittance 7} as H;;ll (1 — ;). Furthermore,
NeusS derives the surface normal n(P), which can be represented as a gradient of the SDF value
with respect to P, as shown:
0s(P)
P)= .
"(®)="9p

The patch-wise NCC loss (Furukawa & Poncel [2009; |Darmon et al.,|2022) is introduced to enforce
photometric consistency across views by comparing patches of images in multi-view stereo. The
loss computes the normalized cross-correlation (NCC) loss for patches s; C I; and s;, C I, for the
target frame I; and source frame I, as its equation is:

Cov(Iy(s;), Is(sk))

anc(sj’sk) = ‘/ar,«([t(Sj))‘/va’f“([s(S}’c))7 v

3)

where C'ov and Var denote the covariance and variance of the patches, respectively.
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Figure 2: Our method optimizes a neural implicit representation with sparse, noisy camera poses
by leveraging SDF properties. The model renders color and density from input views, using photo-
metric loss (Sec. [3.I), matching correspondence loss (Sec. [3.5) and consistency losses (Sec. [3.3)
for occlusion handling. The SDF values are used for the Eikonal loss and progressive SDF loss to
construct implicit surfaces (Sec. @

3.2 OVERVIEW

Given an image set Z = {ly, I1, ..., I, }, we extract correspondences using PDCNet
and sample rays and points with sparse and noisy cameras. The sampled points are pro-
cessed by MLPs f and g to generate color ¢ and SDF value s via differentiable rendering. The
rendered values are used to compute uncertainty and losses, including a rendering loss, uncertainty-
aware photometric and geometric consistency losses, and a surface loss that is composed of the
Eikonal loss and the pSDF loss, which smooths complex geometry for easier optimization. Follow-
ing BARF 2021), a coarse-to-fine positional encoding is applied to aid stable training.
The overall pipeline is shown in Fig. 2]

3.3 OCCLUSION HANDLING

We employ a simple, yet effective approach by
enforcing geometric constraints that simultane-
ously refine camera poses and build implicit sur-
faces. As illustrated in Fig. 3] the uncertainty
caused by occlusion is indicated by red (high) or
blue (low). We compute the uncertainty u € RZ,
where B is a batch size, by representing it as a
normalized distance between 3D points that are

Caml Cam2

V o Targ s back-projected from 2D correspondences within
P> : Warped point r to cam1
Targe a batch B:

<—> High uncertainty

<= Low uncertainty Cam @3¢ : Warped point r to cam2

Up,q = N(Dp q), )

where N(:) denotes the min-max scaling func-
tion, and D € D where D represents the set of
squared Euclidean distances between the back-
projected points. The points are derived from
the 2D correspondences p and q from the tar-
get and reference frames, I; and I, respec-
tively. The set of distances is defined as: D =
{I== (P, 2p, P:) — 7~ 1(q, 24, P5)|3 | (p,q) C B}. The inverse projection function 7=1(-, z, P)
uses the per-pixel depth z = Z?Zl T}o;t; and the camera projection matrix P. To enhance perfor-
mance in wide-baseline scenarios, we introduce an uncertainty-aware patch-wise NCC loss and an
uncertainty-aware geometric consistency loss.

Figure 3: Uncertainty: As baselines of input
views increase, uncertainty for warped patches
q and r from p increases due to occlusions. The
red line indicates high uncertainty caused by oc-
clusions, while the blue line represents low un-
certainty, corresponding to high accuracy and
non-occluded regions.
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Uncertainty aware patch-wise NCC loss

SCNeuS (Huang et al., |2024c) used a straight-
forward approach to adapt the NCC loss for the
pose refinement, however, it is less effective in
scenarios with large baselines due to occlusions.
As shown in Fig. 3] occlusions induce high un-
certainty, which makes learning challenging, es-
pecially with wide baselines. To address this is-
sue, we incorporate the uncertainty value into the
NCC loss simply as follows:

B
1
Lu,ncc = E Z(P)’u © anc)7 (6)

where the v, denotes a weighting factor for each

Photometric consistency

Figure 4: For photometric consistency, we ap-
plied a patch-wise NCC loss, using patch s; in
image I; and its warped patch s; in image I;
from I;. A 3D distance between rendered points
along each ray, P and Q, are enforcing geomet-
ric constraints between the two 3D points.

patchas vy, =1 —u.
Uncertainty aware geometry consistency

Truong et al.|(2023); Kim et al.[(2022) rely on augmented views for auxiliary geometry supervision,
which increases training time by additional rendering processes. Instead, we establish strong and
effective geometric consistency between warped points by leveraging the precomputed uncertainty:

1 B

Fig.[]visualizes the occlusion-aware NCC loss and geometric consistency. This simplified approach
improves model parameter updates efficiently.

