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Introduction:

In recent years, 3D photogrammetry techniques such as Structure from Motion (SfM) and Multi-View
Stereo (MVS) have become standard tools for modeling the as-is state of medium- to large-scale objects
[1]. As shown in Fig. 1(a), the reconstruction process begins with SfM, which estimates camera poses
from overlapping images and extracts tie points, followed by MVS to generate a dense 3D mesh model
via multi-view stereo matching.

The quality of the resulting dense mesh strongly depends on surface coverage, image quality, and
shooting geometry, where surface coverage describes how completely the target object surface is
captured by the images, and shooting geometry denotes the cameras’ relative poses with respect to the
surface. Insufficient surface coverage or improper shooting geometry can result in low-quality areas,
such as holes or distortions, within the dense mesh. However, MVS requires substantial computation
time, often ranging from tens of minutes to several hours, making it difficult to promptly identify low-
quality areas or determine additional shooting positions after image capture. Therefore, a faster
approach is needed to predict dense mesh quality without performing MVS processing.

Several studies have estimated the approximate target object surface from input images without
MVS processing to estimate surface coverage and shooting geometry. For example, a method has been
proposed that uses prior knowledge of the target object shape, represented as CAD or 2D map data [8];
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Fig. 1: NeRF-based prediction of MVS reconstruction quality.
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however, challenges remain regarding the cost and accuracy of generating the knowledge. Another
method has been proposed that applies Delaunay triangulation to tie points to estimate the approximate
object surface [4]. However, the method risks underestimating the object’s surface domain due to the
sparse spatial distribution of tie points.

To address the issue, this paper uses Neural Radiance Fields (NeRF), which enable rapid image
synthesis from novel viewpoints by learning radiance fields from captured images. As shown in Fig. 1(b),
our objective is to develop a method that, using a NeRF, estimates the approximate target object surface
more quickly than MVS and predicts surface coverage and MVS reconstruction quality based on the
relative pose of the approximate target object surface with respect to the capturing camera.

Neural Radiance Fields (NeRF):

Neural Radiance Fields (NeRF) is a neural rendering and view synthesis technique that represents scenes
as implicit radiance fields rather than explicit meshes and textures, enabling photorealistic novel-
viewpoint image synthesis from multi-view images [3]. NeRF is trained using input images with camera
poses estimated by SfM. A neural network models a 3D radiance field by taking a 3D position and
viewing direction as input and outputting the emitted color and volume density. The images from novel
viewpoints are generated by sampling color and density along the rays passing pixels and computing
the pixel values via volume rendering of the field.

NeRF reconstructs scenes using a different principle from MVS and offers several advantages. In
particular, the processing time from learning to novel-view synthesis is significantly faster than MVS,
and dense surface coverage with the input images is not required. As a result, NeRF can often reconstruct
scenes from sparse image sets, whereas MVS often fails to do so. In addition, depth images can be
rendered from arbitrary viewpoints by estimating expected depth values from the volumetric density
distribution, which provides an approximate surface representation of the target object. Our proposed
method exploits this depth estimation capability of NeRF.

Prediction Pipeline of MVS Reconstruction Quality utilizing NeRF:

The proposed method takes as input a set of captured images 7Pt = {I"""" | k € [1,K""]} and an
evaluation camera ¢, placed at an arbitrary viewpoint q specified by the user, where K"P* denotes the
number of captured images. It then renders an RGB image I"°**(c,) and depth image DV¢fF(c,) when
observed from the camera c, using NeRF and predicts reconstruction quality score image Q(c,) of the
dense mesh M4emse that will be reconstructed from the input images 77** and observed from c,. The
detailed processing steps are presented in the followings.

DNeRF(Cq)

\

’ (a) Evaluation point &
normal generation

(b) Evaluation validity test
Vo (pi(cq). ™ ) =
valid)

E’icnput k k
input
A k
.
.

(c) Evaluation validity test
Vy (pj(cq), €™ ) = invalid)

1

A.[ (e) Estimation of

shooting geometry

(d) Evaluation validity test
(Vp (pj(cq)- e ) = invalid)

Fig. 2: Principles of MVS reconstruction quality prediction using NeRF.
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Camera Pose Estimation and NeRF Model Training
The standard SfM process using COLMAP [5] is applied to the captured image set 7%t to estimate the
input

poses of the camera ¢ for each image I.""** € 7i"Put, Then a NeRF model is trained using the image
set ginvut = {I"P¥) and camera set CPUt = {4,

Evaluation Point Generation

As shown in Fig. 2(a), a depth image DNeRF (cq) is rendered for an evaluation camera ¢, placed at a user-
specified viewpoint q using the radiance intensity of NeRF model. Then the inverse projection of the
depth image DVeRF(c,) is performed to generate a set of 3D evaluation points P(c,) = {p;(c,)|j € JNFF}
corresponding to a pixel j in DVeRF(c,), where JNeRF denotes a set of pixels in DV¢RF, Furthermore, a set
of the unit normal vector of the object surface facing toward ¢, is estimated at j as N(c,;) = {n;(c,)|Jj €
JVeRF} from the depth difference between adjacent pixels in DV¥¢fF (¢, ). The evaluation points P(c,) and
their normal vectors N (cq) work as a discrete approximation of a target object surface.

