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Abstract— Neural surface reconstruction relies heavily on
accurate camera poses as input. Despite utilizing advanced pose
estimators like COLMAP or ARKit, camera poses can still be
noisy. Existing pose-NeRF joint optimization methods handle
poses with small noise (inliers) effectively but struggle with large
noise (outliers), such as mirrored poses. In this work, we focus
on mitigating the impact of outlier poses. Our method integrates
an inlier-outlier confidence estimation scheme, leveraging scene
graph information gathered during the data preparation phase.
Unlike previous works directly using rendering metrics as the
reference, we employ a detached color network that omits the
viewing direction as input to minimize the impact caused by
shape-radiance ambiguities. This enhanced confidence updating
strategy effectively differentiates between inlier and outlier
poses, allowing us to sample more rays from inlier poses
to construct more reliable radiance fields. Additionally, we
introduce a re-projection loss based on the current Signed
Distance Function (SDF) and pose estimations, strengthening
the constraints between matching image pairs. For outlier
poses, we adopt a Monte Carlo re-localization method to
find better solutions. We also devise a scene graph updating
strategy to provide more accurate information throughout the
training process. We validate our approach on the SG-NeRF
and DTU datasets. Experimental results on various datasets
demonstrate that our methods can consistently improve the
reconstruction qualities and pose accuracies. Project page:
https://rsg-nerf.github.io/RSG-NeRF/.

I. INTRODUCTION

Reconstructing the surfaces of objects from multi-view
images is a fundamental challenge in both computer vision
and computer graphics. Inspired by Neural Radiance Fields
[1] (NeRF), recent strides [2], [3], [4], [S] have marked
significant progress in neural surface reconstruction (NSR)
area by leveraging implicit scene representations and volume
rendering techniques. In NSR, scene geometry is encoded
through a signed distance function (SDF), which is learned
by a multilayer perceptron (MLP) network trained with
an image-based rendering loss. Despite these promising
advancements, a key challenge in NSR involves the de-
pendency on accurate camera poses. In practice, NeRF and
its variants often rely on COLMAP [6], [7], a widely-used
Structure from Motion (SfM) framework, to estimate camera
poses prior. Unfortunately, these pose estimations can be
significantly erroneous, adversely affecting the reconstruction
quality of NeRF. Consequently, recent efforts [8], [9], [10],
[11], [12], [13], [14], [15], [16] have aimed to joint optimize
scene representations and camera poses to minimize the
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Fig. 1: Reconstruction results on the SG-NeRF [17] dataset.
Both SG-NeRF [17] and our method take the same initial
poses as input, including significant noises. The camera poses
are also presented with optimized outlier poses,

and ground truth poses.

impact of pose errors. Nevertheless, most of these efforts
concentrate on refining relatively small pose errors (referred
to as inliers). It is still a challenge to rectify noticeably
incorrect camera poses (referred to as outliers). To alleviate
the negative effects of outliers, SG-NeRF [17] introduces
scene graphs to enhance camera pose optimization for im-
proved geometric reconstruction. The main contribution of
SG-NeRF lies in estimating the confidence of each camera
pose. By prioritizing ray sampling from images with high
confidence poses, SG-NeRF can recover reliable geometry,
even in the presence of numerous outliers, as illustrated in
the left of Fig. 1. Theoretically, the extreme of the SG-NeRF
philosophy is not sampling on outliers. Thus, it is important
to recognize the inliers and outliers. However, the heuristic
confidence updating strategy in SG-NeRF only depends on
the peak signal-to-noise ratio (PSNR) index, which can not
well reflect the differences between the inliers and outliers.
As shown in Fig. 2, with the wrongly estimated poses,
SG-NeRF can still render images with high PSNR. This
is a classical shape-radiance ambiguity problem in NeRF
series [18], [19], [20]. A potential solution is to add some
regularization terms to the loss function, but it may be more
complicated coupled with a joint pose-NeRF optimization
process.