3.4 IMPLICIT SURFACE SMOOTHING

Lack of information from the sparse input views com-
} plicates building an accurate surface due to errors from

imperfectly optimized camera poses. To mitigate this dif-
ficulty, we introduce a progressive SDF loss. A similar
method is introduced in iSDF (Ortiz et al.| [2022)), which
uses batched sensor-based points to set SDF values as dis-
tances to the nearest sensor data, reducing noise and fill-
ing gaps. Instead of high-reliability sensor data, we lever-
age initial coarse geometry, optimized in early training, to
sample on-surface points. The formulation is as follows:

Lsgp = (d' = 5(P)) - 1jqp)—aj<b> )]

where d = d — d(P), 1 is an indicator function, d is
the rendered depth value of a ray, d(P) is the distance to
P ¢ R? from the origin of the ray o, and the b is trunca-
tion region, which determines the affected regions by the
SDF loss. An overview of the implicit surface smooth-
ing is illustrated in Fig. E} Let points P;_1, P, and P;
be on the sampled ray from an optimizing camera. P,
Qo and Ry are on the initial surface S;. In this case, the
true SDF value for P;_; is P;_; Qq. However, by enforc-
ing the SDF value as P;_,P; following Eq. @ a conflict
arises with the initial coarse surface S;. By enforcing this
conflict, the point Qg shifts to Q, and, conversely, Ry moves to R, creating a smoother surface
Ss. Intuitively, by forcing the SDF value of a sampled point as the distance between the point and
the intersection of the ray and surface, true SDF value is repelled at concave surfaces and attracted
at convex surfaces. However, applying SDF loss in the early training stage - before building the
initial coarse geometry - can over-smooth surfaces and result into creating flat plane. To prevent
this phenomenon, we apply our methods after initializing coarse geometry, specifically when the

Initial Coarse Surface

S;

——p Surface smoothing direction
S

Smoothed Surface

O Pii1

Figure 5: Implicit surface smoothing:
Assume the closest point of P;_; to the
initial surface S; is Qp. By enforcing
the SDF value as the distance between
point P;_; and P;, the point Q is re-
pelled to Q;. Conversely, the point R
is attracted to R ;.
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high-frequency component of coarse-to-fine positional encoding becomes active. We then progres-
sively shrink the truncation regions b during optimization. Thus, the progressive SDF (pSDF) loss
is defined as:

Lyspr = h(k,b(k))Lsqr, if |d(P)—d| <b, 9

where the h(k, b(k)) is a function to set a smoothing area, depending on the training iteration & and
the threshold value b(k), which determines how many points are affected by Eq.[8] Details about
the function A(-) are provided in the Appendix

3.5 OPTIMIZATION

To optimize our model, we utilize three types of losses: rendering loss, uncertainty-aware consis-
tency losses, and surface reconstruction loss.

Rendering loss enforces the rendered color C,. to match the ground truth color C, for ray r using a
MSE loss. There is also a loss Lj;.¢. for matching correspondences with a hyperparameter A ;...

Lo =Y |G =Crlla+ Ao Lavc.s where Lise.(p,a) = D [p—m(r'(a, 2q, Ps), P2
reR (p.a)eB
(10)
where 7 (-, P) is a projection matrix with given camera matrix P.

Uncertainty-aware consistency loss consists of two components, photometric loss and geometric
loss which are introduced in Eq. [6|and Eq.|7| with weighting hyperparameter \,, 4., defined as:

Lu = Lu,ncc + )\u,chu,gc- (11)

Surface reconstruction loss comprises the Eikonal loss (Gropp et al., [2020) and our pSDF loss
Lgeo = Lgir + M\psprLpspr, where L, = Zpev(Hn(P)H — 1) regularizes the surfaces,
where V is a set of sampled points on the rays » € R.

Therefore, the total loss function L = Lo + Ay Ly + AgeoLgeo, Where the A, and Age, represents
the weighting parameters for each term.

4 EXPERIMENTS

4.1 IMPLEMENTATION DETAIL

Architecture. For our implementation, we used base architecture of NeuS (Wang et al., 2021a)
and SPARF (Truong et al.| [2023). To refine the camera poses, we hired a same strategy used in
SPAREF (Truong et al.,[2023)). For correspondence matching, PDCNet (Truong et al.,[2021) is used.

Evaluation. To evaluate surface reconstruction and noisy camera pose refinement, we measured
rotation error, translation error, and the Chamfer distance. To measure camera pose errors, we fol-
lowed the evaluation strategy of SPARF. However, to calculate the Chamfer distance, a point cloud
registration algorithm was utilized following Open3D (Zhou et al.| [2018)) due to freely optimized
cameras. The detailed process is introduced in Appendix [B.4] After post-processing, the Chamfer
distance was measured following UniSurf (Oechsle et al.} 2021)) and IDRNet.

