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Abstract

Reflective and textureless surfaces remain a challenge in
multi-view 3D reconstruction. Both camera pose calibra-
tion and shape reconstruction often fail due to insufficient
or unreliable cross-view visual features. To address these
issues, we present PMNI (Pose-free Multi-view Normal In-
tegration), a neural surface reconstruction method that in-
corporates rich geometric information by leveraging sur-
face normal maps instead of RGB images. By enforcing
geometric constraints from surface normals and multi-view
shape consistency within a neural signed distance function
(SDF) optimization framework, PMNI simultaneously re-
covers accurate camera poses and high-fidelity surface ge-
ometry. Experimental results on synthetic and real-world
datasets show that our method achieves state-of-the-art per-
formance in the reconstruction of reflective surfaces, even
without reliable initial camera poses.

1. Introduction
Detailed 3D reconstruction from multi-view image observa-
tions is a fundamental task in computer vision, empowering
various applications like virtual reality and e-Heritage. A
typical pipeline first calibrates the camera poses for each
image and then uses the posed images to recover the shape.
Many methods have achieved promising results in scenes
with diffuse and specular surfaces [2, 9, 10, 13, 15, 18, 24].
However, surface reconstruction without pose calibration,
which is desired for practical causal capture scenarios, still
remains challenging for reflective and textureless surfaces,
as shown in Fig. 1.

Existing methods for reconstructing reflective and tex-
tureless surfaces, such as NeRO [18], require precise cam-
era pose calibration. To achieve this, a calibration board is
often placed under the object, limiting the method’s appli-
cability in more casual setups. However, jointly recovering
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GT Mesh DUSt3R [25] Ours SuperNormal [3]

Init. Pose DUSt3R [25] Ours Calib. Pose

Figure 1. (Top row) Given multi-view surface normals of a reflec-
tive and textureless surface, our method jointly recovers a high-
fidelity surface (middle row) and accurate camera poses (bottom
row). The reconstructed shape is comparable to the results of [3],
which uses calibrated poses.

camera poses and surface from images presents a chicken-
and-egg problem. As shown in Fig. 2, without knowing the
relative pose between cameras c1 and c2, the epipolar plane
c1 − c2 − x remains ambiguous. To mitigate this ambi-
guity, existing methods either attempt to establish feature
correspondences [p1,p2] [1, 17] between views or to con-
strain the shape at specific locations using monocular depth
estimation [8, 25]. However, establishing reliable feature
correspondences for reflective surfaces is particularly chal-
lenging due to view-dependent reflectance. Moreover, the
lack of texture further complicates shape estimation using
learning-based monocular depth estimators [20, 26]. Con-
sequently, there remains a need for a robust 3D reconstruc-
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Figure 2. Illustration of shape and pose estimation for reflective
and textureless objects based on RGB and surface normals.

tion method that can accurately handle reflective and tex-
tureless surfaces while being tolerant to noisy camera poses.

In this paper, we propose Pose-free Multi-view Normal
Integration (PMNI), a method that leverages multi-view sur-
face normal maps as input to jointly optimize both surface
shape and camera poses. Our key insight is that monocu-
lar normal estimation is independent of camera poses, and
normal maps encode rich shape information that aids in
camera pose estimation. As shown in Fig. 2, a normal
map can be estimated by photometric stereo from single-
view image observations [11], and is robust to textureless
and reflective surfaces. By applying the normal integration
method [4], relative depth maps with fine-grained details
can be recovered from single-view surface normal maps,
providing reliable geometric cues that facilitate camera pose
estimation. Moreover, unlike RGB images, where photo-
metric consistency is often disrupted for reflective surfaces,
surface normals remain geometrically consistent at corre-
sponding points, making them invariant to changes in sur-
face reflectance.

Building on these insights, we propose a pose-free reflec-
tive surface reconstruction method based on multi-view sur-
face normal maps. Specifically, we utilize a signed distance
function (SDF) represented by a coordinate-based MLP net-
work, which can simultaneously model both surface shape
and surface normals through its analytical gradient. We
use per-view depth map, integrated from the surface nor-
mal map [4], as an anchor to regularize the SDF. At each
iteration, with the estimated shape and camera poses, we
find correspondences by projecting sampled rays onto the
image plane. This allows us to further constrain both the
shape and poses by enforcing the geometric consistency of
the input surface normals at their projected positions.