To address this problem, we explore an improved confi-
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dence estimation method to distinguish inliers and outliers.
As shown in the last column of Fig. 2, we empirically find
that a color network without viewing direction as input can
provide more reliable information about pose confidence,
albeit possibly at the expense of rendering and geometric
quality. It is important to note that our primary objective
is to identify inliers and outliers based on estimated confi-
dence. To achieve this, our framework incorporates two color
networks: one that aligns with traditional NSR approaches,
and another is dedicated to confidence estimation. We detach
the latter from the main pose-NeRF computational graph to
maintain the performance of the NSR backbone. Typically,
the color network used in NSR is a shallow MLP [18], [21],
[2], which means that our method does not substantially
increase computational costs. This straightforward design
allows us to establish a rule-based threshold to identify
inliers and outliers. Subsequently, we can enhance the final
results by integrating tailored designs for handling each.
We present two strategies: for outliers, we employ a Monte
Carlo re-localization method to provide better initialization;
for inliers, we enhance constraints with re-projection and
Intersection-of-Union (IoU) losses. Additionally, we devise
a scene graph updating strategy based on the current SDF to
eliminate incorrectly matched pairs. Experiments on the SG-
NeRF [17] and the DTU [22] datasets generally show that
our method not only yields high-quality 3D reconstructions
but also effectively corrects outlier poses, as illustrated in the
right of Fig. 1. Our contributions are summarized as follows:

« We propose a plug-and-play pose confidence estimation
method that effectively identifies inliers and outliers.

e We introduce Monte Carlo re-localization to handle
outliers and re-projection and IoU losses for inliers to
improve geometric constraints.

o Additionally, we implement a scene graph updating
strategy to enhance the training guidance.

II. RELATED WORKS

Neural Surface Reconstruction. Traditional multi-view
stereo methods [23], [7] explicitly establish dense correspon-
dences across multiple images to generate depth maps, which
are subsequently fused into a global dense point cloud [24],
[25]. Surface reconstruction is typically performed as a post-
processing step, employing techniques such as screened Pois-
son surface reconstruction [26]. The processes of searching
for correspondences and estimating depth have been signif-
icantly enhanced by deep learning-based approaches [27],
[28]. Recently, the implicit representation has gained a lot
of attention due to its continuity and capability to achieve
high spatial resolutions. Building on the pioneering work
of NeRF [21], many successors [29], [30], [3] integrate
the signed distance function (SDF) into NeRF to enhance
geometric modeling. Among these, NeuS [2] is particularly
noteworthy for its ability to produce high-quality reconstruc-
tions and successfully handle scenes with severe occlusions
and complex structures. Thus, in this study, we select NeuS
to represent our scenes.

58 8/n

Y 3
Color w/o view direction

COLMAP GUI ] GT image Color w/ view direction

Fig. 2: The illustration of the pose ambiguity. The first
row is the results from inliers and the second row presents
outliers. Images in the first column come from COLMAP [6]
GUI, which show that both these two poses are registered
in front of the object. However, the ground truth images
in the second column show the opposite phenomenon. The
third column presents the rendering results of SG-NeRF [17],
which use the same color network as NeuS [2] with view
direction as input. As shown in the fourth column, our
method incorporates an isolated color network, which can
well recognize this ambiguity.

Structure from Motion (SfM) and (re-)localization. NeRF
and its variants require accurate camera poses as input [31],
[21], [2]. In real-world applications, Structure from Motion
(StM) [32], [6], [33], [34], [35], [36], [37] techniques are
commonly employed for data pre-processing. SfM organizes
a set of unstructured images by estimating camera poses and
triangulating 3D scene points. An essential byproduct of this
process is the scene graph, which captures information about
matching pairs. However, current advanced SfM frameworks
primarily depend on keypoint detection [38], [39], [40] and
matching [41], [42], [43] techniques, which can be less
effective in textureless or repetitive environments.

The task of (re)localization [44], [45], [46], [47] is also
closely related to SfM. Given a database of posed images,
the goal of this task is to estimate the camera poses of newly
captured images. In the context of NeRF with re-localization,
most existing studies [48], [49], [50], [51] concentrate on
relocating new images within well-constructed NeRFs. In
our approach, we implement the Monte Carlo re-localization
method during the training phase to improve the robustness
and accuracy of outlier poses.