Dataset and baselines. We evaluated our method on the DTU dataset (Jensen et al., [2014) and
the BlendedMVS dataset (Yao et al [2020) under sparse and noisy view conditions, following the
setup in SCNeuS. For the DTU dataset, we evaluated narrow-baseline (views 22, 23, and 24) and
wide-baseline (views 22, 25, and 28) scenarios at a resolution of 1200x1600, utilizing 15 scans
that provide 3D scene data, to validate camera pose accuracy and 3D reconstruction quality. For
the BlendedMVS dataset, which lacks ground truth 3D models, we measure solely camera pose
error using randomly selected 3 views at 768x576 resolution. Following BARF (Lin et al., [2021))
and SPARF (Truong et al.| 2023)), we perturb ground truth poses with Gaussian noise N (0,0.15).
For the DTU dataset, we benchmark against BARF, SPARF, BARF + NeuS (Wang et al., [2021al),
SPARF + NeuS, and SCNeuS*E] (Huang et al., [2024c), replacing SuperGlue (Sarlin et al., [2020)

"We re-implemented it and conducted the evaluation since official code is not available.
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Figure 6: Qualitative results on the DTU dataset. We compared A naive adaptation of BARF (Lin
et al., [2021) with NeuS (Wang et al., 2021a) and SPARF (Truong et al., 2023)) with NeuS (Wang
et al.,|2021a), SC-NeuS* (Huang et al.|[2024c) and Ours. Thanks to occlusion handling and implicit
surface smoothing, our method demonstrates superior detail. The last row shows the results of
SparseNeuS (Long et al.,|2022), which is trained with ground truth camera poses.

Table 1: Quantitative comparison on the DTU dataset for rotation and translation error. The
upper table shows the rotation errors for each scan, while the lower table shows the translation errors
for each scan with randomly augmented noisy camera poses. Both tables indicate the initial errors
for each scan at the third row. The best results are in bold.

Rotation(") (1)

SOF scan 24 37 40 55 63 65 69 8 97 105 106 110 114 118 122 | Avg.
il 1893 706 1072 1049 15.76 762 1257 1520 1524 869 11.60 1281 834 1426 1659 | 12.39
BARF (Lin ct al ]2021 352 025 709 1196 043 003 390 427 1850 569 1078 396 789 1160 6.16 | 642
5 SPARF (Truong et al 112023] 003 003 003 003 003 003 003 003 003 003 003 003 003 003 003 | 003
EV BARF (Lin ct al.12021 |  NeuS (Wang ctalJ2021a] | 20.7T 4.16 1022 1237 1199 968 338 1250 1397 1259 1026 1448 073 1297 752 | 10.50
8| v | SPARF (Truong etal |2023] + NeuS (Wang etal |2021a) | 216 028 0.03 012 003 003 003 038 719 003 631 636 0.03 1381 003 | 245
v SCNeuS' (Huang et al | 2024¢| 026 319 003 003 242 019 014 072 010 025 011 027 003 020 009 | 209
v Ours 003 003 003 003 003 003 003 003 003 003 003 003 003 003 003 | 003
SDF Eput 1892 868 1072 1049 1576 762 1257 1261 1372 869 1850 1281 7.66 1426 1880 | 12.34
BARF (Lin et al J2021 1686 649 1135 890 835 759 1333 17.10 1378 1059 2128 1182 O.11 1703 11.57 | 12.34
SPARF (Truong ct al.| 2023] 003 0367 003 003 026 037 003 654 076 003 003 01l 003 013 003 | 058
s BARF (Lin ct al.J2021]  NeuS (Wang ct alJ2021a] | 2044 550 1268 1222 1194 790 1298 1551 1373 940 11.30 1407 1037 1435 1853 | 1273
S| v | SPARF {Truong ctal.| 2023] + NeuS {Wang ctal{2021a] | 337 003 003 003 056 018 003 1292 351 003 775 59 017 1335 003 | 320
v SCNeuS" (Huang et al. | 2024c 003 050 003 003 003 004 008 014 011 026 006 025 004 013 010 | 0.12
v Ours 003 003 003 003 003 003 003 003 003 003 003 003 003 003 003 | 003

T X100) (D)
SOF scan 2% 37 40 55 6365 69 83 97 105 106 110 114 118 122 [ A
1o 2290 3089 1700 2678 1340 2024 1936 1741 1747 1072 2350 2842 16.65 33.26_ 2683 | 21.65
BARF (Lin ct alJ 2021 108 1.57 1392 2656 120 053 1617 1372 2324 1135 1379 1379 1898 3550 2196 | 1489
N SPARF (Truong et al]2023] 026 101 046 034 095 048 016 048 0.5 033 022 084 016 02 0.3 | 04
E v BARF (Lin et al. 12021 + Neus (Wang ctal.J2021al | 2427 1881 18.77 2481 1685 2238 1330 2112 1930 1228 2036 27.50 131 29.61 2387 | 19.63
5| v | SPARF {Truong ctal.| 2023] + NeuS (Wangetal {0021a] | 031 280 025 042 061 047 026 073 033 020 022 043 024 020 011 | 051
v SCNeuS" (Huang et al. | 2024c 038 1153 041 084 244 063 034 011 016 014 012 038 038 022 012 | 1.27
v Ours 009 118 021 023 026 047 034 044 009 032 029 021 035 034 032 | 035
SDF B 5347 2671 2146 3025 49.10 33.72 259 4624 4974 3036 21.74 3906 3406 5024 2130 | 31.07
BARF (Lin et alJ2021 5252 2335 2656 1638 3261 2181 1598 3534 5299 2461 2060 3027 3722 3476 2112 | 31.07
SPARF (Truong ct al.| 2023] 004 009 007 004 023 009 009 257 014 0.5 002 008 002 007 008 | 0.25
Elns BARF (Lin et al.|2021] ¥ NeuS (Wang et al.|2021a] | 5342 23.70 1766 2825 4704 2371 2678 5088 49.11 33.14 3681 3738 3207 5699 23.80 | 36.05
S| v | SPARF {Truong et al. | 2023) + NeuS (Wang et al.42021a] | 1341 098 069 039 244 136 LIS 1302 1037 1037 952 1427 178 1528 0. 637
v SCNeuS" (Huang et al | 2024¢] 097 343 078 033 060 012 021 067 020 085 015 042 013 032 033 | 0.63
v Ours 062 165 029 024 100 048 034 081 018 028 012 028 020 036 033 | 049