As shown in Fig. 1, PMNI enables the joint recovery of
high-fidelity 3D shapes and camera poses, yielding results
comparable to methods with calibrated camera poses [3],
and outperforming existing pose-free 3D reconstruction ap-
proaches [25]. In this way, PMNI makes it possible for re-

• COLMAP (RGB, Point cloud)
• Nope-NeRF (RGB, NeRF)
• SPARF (RGB, NeRF)
• DUSt3R (RGB, Point cloud)
• CF-3DGS (RGB, 3DGS)
• COGS (RGB, 3DGS)

• NueS (RGB, SDF)
• VolSDF (RGB, SDF)
• IDR (RGB, SDF)
• Gaussian Surfels (RGB, 3DGS)
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• RnbNeuS (MVML images, SDF)
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Figure 3. Summary of existing neural surface reconstruction meth-
ods categorized by their surface reflectance types and camera cal-
ibration settings. The input and surface representation for each
method are labeled in brackets.

flective and textureless surface reconstruction in a causal
capture setting.

Contributions. This paper proposes PMNI, the first
method to achieve high-quality reflective surface recon-
struction without camera pose calibration. Unlike RGB im-
ages, surface normal maps derived from photometric stereo
are invariant to reflective and textureless surfaces. We
demonstrate normal maps provide an effective regulariza-
tion for surface reconstruction through integrated depth, ef-
fectively reducing ambiguities in both shape and pose re-
covery. Experiments on both public and our own captured
real-world datasets validate the effectiveness of our method.

2. Related works
This paper focuses on pose-free reflective surface recon-
struction from multi-view surface normal maps. In the fol-
lowing, Sec. 2.1 summarizes related works on reflective sur-
face reconstruction that take image observations or surface
normal maps as input. Section 2.2 then surveys pose-free
neural radiance field (NeRF) methods.

2.1. Neural reflective surface reconstruction

Neural 3D reconstruction has advanced significantly since
NeRF [19]. Given multi-view images, camera poses are es-
timated via structure-from-motion through feature match-
ing. Shape represented by SDF [24] or Gaussian surfels [6]
is then optimized with differentiable volume rendering.

Reflective surfaces pose additional challenges due to
view-dependent reflections, as shown in Fig. 3. Methods
like NeRO [18] and Ref-NeuS [9] effectively address these
issues by using RGB inputs and incorporating Integrated
Positional Encoding (IDE) and split-sum approximations to
model reflective appearance under environmental lighting.
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Polarization-based neural reconstruction, such as PAN-
DORA [7], NeRSP [10], and PISR [5], uses the polariza-
tion characteristics of diffuse and specular reflectance to
address shape-reflectance ambiguity. By decomposing radi-
ance into diffuse and specular components via Stokes vec-
tor, these methods improve reflective surface reconstruc-
tion. NeRSP [10]further integrates geometric cues from
the angle of polarization with photometric cues from Stokes
vectors, enabling shape estimation even with sparse views.

Photometric stereo excels in reconstructing single-view
shapes with complex reflectance by taking images under
varying lighting as input. Multi-view photometric stereo
(MVPS) extends this approach by combining multi-view,
multi-light observations. Methods like SuperNormal [3]
and RNb-Neus [2] first extract per-view normal maps using
techniques like SDM-UniPS [11], then refine SDF to align
with these normals. Compared to RGB- or polarization-
based methods, MVPS is particularly effective for reflective
surfaces due to the detailed geometric information encoded
in surface normal maps [3].

As shown in Table 3, feature extraction for reflective
and textureless surfaces is highly challenging, making cam-
era pose calibration with COLMAP [21] unreliable. Con-
sequently, existing reflective surface reconstruction meth-
ods rely on a checkerboard during capture, which limits
their applicability in casual capture settings. In contrast,
PMNI leverages multi-view surface normal maps as input
to achieve detailed reflective surface reconstruction without
requiring pose calibration.

2.2. Pose-free surface reconstruction

Given multi-view images, COLMAP [21] uses Structure
from Motion (SfM) to reconstruct camera poses and sparse
3D points from feature correspondences. For reflective
surfaces, where feature matching is challenging, adding a
checkerboard can improve reliability.

To address pose errors in COLMAP [21], pose-free
methods have been developed to jointly recover surface
shapes and camera poses. As summarized in Table 3,
BARF [17] optimizes poses and NeRF using coarse-to-fine
positional encoding but requires pose initializations close to
the ground truth. CF-3DGS [8] mitigates this by enforcing
temporal continuity and using explicit point cloud represen-
tations, though it is limited to dense video sequences.