Evaluation Validity Test

Based on the evaluation points P(c,), their normal vectors N(c,) and the NeRF model, we test whether
each evaluation point p;(c,) is suitable for assessing the quality of the dense mesh that would be
reconstructed from the image set 7:"P%¢, [t examines whether the following two conditions hold:

(1) Is the evaluation point p;(c,), reconstructed from the input image set 7"P% and NeRF, reliable?

(2) Is the evaluation point pj(c,) is visible from the camera c;*""?

Condition (1) holds when the number and orientation of input images are sufficient for training the
NeRF model, and a consistent radiance field is generated around the point p;(c,;). On the other hand,

condition (2) holds when no other object exists between the input camera ¢;"”**and the point p;(c,).

To test these conditions, as shown in Fig. 2(b)-(d), we first generate a ray r (k, p j(cq)) from the
viewpoint k of the camera c™* € C"P“¢ toward the evaluation point p;(c,) within the field of view

of ¢, then estimate the depth dVerF ( r (k, p j(cq))) from the NeRF model along that ray r (k, p; (cq)).

On the other hand, we calculate the simple geometric distance d9¢°™ (k, pj (cq)) between the viewpoint

k and p;(c,). Finally, if the relative error of the depth d"¢* with respect to the distance d9¢°™ does not
exceed a predetermined threshold (currently 10%) as shown in Fig. 2(b), it is determined that conditions

(1) and (2) are satisfied, the evaluation validity V, is set to V,(p;(c,), ci'"™ ) = valid for the pair of
evaluation point p;(c,) and input camera c,"”**. If the relative error exceeds the threshold as shown in

Fig. 2(c)-(d), conditions (1) or (2) do not hold, and we set V,(p;(cq). cf{"”“t = invalid.

Estimations of Shooting Geometry and Reconstruction Quality Score
Finally, MVS reconstruction quality score S (p ,-(cq)) for each evaluation point p;(c,) is estimated from

the shooting geometry between p;(c,) and the input camera set ¢4t = {cI""**}. A previous study [5]
empirically demonstrated that MVS reconstruction quality is influenced by the triangulation angle,
incident angle, and the distance from the camera to the point. As shown in Fig. 2(e), the triangulation
angle a,,, is the angle between the viewing rays from a camera pair ;""" and ¢;""** to the same point p;,
while the incident angle 6y, is the shallower of the ones between the surface normal and two viewing
rays.

To estimate reconstruction quality from a;,; and 6y, for an evaluation point p; and camera pair

(Clinput' Clinput)’ we calculate wy(p;), w,(p;) and ws(p;) using the following Eqns. (1) to (3):
-1
wi(pj) = {1 + exp (—ki(“k.l - “1))} @
-1
Wz(p]) =1- {1 + exp (—kz(ak,l - az))} (2)
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_ [ cosBy; (cosb; =0.5) 3)
ws(p)) = { 0 (cos By, < 0.5) (

Eqgns. (1) and (2) imply that penalties are applied when the triangulation angle is either too small or too
large, while Eqn. (3) implies that a large penalty is imposed if the incident angle is too large. As the
parameters ki, k,,a; and a,, we used a; =n/16, a, =n/4, k; =32, k, =8 in accordance with the
recommendation in [6]. Then the pair reconstruction quality score s, (p;, (c**, c/"™"*")) for an evaluation
point p;(c,) w.r.t. a camera pair (c,i"”“t, cf”’"“) is evaluated using Eqn. (4).

sp (1, (©,6")) = wa(p))wa(p)ws(p)) 4)
Considering that the reconstruction quality does not improve significantly even with three or more
excess camera pairs in MVS, finally, the reconstruction quality score S (p ; (cq)) for an evaluation point
p;(c,) is obtained from Eqn.(5).

S (pJ(CQ)) = max[ Z(Ckvcl)ecvalid Sp(pi(cq)' (Crr Cl))' 3]
Catia = { (c ) | ey € CP¥, ¢ # ¢, Vy(pj(cq), i) = valid, Vy(pj(cq) ) = valid }

By evaluating the reconstruction quality score S (p j(cq)) for each pixel in the image rendered from the

(5)

camera c;, the reconstruction quality score image Q(c,) can be rendered as an image format.