with PDCNet (Truong et al.,|2021) for fair comparisons. We also include SparseNeuS (Long et al.,
2022), MonoSDF (Yu et al., 2022)) and Spurfies (Raj et al.l [2025)), trained with ground truth poses.
We skip the results of Spurfies and MonoSDF in qualitative results while the results for SparseNeuS
are provided in both qualitative and quantitative comparisons, as it shows best performance among
them. For the BlendedMVS dataset, we evaluate SPARF + NeuS and SCNeusS.

4.2 RESULTS ON DTU DATASET

Qualitative results in the DTU dataset are shown in Fig. [] BARF struggles to optimize cam-
era poses and build proper 3D reconstructions. SPARF performs better but remains dependent on
correspondence matching, causing failures as shown in scan118 in Fig.[6] SCNeuS achieves strong
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Table 2: Quantitative comparison on the DTU dataset for the Chamfer distance. We report the
evaluation results for the Chamfer distance for each scan of the DTU dataset. The top row shows the
results of SparseNeuS [Long et al.|(2022), which was trained with ground truth camera poses without
noise. The best results are in bold. ’-’ for the Chamfer distance means that the metric could not be
calculated due to absence of any points, resulting from object masking for proper evaluation.

Chamfer Distance (|)

GT cam | 24 37 40

55 63 65 69 83 97 105 106 110 114 118 122 | Avg.

BAREF (Lin et al. 12021} + NeuS (Wang et al.{2021a]
SPARF (Truong et al.}2023] + NeuS (Wang et al.;2021a]
SCNeuS™ (Huang et al.{2024¢]

Ours

6.03
2.11
1.92
1.30

6.11
5.33
592
3.10

5.27
2.18
341
238

‘ narrow

8.69
1.35
2.63
112

7.89
1.72
294
1.62

7.36
119
2.10
1.28

529
1.75
3.90
1.40

6.11
1.87
1.58
1.17

16.88
2.01
221
1.69

5.61
0.78
0.59
0.95

7.51
1.37
238
1.93

0.99
248
111

0.84
2.10
0.81

111
1.86
1.14

4.52
548
115

BAREF (Lin et al. 12021} + NeuS (Wang et al.}2021a]
SPAREF (Truong et al.2023] + NeuS {Wang et al.2021a]
SCNeuS™ (Huang et al.}[2024c]

Ours

7.21
6.12
3.68
2.90

6.64
4.54
4.78
4.26

9.82
3.02
4.15
291

wide

9.22
0.89
0.96
0.84

10.94
4.78
373
3.63

7.31
5.26
5.01
3.51

7.46
1.81
1.72
147

7.65
8.02
2.64
2.86

7.26
292
1.91
131

874
2.92
2.00
1.67

7.95
7.01
1.70
1.98

6.46
6.46
1.67
1.70

7.68
0.93
0.67
0.57

712
6.14
1.91
1.65

7.69
2.57
2.19
1.69

MonoSDF (Yu et al.|2022]
Spurfies (Wu et al.|[2025]
SparseNeuS {Long et al.; 2022,

3.47
1.60
1.29

3.61
3.83
2.27

2.10
220
1.57

ENENEN

1.05
5.19
0.88

2.37
2.92
1.61

1.37
2.57
1.86

1.41
3.46
1.06

1.85
2.86
1.27

1.74
2.80
1.42

1.10
3.82
1.07

1.46
1.50
0.99

228
1.46
0.87

1.25
0.70
0.54

144
229
115

1.45
2.36

1.18 | 1.27

results due to the photometric consistency loss but struggles with occlusions in large baseline scenar-
10s. Our method outperforms previous approaches, effectively handling occlusion in large-baseline

scenarios and leveraging surface smoothing for st

able surface learning, performing comparably to

SparseNeuS, which benefits from ground truth poses.

Quantitative results in DTU dataset are pro-
vided in Table[T]and Table 2] for camera pose er-
rors and the Chamfer distance, respectively. For
camera pose estimation, SPARF maintains sta-
bility in the large baselines but suffers when in-
corporating implicit surface priors. SCNeusS is
quantitatively strong but degrades with increas-
ing camera baseline. Our approach consistently
achieves lower rotation and translation errors than
previous works. Note that the lowest rotation er-
ror 0.03° is limited by the alignment function,
which includes an eps 1e~% to prevent numeri-
cal instability. The detail would be introduced in
Appendix B3] For the Chamfer distance, SPARF
+ NeuS outperforms SCNeusS in the narrow base-
line, but as the baseline widen, SCNeuS benefits
from patch-wise NCC loss. Our method, incor-
porating enhanced view consistency constraints
and surface smoothing, delivers robust recon-
structions with superior performance.