Joint NeRF and pose optimization. NeRFmm [8] and
iNeRF [51] demonstrate the potential for jointly learning or
refining camera parameters alongside the NeRF framework.
Following works [52], [9], [53], [54], [16] also perform
different modular modifications. For example, GARF [11]
and SiNeRF [55] capitalize on the inherent smoothness of
non-traditional activations to mitigate the impact of noisy
gradients caused by high-frequency components in posi-
tional embeddings. L2G-NeRF [13] and Invertible Neural
Warp [56] tackle the camera pose representation with an
overparameterization strategy. NoPe-NeRF [12] employs an
external monocular depth estimation model to assist in
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refining camera poses. Some works [14], [16], [10], [17]
also incorporate cross-view correspondences to enhance ge-
ometry constraints. Commonly, most approaches presume
that all images are properly posed initially and focus on
local optimizations for pose correction. SG-NeRF [17] is
the first method to employ a scene graph for guiding joint
optimization. Building upon this approach, we propose an
alternative strategy for confidence estimation.

III. METHODS

Problem statement. Our research focuses on the object-
level 3D surface reconstruction from a set of unorganized
images captured in an inward-facing configuration. Specifi-
cally, given a collection of RGB images I = {[, I, ..., In},
our objective is to reconstruct the 3D surface S of the scene.
For a specific image I;, a key output of our approach is
the optimized camera pose P; = (R;,t;), where R; belongs
to SO(3) representing the rotation and ¢; is a vector in
R3 representing the translation. Additionally, each pose is
assigned an inlier-outlier confidence score.

Method overview. Fig. 3 illustrates the workflow of the
proposed pipeline. In the data preparation stage, we first
employ a widely-used Structure-from-Motion (SfM) algo-
rithm, specifically COLMAP [6], to obtain the initial camera
poses. Given the potential inaccuracies of these poses, pro-
ceeding with a direct joint pose-NeRF optimization could be
catastrophic. To mitigate this risk, we leverage scene graph
information to guide the training process (Sec. III-A). We
update the confidence with our tailored indicator, which can
effectively distinguish inlier and outlier poses. For inliers,
we introduce additional constraints to enhance the geometric
consistency (Sec. III-B). For outliers, we utilize Monte
Carlo re-localization to find better initializations (Sec. I1I-A).
Additionally, We also devise a scene graph updating strategy
to enhance the guidance during training (Sec. I1I-D).

A. Scene graph guided confidence estimation

A scene graph G = (V, E) in SfM consists of a set of
nodes V and edges E. Each node v; € V corresponds to
an input image I; € I, and an edge between two nodes
contains the matching and co-visibility information about
the corresponding images. We annotate all edges as M =
{M; j|vi,v; € V, v; # v;}, where the set M; ; comprises
all matched keypoint pairs between I; and I;.

The original scene graph tends to be dense and contains
many incorrect matches. Following SG-NeRF [17], we set an
angular threshold 7 for the estimated relative rotations and
remove any edges exceeding 7. Then, each node is assigned
a confidence estimate based on this sparsified scene graph.

The confidence score for a node v; is defined as the mean
number of matching pairs, which can be computed as:

2onti e, | Ml
CS(v) = =8 ———, (1)
| VL
where | - | denotes the number of elements in a set, e.g.,

|M; ;| is the total number of matching pairs of I; and I;
and |M;] is the total number of edges of v;. A higher score

indicates that the image has a better matching quality and
a higher likelihood of being an inlier. We normalize this
confidence score via CS(v;) = CS(v3)/ ), v CS(v) to
form a probability distribution, which guides the training to
sample more rays from poses with higher confidence. All
confidence computations involve a normalization step and
we omit this step in the following text for brevity.

These initial scores are derived from keypoint matches,
which might lack a comprehensive understanding of the
information contained in images. Thus, we adaptively update
the confidence scores based on the image rendering quality.
Specifically, we estimate PSNR for each image according
to current image rendering loss for efficiency. Then, the
confidence scores are updated by [17]:

CS(v;) = CS(v;) + AePSNR(v;). @)

However, as shown in Fig. 2, we empirically found that
the PSNR of outliers can be even larger than that of inliers,
which means that more outliers will be sampled. The reason
behind this phenomenon comes from shape-radiance ambi-
guity [18], [8], [19], [20].

To solve this problem, we employ a new color network C,
which does not take viewing direction as input. To mitigate
the shape-radiance ambiguity and prevent overfitting, we
use the same sampling points and geometry features as
the original color network C,. We detached all relevant
computations from C,, to ensure that the loss from C,, does
not impact the main networks. Since we only require an
indicator that can reflect the relative rendering qualities of
the training images, the PSNR estimated by C), can serve the
same purpose as that by C,. As highlighted in NeRF++ [18],
most existing works [21], [2] use a shallow MLP for color
network, which acts as an implicit regularization. Thus, C,,
will not introduce significant computational overhead. We
use the PSNR estimated from C,, (denoted as PSNR,,) to
update the confidence score throughout the training process.