Pose-free shape reconstruction from sparse views of-
ten incorporates learning-based priors. SPARF [22] and
DUSt3R [25] rely on pre-trained networks to estab-
lish dense 2D correspondences or 2D-to-3D mappings.
COGS [12] and Nope-NeRF [1] use monocular depth es-
timators (e.g., Marigold [14] and DPT [20]) to assist in
shape estimation without camera poses. However, these ap-
proaches struggle with reflective surfaces.

In summary, pose-free methods often depend on spe-

cific initializations, pose continuity, or learning-based pri-
ors, which are less effective for reflective surfaces. Addi-
tionally, NeRF-based or 3D Gaussian Splatting-based meth-
ods often yield noisy shapes. In contrast, PMNI uses SDF
representation and surface normal input to achieve detailed
shape reconstruction without precise pose initialization.

3. Proposed method
We aim to jointly recover fine-grained shapes and camera
extrinsic parameters from (1) multi-view camera-space nor-
mal images, (2) the corresponding foreground masks of the
target object, and (3) camera intrinsic parameters. To this
end, we first perform monocular normal integration on per-
view normal maps to obtain per-view relative depth maps;
then the normal and depth maps are used together to guide
camera pose and shape optimization.

3.1. Preliminaries

SDF-based neural surface reconstruction. Signed Dis-
tance Function (SDF) is a common implicit representation
of the 3D shape. The surface of the object M can be viewed
as the zero-level set of the SDF:

M = {x | f(x) = 0}. (1)

Based on NeuS [24], implicit representation of SDF is
connected with volume rendering. Specifically, given K
ordered 3D points {xi}Ki=0 on a ray and their SDF values
{f(xi)}Ki=0, the volume opacity of a point in space is cal-
culated as follows:

αi = max

(
ϕs(f(xi))− ϕs(f(xi+1))

ϕs(f(xi))
, 0

)
, (2)

where ϕs(x) = 1/ (1 + exp(−sx)) is the sigmoid function
with a learnable sharpness s. The accumulated transmit-
tance Ti at a point along a ray can be expressed as:

Ti =

i−1∏
j=0

(1− αj). (3)

Following volume rendering, we render the depth, surface
normal, and opacity of a pixel p by

ẑ (p) =

K∑
i=0

Tiαidi, (4)

n̂w(p) =

K∑
i=0

Tiαi∇f(xi), (5)

ô(p) =

K∑
i=0

Tiαi, (6)
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where ∇f(x) denotes the gradient of SDF, n̂w denotes
world-space surface normal. By supervising the above
volume-rendering information, the SDF network can be
constrained, thus accomplishing 3D reconstruction.

Single-view normal integration aims at reconstructing
the relative height map from a given normal map. We define
surface normal at p as nc = [nx, ny, nz]

⊤ in the camera
space, the gradient field [p, q]⊤ under orthographic projec-
tion can be extracted as

p = −nx

nz
, q = −ny

nz
. (7)

The normal integration problem can be formulated as mini-
mizing the following functional:

J (z) =

∫∫
Ωn

(
(∂uz − p)2 + (∂vz − q)2

)
du dv, (8)

where ∂u and ∂v denote partial derivatives of the depth
function z : Ωn → R along u and v axes on the image
plane. Based on this optimization, single-view depth can be
obtained up to scale under perspective projection [4].

3.2. Problem definition

Given camera intrinsic K and multi-view surface normal
maps in the camera space, the problem we aim to solve can
be formulated as:

min ∥Ri∇f(x)− nc
i (K(Rix+ ti)) ∥22, (9)

where [Ri, ti] denote rotation and translation at i-th view,
p = K(Rix + ti) represents the projected pixel position
of x at the view, and nc(p) denotes the observed surface
normal in camera space. Ri∇f(x) rotates the world-space
normal nw = ∇f(x) to the camera space. By minimizing
the difference in camera-space surface normal, this paper
aims to solve the 3D surface shape represented by SDF, and
the multi-view camera poses jointly.

3.3. Joint optimization of pose and surface

PMNI adopts a hash-encoded SDF network and uses vol-
ume rendering to get per-view surface normal and depth in
the world space. We set the SDF network parameters and
camera poses as learnable variables, which are optimized
via the following loss function:

L = λ0Lnormal+λ1Lni+λ2Lc+λ3Leikonal+λ4Lmask,
(10)

where λi is the coefficient to balance different loss terms.
In the following, we introduce details of these loss terms.