4.3 RESULTS ON BLENDEDMVS DATASET

Qualitative results in BlendedMVS dataset are
shown in Fig.[7] We evaluated 4 randomly cho-
sen scenes, denoted as A, B, C, and D, with
their exact names provided in the Appendix [B.3]
using SPARF+NeuS, SCNeuS and our method.
Our method demonstrates robustness in high-
frequency regions, where others show low per-
formance. Especially SCNeusS, it fails to recon-
struct proper 3D surfaces at scene C due to large
camera error during optimization.

Quantitative results in BlendedMVS dataset are

. i
N

sy
N

\

Figure 7: Qualitative results on BlendedMVS
dataset with randomly chosen 4 images. From
the left, we denote each scene as A, B, C and D
for convenience, respectively.

Table 3: Quantitative comparison on the
BlendedMVS dataset. For most selected sce-
narios, our method shows robust performance on
the camera pose refinement.

‘metric
scene

v
B C

2457 4084 4293

090 066 171

3757 463 37.36

039 041 046

Rotation(*) (1) < 100) (1)
B C D A D

9.03
0.04
020
0.06

Ave.
.34
0.83
19.94
0.33

A
11.88
0.03
0.03
0.03

11.86
.16

16.17
0.03

12.47
0.03
1.89
0.03

12.20
0.73
745
0.03

12.10
0.49
6.385
0.03

init
SPARF+NeuS
SCNeus*
Ours

shown in Table E[ In general, SPARF + NeuS

demonstrates better performance than SCNeuS, even without a specialized handling of occlusions.
Our method maintains stable performance across various sparse-view scenarios, achieving superior

camera pose estimation, while other approaches st
baseline.

ruggle with correcting camera poses in the large
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4.4 ABLATION STUDY

In this paper, we introduced two simple techniques for handling sparse and noisy input views:
uncertainty-aware phometric/geometric consistency and implicit surface smoothing. In this section,
we demonstrate the effectiveness of our approach by analyzing the role of uncertainty in refining
noisy camera poses and the impact of implicit surface smoothing on visual performance.

Uncertainty is designed by the normal-
Table 4: Ablation study of uncertainty and view- ized discrepancy of the 3D coordinates
consistency losses. Initial errors for rotation and trans- of'correspondences. We present an ab-
lation are reported in bottom row. The best results are lation study for the proposed technique

in bold. in Table ] conducted on DTU scanl10,
to illustrate the impact of uncertainty on

Exp Prescrve () Evaluation occlusion-aware NCC loss and geometric

" | Uncertainty | Patch-wise NCC | Geometric Consi R t] .

A 596 1497 consistency. The results show that the pro-

o v y Lrsiiiaet posed algorithms gradually improve per-

D v v 003 039 formance as each component is added.

e v v v ot Note that experiment A of Table [ cor-

G v v v 003 028 responds to SPARF (Truong et al., 2023)

Einit 12.81 39.06

with NeuS (Wang et al., [2021a), B repre-
sents SCNeuS (Huang et al.| [2024c), and
G represents our method. As reported in SCNeuS (Huang et al.l [2024c)), patch-wise NCC loss
plays a key role in refining camera pose, and also, we observe that the geometric consistency loss
also demonstrates improvement when combined with uncertainty. For other scenes, we provide full
ablation studies in the Appendix

Implicit surface smoothing, implemented us-
ing the pSDF loss, is compared to a version
with only the Eikonal loss, as shown in Fig. ﬁ
While Eikonal loss struggles to create reli-
able surfaces, our method produces clear sur-
faces, highlighting the effectiveness of implicit
surface smoothing. This enables successful (A)
surface reconstruction even with inaccurately
aligned camera poses, as shown by the quan- Figure 8: Visualization of the ablation study for
titative results in Table[2] Due to space limita- surface smoothing loss. From left to right: (A)
tions, we have included the quantitative results ~training input views, (B) reference view, (C) re-
for other DTU dataset scenes in Appendix sult without surface smoothing loss, and (D) ours.

which further describe the effectiveness of the Note that (C) and (D) are results from the same
pSDF loss. camera positions.