It should be noted that we also keep a record of the PSNR
with C, (donated as PSNR,), which can be helpful for
filtering out outliers. When PSNR, and PSNR,, show a
significant discrepancy, it is an indication of anomalous data.
Therefore, we recognize poses with |[PSNR,— PSNR,| >
T1 as outliers.

B. Joint optimization

We build up our framework based on NeuS [2]. The neural
surface reconstruction loss function is defined as follows:

»CNSR = ﬁcolor(co) + »Ccolor(cn) + )\[’reg~ (3)

The Leoior(Cy) represents calculating Loopor by C,. The
Leolor(Cr) is calculated by C,, with gradients only back-
propagated to C,,. The L ., is a photometric loss:

Leolor = HC - C‘

“

1 )
where C is obtained by volume rendering equation [21], [57]
and C is the ground truth color.
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Fig. 3: An overview of the proposed pipeline. Given the initial scene graph, we apply a confidence updating strategy based on
an indicator from a detached color network, which can identify inlier and outlier poses. For inliers, we utilize re-projection
loss and IoU loss to enhance the geometric constraints. For outliers, we utilize Monte Carlo re-localization method to find
better initializations. The scene graph is also updated based on current geometry and pose estimations. Eventually, our
method can reconstruct the 3D mesh from the trained field and rectify both inlier and outlier poses with high accuracy. The

coloration is same as Fig. 1.

The L,., incorporates the Eikonal term [58] applied to
the sampled points to regularize the learned SDF, which can
be expressed as:

‘Creg = (5)

T =

k
S UV H@l, - 1

where f(p;) represents the distance estimate for each sam-
pled 3D location along the ray.

We also utilize the Intersection-of-Union (IoU) loss L;e
and re-projection loss L., [59] to further improve the pose
accuracy. The L;,,, loss, firstly proposed by SG-NeRF [17],
not only enhances geometry consistency but also accelerates
convergence. Another related constraint is the epipolar loss
proposed by PoRF [16]. However, we find that both epipolar
and IoU losses do not handle outliers effectively. In fact, the
re-projection loss can fulfill the same role as the epipolar
loss [59] but is more reliable to the scene geometry. The
epipolar loss does not require depth for back-projection but
is invariant to the scale of the translation part. Considering
the aforementioned analysis, we opt for the IoU loss and the
re-projection loss in our framework.

Given a pair of matched keypoints kp; from image I; and
kp; from image I;, we define the Intersection Volume as:

I = MoG(kp;) - MoG(kp,), (6)
and Union Volume as:
U = MoG(kp;) + MoG(kp;) — I, (7)

where M oG(-) is a mixture of Gaussians for sampling points
along a ray. The IoU loss can be computed as:
I
Eiou =1—-—.
‘ U
With a set of points sampled from the ray corresponding
to kp;, we approximate the depth d; of kp; by selecting the
point with maximal weights. Thus, the re-projection loss can
be achieved by:

®)

Erep - L5 (kp;7 kp]) ) (9)

where kp) is the re-projected point of kp; in image I; and
Ls represents the Huber loss.

We jointly optimize inlier-inlier pairs, while bypassing
outlier-outlier pairs. For inlier-outlier pairs, we only optimize
the poses of outliers and keep inliers and NeuS backbone
fixed. Our overall loss is defined as:

L=LNsgr+ aLlioy + /BLT'ep- (10)

C. Monte Carlo re-localization

Geometry constraints in Sec. III-B can still struggle with
certain extreme cases. One intractable case comes from
the mirror-symmetry ambiguity, which has been studied in
SfM [60], [61], [62]. In the context of pose-NeRF joint
optimization, NeRFmm [8] and LU-NeRF [15] also men-
tioned the same problem. LU-NeRF solves this problem by
training two NeRF models, one of which uses reflected poses,
requiring significant time to find the mirror poses.