World-to-camera surface normal loss Lnormal. Given
world-space surface normal nw(p) projected at pixel loca-
tion p rendered from SDF network, and the camera-space
surface normal nc(p) recorded in the input surface normal
map, Lnormal is defined as

Lnormal =

N∑
i=1

∑
p

|Rin
w
i (p)− nc

i (p)|
2
2 , (11)

where N denotes the number of input views.

Normal integration loss Lni. Given surface normal
maps, we use normal integration method BiNI [4] to get
integrated depth map zni. This depth map has an inher-
ent scale ambiguity to the corresponding GT depth, i.e.,
z = αzni. Given the depth map zr rendered from SDF,
we can calculate this scale α via least squares. Specifically,

α =
zni · zr

zr · zr
. (12)

We calculate the scale for each view. Using these integrated
depth maps, we regularize the SDF network by L1 loss, i.e.,

Lni =

N∑
i=1

∣∣zri − αiz
ni
i

∣∣ . (13)

Multi-view normal consistency loss Lc. Motivated by
existing pose-free 3D reconstruction methods that apply
correspondences between views to regularize the camera
poses, we try to find dynamic 2D correspondences by pro-
jecting sampled scene points from SDF to the 2D image
plane defined by camera poses at each iteration. Given these
2D correspondences, we measure the consistency of the sur-
face normal maps in the camera space.

Specifically, we first cast a ray passing through p at a
reference view and trace until touching the surface points
x.

After that, we project x to all the other camera views via
projection Π = {πi = [Ri, ti] | i = 0, . . . , N − 1}, and get
the corresponding surface normals nc(πi(x)) in the camera
space. Theoretically, these surface normals can be rotated to
the same world surface normal via the corresponding cam-
era poses. Based on this constraint, we define the loss at p
as

Lc =

N−1∑
i

∥∥R̄n̄c(p)−Rin
c
i (πi(x))

∥∥2
2
, (14)

where R̄ and n̄ denote the rotation and camera view normal
in the reference frame. As point x is not visible to all views,
we introduced a visible mask function γi(x) based on ray
tracing, i.e.,

γi(x) =

{
1 if x is visible to i-th camera,
0 otherwise.

(15)
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Based on this visibility check, we rewrite the multi-view
normal consistency loss as

Lc =

N−1∑
i

γi(x)
∥∥R̄n̄c(p)−Rin

c
i (πi(x))

∥∥2
2
. (16)

We compute and accumulate this loss under different pixels
and reference views.

Mask loss Lmask is built upon labeled silhouette of target
shape, i.e.,

Lmask =

N∑
i

∑
p

BCE (ôi(p), oi(p)) , (17)

where oi(p) and ôi(p) correspond to the input and rendered
mask value at p, and BCE(·) denotes binary cross entropy
function.

Eikonal loss Leikonal. To enforce the SDF gradient norm
to be close to 1 almost everywhere so that the neural SDF is
approximately valid, we introduce Eikonal loss as follows,

Leikonal =
∑
x

(∥∇f(x)∥2 − 1)
2
. (18)

Initialization of camera poses. We initialize the camera
poses as a circular distribution with a radius r. To determine
r, we assume the target object is within a bounding box
[−1, 1]3, and the object is always fully covered by each view
with the resolution of H ×W . Given focal length in pixel
units, radius r can be determined by 2f/H . More details
can be found in our supplementary material.

4. Experiment
In this section, we first evaluate the shape estimation of our
method using multi-view normal integration with calibrated
camera poses as reference (Sec. 4.1). Then, we compare
pose-free 3D reconstruction methods with ours on both pose
and shape estimation (Sec. 4.2). More experiments, such as
shape reconstruction from sparse and uncalibrated camera
poses, are in the supplementary material.

4.1. Comparison on multi-view normal integration

Dataset and baselines. DiLiGenT-MV [16] includes 5
objects captured from 20 views, providing ground-truth
3D meshes, per-view surface normals, and calibrated cam-
era poses. Using DiLiGenT-MV [16], we compare our
method with the state-of-the-art multi-view normal integra-
tion method SuperNormal [3], which uses calibrated camera
poses as input.

Table 1. Quantitative evaluation of shape and camera pose recov-
ery on DiLiGenT-MV [16]. SuperNormal [3] with noisy camera
poses is indicated with * marker. The best and second-best results
are labeled in bold and underlined.