© ©)

5 CONCLUSION

In this paper, we present an effective approach for reconstructing implicit surfaces from sparse and
noisy views. Unlike other methods that overlook occlusion handling or optimize surfaces under
uncertain camera poses, we explore techniques for optimizing models in challenging environments.
Our contributions include an occlusion-handling approach with view-consistency losses and an im-
plicit surface smoothing technique, enabling the model to learn surface geometries effectively even
under imperfect conditions. As a result, our method achieves state-of-the-art performance in both
refining camera poses and surface reconstruction. However, limitations remain. Although patch-
wise NCC loss aids in optimizing noisy camera poses, our approach still heavily relies on matching
correspondences. Incorporating the proposed techniques with strong dense matching works, such
as DUSt3R (Wang et al.| |2024), VGGT (Wang et al., [2025a), 3 (Wang et al.| [2025b), may help
to overcome an upperbound. Furthermore, sparse guidance for dense geometry can lead to un-
wanted floating surfaces, known as floaters. Although methods like FreeNeRF (Yang et al., [2023)
and SparseNeuS (Long et al., 2022)) introduced additional regularization techniques, they still face
challenges in preventing floaters in harsh scenarios. This issue may be mitigated by incorporating
geometric supervision from off-the-shelf models, as Depth-Pro (Bochkovskii et al.| 2025)).
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A APPENDIX

In the appendix, we provide additional descriptions of the implementation details, the terms used
in the progressive SDF (pSDF) loss, the evaluation protocols, detailed information of experiments,
and the relationship between PDCNet (Truong et al., 2021 which can also predict a confidence and
uncertainty that we proposed. In addition, it includes additional ablation studies on the uncertainty
and view-consistency losses.

B IMPLEMENTATION DETAILS

We provide further information about the implementation in this section, including the architec-
ture, the components of the pSDF loss, the evaluation protocols, the names of scenes tested in the
BlendedMVS dataset, and a comparison between the confidence map predicted by PDCNet and the
uncertainty.

B.1 ARCHITECTURE

We used baseline models for SPARF (Truong et al.| 2023) and NeuS (Wang et al., [2021a)). For
details of the architecture, we follow the same configuration as in NeuS (Wang et al [2021a). The
learning rate is initialized to 10~ and decays to 10~* for an Adam optimizer with an Exponen-
tialLR scheduler, which is utilized for both the model and the camera optimizers. To optimize the
pose, we employ the same parameterization strategy as in SPARF (Truong et al.| [2023)). The two-
column method is used for all experiments, including SCNeuS (Huang et al., |2024c), following
SPARF (Truong et al. 2023). For the weight factors A used in the loss functions described in the
manuscript, we set [Ayr.c., Au,ges ApSDFs Aoces Ageol = [1073, 0.1, 0.1, 0.01, 1073]. All experi-
ments are conducted with 100k iterations.

B.2 PSDF Loss

We proposed the progressive SDF loss, to smooth surfaces. The function h(k,b(k)) of the
manuscript defines the smoothing area. The threshold value b(k) decreases as the iteration k in-
creases, such that:

k)m

A
b(k) = Apcos 5

d (12)

where A(k) = 01“2:‘211 and k € [y, a]. Here, a is the starting point and ao is the end point
for the coarse-to-fine strategy, following BARF (Lin et al.,|2021)) and SPARF (Truong et al., [2023)).
We observed that when b(k) has a large value, the large area is affected, potentially creating planar
surfaces and destabilizing performance. To address this, we introduce a scaling factor \; to reduce
the bound b(k). We set Ay = 0.1.

With these parameters, the smoothing area function h(k, b(k)) is defined as:

0 if kE<a
h(k,b(k)) = { b(k) if o <k<am (13)
0 if k Z Q9.

B.3 EVALUATION FOR ROTATION ERROR
To evaluate camera poses for rotation error and translation error, we used the same strategy of

SPARF (Truong et al.l |2023)). The detailed process is in Alg. E} Note that the rotation error 0.03 is
caused by an eps value € to avoid the numerical instability of the arccos(-) operation.
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Algorithm 1: Camera Pose Evaluation

Input : Estimated world-to-camera poses P2¢ ¢ RB*4X4 Ground-truth world-to-camera

est
poses Pé"%c € RBx4x4

Output: Rotation error Eg, Translation error E;, scale s

P20« invert( PY2°)

PEY <+ invert(PYz°)

// Split into rotation and translation
RE2W £2W «— split( P2V, : 3,:],dims = [3, 1], axis = —1)

R?%’tiéfﬂ(_S i i 2 1 dime — o

GT » "GT P lt(PGT ['7 . 37 ']7 dims = [33 l]a axis = 1)

// Iterate through pose pairs for robust alignment
best_error <— 0o

best Ep < o0

best_E; + oo

Pbest — @

for all pairs (id,, idy) where id,, idy € {0, ..., min(B,9)}, id, # id, do
// Find the transformation

distes; < norm(t520[id, ] — tS20[id))

distgr + norm(t&¥[id,) — t& [idy))

s« distgr/distest

P2 3,3] < P[0 3,3] x s // Bpply scale

est est

T + PEv[id,] x invert(P<2¥[id,])

est

Pc2w aligned — Tx Pc2'w

temp est

pwie g < invert(PE2w )

pair_aligne temp—aligned
// Evaluate error

w2c w2c
error, Er, By < evaluate( eiraligned: LT )

// Select the best alignment
if error < best_error then

best_error < error

best Egp < Eg

best_E; + E;

Phegt < PU2°

pair-aligned

// Return best values

c2w :
Paligned <+ invert(Ppest)

Er < best Eg
E; < best_E;

Algorithm 2: Evaluation Function for Camera Poses

Input : world-to-camera poses P*2¢ € RBX4*4 target world-to-camera poses
Pw2c c RB X4x4
tar . 3
Qutput: total_error, Rotation error Er, Translation error E;