Leveraging our confidence scheme, we can easily detect
outliers, particularly those mirrored outliers. To maximize the
use of training images, we propose to utilize Monte Carlo re-
localization techniques [48], [63] to assist outliers in finding
better initializations. Specifically, as we focus on inward-
facing scenes, we first estimate a coarse main axis of the
scene using inlier poses. The rotation around this main axis
is defined as R,.;s(6), where 6 is the angle of rotation. We
then distribute the initial particles uniformly around this axis.
Given a outlier pose R,,?,, the poses of these particles can
be obtained by:

127 .
Rpi = Raris(—7—)  Roy 1€ {1,2,.... N}, (1D)
P
127 .
tpi:Raxis(T)'tm (S {1527~'-5NP}’ (12)
P

where (R,,,t,,) is the pose of i-th particle and N, is the
number of particles. We fix all network components and
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Fig. 4: The illustration of scene graph updating. We filter
out the wrong matched keypoint pairs (red lines) and keep
the correct pairs (blue lines). We select image pairs with
relatively few matching pairs for clearer visualization.

only optimize the poses of particles. Initially, each particle is
sampled equally for optimization. Subsequently, the sampling
probability is adjusted based on the estimated PSNR,,. If
the maximum PSNR,, of the particles exceeds that of the
current outlier at the end of the re-localization stage, we
replace (R,,t,) with the pose of this particle.

D. Scene graph updating

The initial confidence, based on results from SfM, may
be sub-optimal. Therefore, we periodically update the scene
graph according to current geometry and pose estimations.
Similar to Sec. III-A, we use the same angular threshold 7 to
remove edges from the raw graph. For remaining keypoint
matching pairs, we remove those with a re-projection loss
surpassing the threshold 7,..,, which is gradually reduced
throughout the training. As illustrated in Fig. 4, our method
effectively eliminates wrong matches, providing more reli-
able information for subsequent training iterations.

IV. EXPERIMENTS
A. Experiment setup

Following SG-NeRF [17], we conduct our experiments on
8 cases from the SG-NeRF dataset and 5 cases from the
DTU [22] dataset to validate our method. We assess the mesh
quality with Chamfer distance (CD) and F-score metrics. The
baseline methods for comparison include BARF [9], SCN-
eRF [10], GARF [53], L2G-NeRF [13], Joint-TensoRF [54],
PoRF [16] and SG-NeRF [17]. Results with * are achieved in
a two-stage manner, including official implementations and
NeuS [2] with optimized poses. The initial camera poses
of SG-NeRF are obtained by using Superpoint [38] and
SuperGlue [41], with COLMAP [35], [45] backend opti-
mization. As presented in SG-NeRF [17], this combination
consistently outperforms the standard COLMAP but still
results in a proportion of significant incorrect poses, ranging
from 1/9 to 1/3. The initial poses for DTU are obtained by
conventional COLMAP first. To simulate outlier poses, SG-
NeRF randomly selects 1/7 to 1/4 of the images for each
scene and injects random noises to their poses. For a fair
comparison, all methods, including ours, use the same initial
poses as input.

Deaf

Farmer

Pavilion

S, = ‘ 2 :
Input NeuS SG-NeRF Ours
Fig. 5: Qualitative comparisons on the SG-NeRF [17] dataset.
Our method can generally recover high-fidelity geometry
with only one-stage training. More visual comparisons are

provided in supplementary materials.

Farmer Baby Bell

Clock

Fig. 6: Visualization of pose accuracy. The fist row presents
our results and the second is SG-NeRF [17].

B. Implementation details

We implement our method based on NeuS [2]. The
camera poses are parameterized with Lietorch [64], which
can perform backpropagation on SE(3) Groups. Following
SG-NeRF [17], the angular threshold 7 for scene graph
sparsification is set as 70 for SG-NeRF dataset [17] and
45 for DTU [22] dataset, respectively. The inlier-outlier
threshold is set as 74 = 9, which is an extremely large
performance gap for PSNR, and PSN R,,. The weights of
loss are set as A = 0.1, = 0.2, and 8 = 0.001 respectively.
The particle number NN, is set as 24 for efficiency. All
experiments are conducted on a single NVIDIA RTX 3090
GPU. Our method runs an average of 13 hours for 150k
iterations on the SG-NeRF dataset, and 22 hours for 300k
iterations on the DTU dataset.