Method Metric BEAR BUDDHA COW POT2 READING Average

SuperNormal [3]
CD ↓

0.158 0.111 0.099 0.154 0.187 0.142
SuperNormal [3] * 0.614 0.862 0.985 0.771 0.645 0.775
PMNI 0.189 0.122 0.191 0.115 0.148 0.153

SuperNormal [3]
F1-score ↑

0.982 0.998 0.999 0.998 0.988 0.993
SuperNormal [3] * 0.500 0.356 0.310 0.421 0.465 0.410
PMNI 0.970 0.996 0.989 0.999 0.995 0.990

PMNI RPEr(◦) ↓ 0.115 0.231 0.184 0.141 0.209 0.176
RPEt ↓ 0.030 0.059 0.044 0.037 0.087 0.051

Calib. pose Noisy pose Recovered pose

0 

≥1 mm

GT SN SN Noise Ours

Calib. pose

Noisy pose Recovered pose

0 

≥1 mm

GT SN SN Noise Ours

Calib. pose Calib. pose

Figure 4. Qualitative comparison between SuperNormal [3] (ab-
breviated by SN) and ours on DiLiGenT-MV [16]. The camera
poses for “SN noise” are slightly perturbed to simulate calibration
noise. Our method accurately recovers camera poses, and the re-
construction is robust to pose calibration noise.

Evaluation metric. We evaluate shape accuracy using the
L2 Chamfer distance (CD) and F-score with a threshold of
τF = 0.5mm, following SuperNormal [3]. For pose es-
timation, we align the estimated poses to the ground truth
using [23]. Following Nope-NeRF [1], Relative Pose Er-
ror (RPE) is adopted, consisting of relative rotation error
(RPEr) and relative translation error (RPEt) to assess errors
between image pairs.
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Shape and pose recovery results. As shown in Table 1,
we perform a quantitative comparison between SuperNor-
mal [3] and PMNI on DiLiGenT-MV [16], using the GT
surface normal as input. We observe that PMNI achieves
comparable 3D shape reconstruction to SuperNormal [3],
with better results on the READING object. As shown in
Fig. 4, the CD error distributions show that both SuperNor-
mal [3] and our method recover shapes close to the GT,
highlighting the effectiveness of our pose-free multi-view
normal integration approach.

We also evaluate SuperNormal [3]’s robustness to cam-
era pose calibration. Specifically, Gaussian noise with vari-
ations of 0.01 for translation and 0.287◦ for rotation is
added to the camera poses. Despite these small perturba-
tions, the recovered shapes exhibit high-frequency artifacts,
as shown in Fig. 4. This occurs because noisy camera poses
lead to inconsistencies in multi-view surface normal projec-
tions. In contrast, by jointly optimizing camera poses and
surface shapes, our PMNI method is robust to calibration
noise and produces significantly smaller shape estimation
errors than SuperNormal [3].

Evaluation under different input surface normals.
Multi-view normal integration is flexible regarding the
source of input surface normal maps. From a practi-
cal standpoint, it is important to assess the robustness of
PMNI to errors introduced by different normal estimators.
Specifically, we use the photometric stereo method SDM-
UniPS [11], which relies on images under varying lighting,
and the single-image normal estimator StableNormal [27]
to generate input surface normals for both our method and
SuperNormal [3]. As shown in Fig. 5, surface normals from
StableNormal [27] are less accurate than those from SDM-
UniPS [11]. However, PMNI still achieves 3D shape es-
timations comparable to SuperNormal [3]. Despite differ-
ences in input, the recovered poses based on StableNor-
mal [27] or SDM-UniPS [11] remain close to the GT. Ta-
ble 2 further summarizes shape and pose estimation errors
on DiLiGenT-MV [16], showing that PMNI and SuperNor-
mal [3] are comparable, which highlights the robustness of
our method to varying levels of input surface normal errors.

4.2. Comparison on pose-free 3D reconstruction

This section evaluates previous pose-free surface recon-
struction methods on reflective and textureless objects.