// Evaluate rotation error

e+ 1x10"6 // for numerical stability
R $2w « gplit(Pe2v[:, : 3,:],dims = [3, 1], axis = —1)
R§2W £62w « split( P20 [, : 3,:], dims = [3, 1], axis = —1)

Rais < R x (Riz)T

trace < tr(Raify)

EpR < arccos(clamp((trace —1)/2,—1+¢,1 —¢))
// Evaluate translation error

E; + norm(t?V — t&2w)

total_error = Eg x E;
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B.4 CHAMFER DISTANCE EVALUATION

To compute the Chamfer distance, we align the predicted point cloud set PC with the ground-truth
point cloud set PC using Open3D (Zhou et al.| 2018) point cloud registration methods. Following
standard guidelines, we first perform RANSAC to obtain an initial global registration. Next, we
apply point-to-point Iterative Closest Point (ICP) algorithm for local registration in all experiments.
We heuristically found that applying a prealignment transformation using a scale factor and align-
ing matrices, which were computed during camera pose evaluation, improved the precision of the
evaluation.

Algorithm 3: Point Cloud Registration and Alignment

Input : Source vertices V¢, € R3, aligning camera matrices R € R3*3 and t € R3, scale
factor s, ground truth point cloud PC , threshold value for registration thr;,,.
Function: In Open3D,
PointCloud: Converts vertices to a point cloud object.
PointCloud.transform: Applies arigid body transformation.
execute_global_registration: Performs global alignment with RANSAC.
registration_icp: Refines alignment matrices using the ICP algorithm.
Output : Aligned point cloud V gi5gned

// Prealign from source coordinate to the GT coordinate

Vscaled < S(R X Vg + t)

// Create point cloud objects
PC + PointCloud(V scated)

// Perform global registration

result,.qpsqc < execute_global registration(PC, PC )

// Refine registration using a local ICP algorithm
reg,o; < registration_icp(PC, PC, thr;cp, result, gnsqc-)

// Apply the refined transformation
Viginea < asarray(PC.transform(reg,y; .transformation).points)

B.5 USED SCENE IN BLENDEDMVS DATASET

Scenes A, B, C and D, used in the BlendedM VS dataset (Yao et al., [2020) in the main manuscript,
are: 58cf4771d0f5fb221defe6da, 59f363a8b45be22330016cad, 5¢34300a73a8df509add216d and
Sclaf2e2bee9a7423c963d019, respectively.

B.6  PDCNET AND UNCERTAINTY

It should be noted that the confidence map generated by PDCNet (Truong et al.,|2021) could poten-
tially be inverted to function as an uncertainty map. However, its utility for our method is limited
by the fact that PDCNet provides confidence scores for its predicted matching points, rather than
for specific correspondences within an image pair or arbitrary spatial locations. For example, if
x4 is predicted to match yo by PDCNet, it does not provide a confidence score for (z2,y1), where
y1 # y2. Since the sampled rays are random, recalculating confidence scores for arbitrary points
would require an additional neural network. Therefore, we did not employ the confidence map of
PDCNet for uncertainty, as our approach requires a method that can be derived from arbitrary points
(P, q) which are sampled from the camera poses being optimized during training.

Table 5: Additional ablation study of the pSDF loss. The best results are in bold. The pSDF loss is
only applied to Ours.

Chamfer Distance(].)

Exp. PSDF 3740355 63 65 6 8 97 105 106 110 114 118 122 [ Avg
Ours wio pSDF 31T 557 358 092 471 471 132 307 217 155 199 137 067 195 161 261
Ours v 290 426 291 084 3.63 351 147 286 131 167 198 170 057 165 169 | 2.20
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Table 6: Ablation study of uncertainty and view-consistency losses. The upper table shows the
rotation error and the lower table shows the translation error. U. means uncertainty, G.C. means
geometric consistency. The best results are in bold.

Rotation(®) (J)

Preserve (v')

Exp. U TNCC T GO 24 37 40 55 63 65 69 83 97 105 106 | 110 | 114 | 118 | 122 | Avg.
A 3.37 1 0.03 | 0.03 | 0.03 | 0.56 | 0.18 | 0.03 | 1292 | 3.51 | 0.03 | 7.75 | 598 | 0.17 | 13.35 | 0.03 | 3.20
B v 0.03 | 0.50 | 0.03 | 0.03 | 0.03 | 0.04 | 0.08 | 0.14 | 0.11 | 0.26 | 0.06 | 0.25 | 0.04 | 0.13 | 0.10 | 0.12
C v 1003018 |0.03]0.03| 003|003 |003| 08 | 1.81 | 0.03]| 496 | 7.57 | 0.03 | 0.03 | 0.03 | 1.05
D v v ]0.03 | 0.03 | 0.03 | 0.03 | 0.03 | 0.03 | 0.03 | 0.03 | 0.03 | 0.03 | 0.03 | 0.03 | 0.03 | 0.03 | 0.03 | 0.03
E v v 0.03 | 0.09 | 0.03 | 0.03 | 0.07 | 0.03 | 0.20 | 049 | 6.91 | 0.03 | 0.03 | 0.03 | 0.03 | 0.29 | 0.03 | 0.55
F v v 10.03 | 0.03|0.03]|0.03|0.03|434|0.03]| 014 | 1020 | 0.03 | 11.67 | 0.03 | 0.03 | 0.03 | 0.03 | 1.78
G v v v 10.03 0.03|0.03]0.03|0.03 003|003 0.03 | 0.03 | 0.03| 0.03 | 0.03 | 0.03 | 0.03 | 0.03 | 0.03