C. Comparisons

Results on SG-NeRF. The quantitative results are reported
in Table I. Both NeuS and Neuralangelo degenerate severely
due to significantly noisy camera poses. PORF and SCNeRF
demonstrate commendable results in certain cases, high-
lighting the importance of incorporating cross-view corre-
spondences. Among the competitors, SG-NeRF achieves the
best overall performance, underscoring the effectiveness of
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TABLE I: Quantitative results on SG-NeRF [17]. The red and blue numbers indicate the first and second performer for
each scene. T denotes that only valid values are used for the average. Methods with * are trained in a two-stage manner.

| Baby Bear Bell Clock Deaf Farmer Pavilion Sculpture | Mean

—  NeuS [2] 069 031 333 1.16 0.55 2.49 0.29 0.66 1.18
§ Neuralangelo [3] 0.70  0.65 - 0.38 0.59 4.89 1.95 0.31 1.357
S BARF [9]* 1.08 028 331 0.19 0.46 2.13 0.38 0.57 1.05
£ SCNeRF [10]* 1.19 027 3.74 1.33 0.46 1.45 0.23 0.81 1.19
8 GARF [53]* 204 225 3.08 201 0.59 1.58 0.96 0.57 1.64
£ L2G-NeRF [13]* .15 029 126 024 0.40 2.18 - 4.36 1.417
5 Joint-TensoRF [54]* | 3.11 - 249  0.36 0.88 2.51 1.35 0.70 1.63f
PoRF [16] 031 049 - - 0.30 3.80 2.20 - 1.421
SG-NeRF [17] 056 025 098  0.15 0.45 0.87 0.20 0.22 0.46

Ours 0.07 0.09 122 0.15 0.13 0.62 0.17 0.09 0.32
NeuS [2] 065 093 048 0.72 0.84 0.54 0.93 0.70 0.74
Neuralangelo [3] 0.57  0.80 - 0.85 0.66 0.14 0.47 0.89 0.63f

< BARF [9]* 058 091 049 095 0.86 0.51 0.86 0.87 0.75
g SCNeRF [10]* 056 093 049  0.69 0.86 0.59 0.95 0.73 0.72
2  GARF [53]* 0.18 021 050 027 0.78 0.57 0.41 0.83 0.47
M L2G-NeRF [13]* 058 092 0.65 092 0.89 0.49 - 0.21 0.677
Joint-TensoRF [54]* | 0.20 - 038 0.84 0.60 0.24 0.34 0.63 0.467
PoRF [16] 092 0.78 - - 0.92 0.39 0.35 - 0.677
SG-NeRF [17] 074 093 071  0.96 0.87 0.76 0.94 0.92 0.85

Ours 099 099 0.65 0.96 0.99 0.79 0.94 0.99 0.91

TABLE 1II: Evaluation of pose accuracy (w.r.t. full trans-
formation) on the SG-NeRF dataset. APE; and RPE;
are computed w.r.t. inlier poses. And APE and RPE are
calculated using all poses.

Baby Bear Bell Clock  Deaf  Farmer Pavilion  Sculpture ‘ Mean

\
APE; | SG-NeRF | 0.153  0.008 0.153 0.014 0.060  0.011 0.003 0.056 0.057
! Ours 0.004 0004 0.120 0003 0016 0018 0.003 0.006 0.022
RPE, | SG-NeRF | 0231  0.010 0268 0014 0.104 0014 0.004 0.085 0.091
) i Ours 0.007  0.005 0.187  0.002  0.026 0.022 0.004 0.010 0.033
APE | SG-NeRF 2.16 1.84 2.15 1.80 1.17 0.72 0.6 1.10 1.44
: Ours 0.004 0004 037 0003 0016 0018 0.003 0.006 0.053
RPE | SG-NeRF | 2.26 1.38 229 0.51 2.10 1.12 1.04 2.02 1.59
Ours 0.005 0004 070 0002 0021 0.022 0.004 0.008 0.096

TABLE III: Quantitative results on the DTU [22] dataset with
noisy camera poses as input.

Chamfer distance | | 24 37 40 55 63 | Mean
NeusS [2] 1.07 2.80 1.52 130 3.20 1.98
Neuralangelo [3] 1.06 296 122 042 1.23 1.38
BARF [9]* 146 140 516 1.78 1.80 2.32
SCNeRF [10]* 145 284 260 0.78 1.83 1.90
GAREF [53]* 1.18 2.00 261 237 874 3.38
L2G-NeRF [13]* 1.08 1.60 327 179 697 2.94
Joint-TensoRF [54]* 1.00 2.60 - - 7.71 3771
PoRF [16] 1.15 233 097 076 1.30 1.30
SG-NeRF [17] 087 183 088 038 1.13 1.01
Ours 080 130 061 044 1.09 0.85

scene graph guidance. Our method consistently outperforms
other approaches by a considerable margin, which shows the
effectiveness of our framework. The visual comparison is
provided in Fig. 5, where our method distinctly excels in
capturing finer geometric details. However, we empirically
observed that all methods, including ours, struggle with the
Bell scene, likely due to the sparsity of training images.