Baselines. We select DUSt3R [25], SPARF [22], Nope-
NeRF [1], and CF-3DGS [8] as baselines for pose-free 3D
reconstruction. Our experiments show that SPARF [22]
and Nope-NeRF [1] are sensitive to pose initialization.
Therefore, we initialize their poses with calibrated values
while allowing them to be learned during optimization. In

GT Mesh SN(SDM) SN(ST) Ours(SDM) Ours(ST)
0°

30°
GT Normal SDM SDM Error ST ErrorST

Ours pose(SDM) Ours pose(ST)

Figure 5. Qualitative comparison with SuperNormal [3] (abbre-
viated as “SN”) using surface normal maps estimated by SDM-
UniPS [11] and StableNormal [27] (abbreviated as “SDM” and
“ST”), respectively. The top row visualizes the input surface nor-
mals and their angular error distributions.

Table 2. Quantitative evaluation of shape and pose recovery using
normal maps from SDM-UniPS [11] and StableNormal [27]. The
mean angular errors (MAE) of the input normal maps are shown
in the header.

Method Metric
StableNormal [27]

(MAE: 23.6◦)
SDM-UniPS [11]

(MAE: 8.3◦)
GT Normal
(MAE: 0◦)

SuperNormal [3] CD ↓ 0.543 0.194 0.142
PMNI 0.602 0.252 0.153

SuperNormal [3] F1-score ↑ 0.644 0.962 0.993
PMNI 0.620 0.946 0.990

PMNI RPEr(◦) ↓ 1.375 0.304 0.176
RPEt ↓ 0.384 0.095 0.051

contrast, our method initializes camera poses in a circu-
lar distribution, as detailed in the supplementary material.
DUSt3R [25] and CF-3DGS [8] do not require pose initial-
ization.

Since SPARF [22], Nope-NeRF [1], and CF-3DGS [8]
focus on pose-free novel view synthesis and output per-view
depth for geometric estimation, we evaluate them quantita-
tively using depth maps. However, depth maps ẑ from both
existing methods and ours have global scale ambiguity com-
pared to the GT. We use the depth map zs from SuperNor-
mal [3] with calibrated camera poses as the GT reference
and compute a global scale s that minimizes the difference
between sẑ and zs using least squares. The relative depth
error is then defined as the mean absolute difference be-
tween the scaled depth sẑ and zs divided by zs.
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Figure 6. Summary of RT3D dataset for pose-free reflective surface reconstruction.

Table 3. Quantitative comparison between existing methods and
ours on camera pose and surface shape estimation.

Method RPEr(◦) ↓
MONKEY CAT PINEAPPLE DOG DRAGON TIGER Avg

DUSt3R [25] 3.175 2.049 2.640 2.216 2.602 4.839 2.920
Nope-NeRF [1] 9.371 8.472 7.513 8.674 8.467 8.282 8.463
SPARF [22] 7.233 6.395 3.485 3.620 0.731 0.695 3.693
CF-3DGS [8] 16.867 16.664 17.276 14.789 15.625 16.659 16.313
PMNI 0.230 0.356 0.258 0.258 0.439 0.582 0.354

Method RPEt ↓
MONKEY CAT PINEAPPLE DOG DRAGON TIGER Avg

DUSt3R [25] 0.329 0.199 0.247 0.490 0.224 0.335 0.304
Nope-NeRF [1] 0.695 0.596 0.610 0.774 0.654 0.637 0.661
SPARF [22] 0.375 0.203 0.146 0.261 0.041 0.058 0.181
CF-3DGS [8] 0.947 0.796 1.092 0.878 0.998 1.124 0.972
PMNI 0.015 0.020 0.016 0.019 0.027 0.035 0.022

Method Relative Depth Error ↓
MONKEY CAT PINEAPPLE DOG DRAGON TIGER Avg

DUSt3R [25] 0.062 0.056 0.046 0.147 0.046 0.075 0.072
Nope-NeRF [1] 0.276 0.191 0.305 0.489 0.231 0.176 0.278
SPARF [22] 0.099 0.055 0.038 0.131 0.029 0.050 0.067
CF-3DGS [8] 0.363 0.360 0.475 0.488 0.477 0.502 0.444
PMNI 0.011 0.017 0.008 0.010 0.011 0.026 0.014

RT3D dataset. To quantitatively evaluate reconstruction
quality on reflective surfaces, we construct a multi-view
dataset with ground-truth meshes. Fig. 6 shows our cap-
tured 6 objects with highly reflective surfaces. For each ob-
ject, we use a Canon EOS R5 camera to capture 20 views
surrounding the object. For each view, we take 11 images
under varying illumination by moving an area light source
to different positions. These multi-light images are used for
photometric stereo to generate reliable surface normals.