Translation ({)

Preserve (v')

Exp. T TNCC 1 GO 24 37 40 55 63 65 69 83 97 105 106 110 114 118 122 | Avg.
1341 [ 098 | 0.69 | 039 | 244 | 1.36 | 1.15 | 13.02 | 10.37 | 10.36 | 9.52 | 14.27 | 1.78 | 1528 | 0.60 | 6.37

v 097 | 343|078 | 033 | 0.60 | 0.12 | 0.21 | 0.67 | 020 | 0.85 | 0.15 | 042 | 0.13 | 0.33 | 0.33 | 0.63

039 | 232|080 |038)087 075|075 | 422 | 6.13 | 0.63 | 880 | 13.55 | 0.15 | 0.35 | 0.96 | 2.74

051 | 1.30 | 1.12 | 0.29 | 0.55 | 0.61 | 0.70 | 049 | 040 | 054 | 0.63 | 039 | 0.11 | 0.65 | 0.75 | 0.60

025 | 1.89 [ 047 | 0.28 | 1.96 | 1.25 | 1.20 | 2.57 [ 16,73 | 0.87 | 0.76 | 029 | 0.20 | 1.29 | 0.24 | 2.02
063 | 1.42 | 1.19 | 0.57 | 1.07 | 5.69 | 1.16 | 1.99 | 2321 | 0.63 | 18.71 | 0.57 | 0.17 | 0.27 | 0.91 | 3.88

v
v
v 0.62 | 1.65 | 0.29 | 0.24 | 1.00 | 0.48 | 0.34 | 0.81 0.18 | 0.28 | 027 | 0.28 | 0.20 | 0.36 | 0.33 | 0.49
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C ADDITIONAL EXPERIMENTS

In this section, we present two additional analyses that contain ablation studies for pSDF loss by
measuring the Chamfer distance and for view-consistency losses and uncertainty to validate the
effectiveness of them with camera pose error.

C.1 ABLATION STUDY FOR PSDF LoOSS

In the main manuscript, we present only the qualitative results of the ablation study for the pSDF
loss due to space limitation. To enhance understanding and support our results, we present quanti-
tative results of the ablation study for the pSDF loss in the full scans of the DTU dataset as shown
in Table[5] Ours shows better performance.

C.2 ABLATION STUDY FOR CONSISTENCY LOSSES

In this section, we provide additional analyses for view-consistency losses and uncertainty. In the
manuscript, the Table[d]only presents the performance of the scan110 of the DTU dataset. To further
enhance understanding, we present full evaluation results on the scans of the DTU dataset in Table[6]

C.3 COMPARISON WITH FEED-FORWARD APPROACHES

Recent feed-forward dense matching algorithms have shown strong performance in 3D reconstruc-
tion, especially in the sparse-view setting. Due to these impressive results, many recent works,
including DUSt3R (Wang et al.,2024), have adopted feed-forward pipelines. However, our method
primarily focuses on refining noisy camera poses rather than predicting them for initialization, and
is therefore more appropriately positioned as a post-processing step. We argue that feed-forward
methods often require additional optimization stages (e.g. InstantSplat (Fan et al.,[2024)) to achieve
higher accuracy. Our approach, as well as the baselines compared in the manuscript, can be cat-
egorized as optimization-based techniques that aim to refine camera poses and improve surface
reconstruction quality.

To support this argument, we performed a simple experiment using InstantSplat (Miiller et al.| [2022)
+ 2DGS (Huang et al.| 2024a) initialized with MASt3R (Leroy et al.| 2024)). All experiments were
performed on two input images (000022.png and 000028.png) from the scan24 of the DTU dataset.
The results are presented in Table As shown, InstantSplat, even with its camera pose refinement,
performs worse than the initialization of MASt3R in camera pose evaluation. Our method shows
better performance in rotation error, leading to an improved Chamfer distance.
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Table 7: Ablation study of uncertainty and view-consistency losses in gaussian splatting applica-
tions. The best results are in bold.

Exp. Evaluation
R] t] [CDJ]
MASt3R (Leroy et al.[[2024) 052 112 233
InstantSplat (Fan et al.][2024) + 2DGS (Huang et al.[|[2024a) 054 112 | 228
InstantSplat (Fan et al.|[2024) + 2DGS (Huang et al.|[2024a) + Ours | 0.45 1.12 | 2.24

Note that the progressive SDF loss was not implemented in this experiment, as it is designed for

ray-based methods with SDF and is not directly applicable to 2D Gaussian Splatting (Huang et al.,
2024a).
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