TABLE IV: Ablation studies on the SG-NeRF (CD /).

w/o Rep.  w/o S.U.  w/o M.C. w/o detach.  SG+rules  full
baby 0.09 0.11 0.38 0.36 0.31 0.07
bear 0.10 0.17 0.28 0.35 0.18 0.09
farmer 0.65 0.69 0.88 0.86 0.92 0.62
sculpture 0.20 0.24 0.40 0.09 0.26 0.09
mean 0.26 0.30 0.49 0.42 0.42 0.22

We also utilize evo [65] to evaluate the pose accuracy of
our method and SG-NeRF [17]. Due to the original SG-
NeRF dataset does not provide inlier-outlier information, we
utilize our indicator to filter out outliers. We align inliers to
ground truth poses to get a global SIM(3) transformation,
which is then applied to all poses. The results of absolute
pose error (APFE) and relative pose error (RPE) w.rt.
full transformation (including both rotation and translation
parts) are reported in Table II. We also provide APF; and
RPE;, which are computed using only inlier poses for a
fair comparison. Our pose accuracy surpasses that of SG-
NeRF by more than two orders of magnitude on both RPE
and APE. Fig. 6 shows the visual comparison of the camera
pose accuracy.

Results on DTU. The quantitative results are shown in
Table III. We report a new result of SG-NeRF on Scan 37
with a better performance (originally reported as 2.39), due
to the fact of our experiment. In DTU dataset, our method
performs slightly better than SG-NeRF. We empirically find
that our Monte Carlo re-localization has not been triggered.
Thus, the experiment on the DTU dataset can be viewed as an
improved version of SG-NeRF. Our method outperforms the
competitors on four scans and achieves a similar performance
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Fig. 7: Qualitative comparisons on the DTU [22] dataset.
L2G-NeRF [13] is trained in a two-stage manner and others
are trained in one stage with the same iterations. All methods
take the same initial poses as input.

with SG-NeRF on Scan 55. The qualitative comparisons can
be found in Figure 7 and more results can be found in our
project page.

D. Ablation studies

We select 4 cases from the SG-NeRF [17] dataset to
validate each component of our method, including the re-
projection loss (w/o Rep.), Monte Carlo re-localization (w/o
M.C), the scene updating strategy (w/o S.U.), and the de-
tach operation (w/o detach). To assess different confidence
strategies, we also conduct the SG+rules experiment, where
the confidence reference is replaced with PSNR,, and
nodes with the five lowest PSN R,, values are identified as
outliers for the M.C. procedure. As reported in Table IV, our
pipeline with the SG-NeRF confidence estimation (SG+rules)
degenerates significantly, highlighting the advantage of our
confidence strategy. Another problem of SG + rules lies
in the re-localization process, where we can only use am-
biguous color network for backpropagation. The absence
of the detach operation negatively impacts the optimization
process. M.C. leads to a significant improvement in the
results, while the S.U. strategy also contributes to a slight but
generalizable enhancement, confirming the effectiveness of
these two components. Although w/o Rep. includes a cross-
view constraint IoU loss, our full model still demonstrates
further improvements.

V. CONCLUSION

This paper addresses neural surface reconstruction from
image sets characterized by significant outlier poses. By
leveraging the scene graph to guide training, we introduce
a novel confidence updating strategy that effectively recog-
nizes inliers and outliers. We enhance geometric constraints
through the integration of Intersection-of-Union (IoU) loss
and re-projection loss, while employing Monte Carlo re-
localization techniques to accurately reposition outliers.
These methods, combined with our scene graph updating
strategy, enable our framework to achieve state-of-the-art
performance on the challenging SG-NeRF dataset. One lim-
itation of our approach is its dependency on a substantial
number of inlier poses. As a promising direction for future

research, incorporating prior models could make our frame-
work more robust, especially in sparsely captured scenes.
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