To facilitate camera pose calibration, we place each tar-
get object on an OLED screen displaying ArUco markers,
as shown in Fig. 6. The scene is captured twice, once with
the display on and once off. The images with ArUco mark-
ers are used for evaluation only. Images without ArUco
markers serve as input for baseline methods and our ap-
proach. Additionally, we scan the shape of the 6 objects
with an EinScan SP scanner1, which provides a reference
for qualitatively assessing the reconstructed shapes.

1https://www.einscan.com/einscan-sp. Retrieved Nov.
14th, 2024.

Pose evaluation. As shown in Fig. 7, we visualize the
GT (shown in red) and estimated poses (shown in blue)
from existing methods and ours on MONKEY and DOG ob-
ject. The red line connecting the GT and estimated camera
positions illustrates the performance of pose recovery. CF-
3DGS [8] and Nope-NeRF [1] cannot produce reasonable
pose estimation, possibly due to the temporal continuity as-
sumption, which is not satisfied in the pose distribution of
RT3D. SPARF [22] applies a pre-trained dense correspon-
dence network, which may not generalize well on reflective
and textureless surfaces such as MONKEY and DOG, affect-
ing the pose estimation. DUSt3R [25] has relatively bet-
ter results based on learned point cloud correspondence but
there still remains a gap between its poses and GT. Given
a circular pose initialization shown in the second column,
the estimated poses from our method are accurately aligned
with the corresponding GT, as shown in the last column.

As shown in the top and middle rows of Table 3, our re-
covered poses, including rotation and translation, achieve
state-of-the-art performance over existing methods, demon-
strating the strength of using multi-view surface normals for
optimizing the camera poses.

Shape evaluation. As shown in Fig. 8, we compare es-
timated shapes from existing methods and ours, where
DUSt3R [25] and our method can output multi-view mesh,
and the shape visualizations from other methods are based
on depth. Consistent with the pose estimation, DUSt3R [25]
obtains better results than existing pose-free methods, but
is still unsatisfactory compared with scanned meshes. In
contrast, our PMNI gets detailed shape recoveries for the
two reflective and textureless surfaces, and the results are
close to SuperNormal [3] and scanned meshes, showing the
strength of our method. More results on RT3D can be found
in the supplementary material.

4.3. Ablation study

We conduct an ablation study to test the effectiveness of dif-
ferent loss terms, taking POT2 in DiLiGenT-MV [16] as an
example. As shown in Table 4, Lnormal contributes most to
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Calib. pose Init. pose DUSt3R [25] SPARF [22] Nope-NeRF [1] CF-3DGS [8] Ours

Figure 7. Qualitative comparison of camera pose recovery on MONKEY and DOG object of RT3D dataset. The red line segment connects
the calibrated and estimated camera locations to illustrate the quality of pose recovery.

GT SuperNormal [3] DUSt3R [25] SPARF [22] Nope-NeRF [1] CF-3DGS [8] Ours

Figure 8. Qualitative evaluation of shape recovery on MONKEY and DOG objects of the RT3D dataset.

Table 4. Ablation study on different loss terms.

Method Shape estimation Poss estimation
CD ↓ F1-score ↑ RPEt ↓ RPEr(◦) ↓

Ours w/o Lnormal 0.691 0.769 0.139 0.542
Ours w/o Lni 0.163 0.988 0.082 0.280
Ours w/o Lc 0.126 0.998 0.052 0.210
Ours 0.115 0.999 0.037 0.141

the shape and pose recovery, demonstrating the necessity of
supervising surface normal for pose-free 3D reconstruction.
Without Lni, the prior of integrated depth is missing, lead-
ing to an error increase in shape and pose estimation. Lc

based on multi-view surface normal consistency also helps
to improve the accuracy. Combining these loss terms, our
method get accurate shape and pose estimation.

5. Conclusion

We introduce PMNI, the first method that recovers both
shape and pose solely from multi-view normal maps. Due

to the scarcity of features in reflective and textureless ob-
jects in the RGB domain, existing joint optimization-based
methods struggle with pose and shape recovery. In contrast
to RGB images, PMNI utilizes surface normals as input,
which are robust to reflective and textureless surfaces. By
incorporating depth from normal integration as a prior and
leveraging multi-view geometric consistency, we jointly op-
timize shape and camera poses using a neural SDF network.
We hope our method will contribute to detailed 3D recon-
struction in casual capture settings.
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