Experiments:
Setting

We conducted experiments using Barn and Truck image sets (|7“”| =410 for Barn, and 230 for Truck)
from a publicly available image benchmark [2]. COLMAP [5] was used for SfM and MVS reconstruction,
while a custom implementation based on nerfacto [7] was used for NeRF training, rendering, and
reconstruction quality prediction. The experiment aimed to verify whether the proposed method can
predict the degradation of a dense mesh reconstructed from MVS with the reduced input images.

Fig. 3 shows the experimental flow. First, we created an image subset 75 by extracting small
number of images at biased positions from the complete image set 7%, We then estimated camera poses
for the images of 75 (|75¥? | = 131 for Barn, and 83 for Truck) and for 7% using SfM. Then, the ground
truth dense mesh Mg was reconstructed from 7% using MVS, and the dense mesh for quality evaluation
M, was reconstructed from 75“?. NeRF model used for the quality prediction was trained using 7% .

Evaluation Method

To evaluate the validity of the proposed quality score image Q(c,), we generated an MVS reconstruction
error map R(c,) visualizing the error between M,,,; and M, and compared the maps Q(c,) and R(c,). To
this end, first, the minimum distance e(v) from a vertex v on M,,,s to the dense points on M;; was
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Fig. 3: Flow of the experiments.
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StM NeRF Reconstruction (MVS)
quality prediction
11 min 22 min 1.3 sec 57 min
Tab. 1: Difference in processing time between the proposed method and MVS.
MVS reconstruction Reconstruction quality
Evaluation - error map R(cq) score image Q(cq)
Original Image
camera -_— | — -_— =
0 Error e [m] 0.1 3 Quality score § (p,-(cq)) 0
€1
C2
C3

Fig. 4: MVS reconstruction error map R(cq ), and reconstruction quality score image Q(cq )at three
evaluation cameras for Barn dataset.

Barn Truck
Low-quality High-quality Low-quality High-quality
regions regions regions regions
Recall 72.4% 85.3% 76.4% 70.4%
Precision 16.6% 53.4% 20.9% 91.6%

Tab. 2: Binary classification performances of the reconstruction quality score
using pixel-wise precision and recall evaluated from all cameras C¢v®.

evaluated and treated as the error between the mesh M,,,,, and M;;. Next, we generated a reconstruction
error mesh M,,..., by assigning the error e(v) as a color to the attribute of each vertex v in M,,,. Finally,
by rendering M,,,, from the same camera ¢, as the map Q(c,), the MVS reconstruction error map R(c,)
is obtained.

Results and Discussion

Table 1 shows the execution times for each processing step in the proposed prediction method and MVS.
It was confirmed that the proposed prediction method performed approximately 2.6 times faster than
MVS processing. In this case, NeRF training was set to 20,000 epochs, but the model still performs well
with even fewer epochs.

Fig. 4 compares the reconstruction quality score image Q(cq) and MVS reconstruction error map
R(cq) from the evaluation cameras c;, ¢, and c; in Barn dataset. For all cameras, the areas with missing
portions or large reconstruction errors (red) in the error map R(c,) could be predicted as low-quality
regions (red) on the score image Q(cq). This suggests the proposed prediction method was effective.
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Furthermore, for the quantitative verification, we performed a binary classification of the pixels
both in the error map R(c,) and in the quality score image Q(c,). We classified pixels of the image Q(c,)
in the top 10% as high-quality, and those in the bottom 10% as low-quality. In contrast, for the error map
R(cq), we reversed this order. Table 2 presents the pixel-wise binary classification results for all
evaluation cameras Cév® (|C“"’“‘| = 279 for Barn, and 147 for Truck). For these datasets, recall for both
low- and high-quality regions, as determined by the reconstruction quality score, was relatively high,
ranging from 70% to 85%. Furthermore, precision for high-quality regions was also high, reaching 91% on
Truck dataset. This indicates that the proposed score can predict high-quality regions on the MVS-
reconstructed mesh with relatively high accuracy and that it also misses relatively few low-quality
regions. On the other hand, precision for low-quality regions was low, ranging from 16% to 20%. This
implies that the proposed score over-detects regions on the MVS-reconstructed mesh as “low-quality”
even when they are not actually low-quality.

Conclusions:
This paper proposed a method to predict MVS reconstruction quality in advance by leveraging the
relationship between the NeRF-learned depth map of the radiance field from the input image and the
camera configuration. Its effectiveness was verified through experiments. The results qualitatively
demonstrated that the proposed method could predict reconstruction quality, especially in the high-
quality region, with acceptable accuracy, more rapidly than MVS.

Moving forward, we intend to address the over-detection issue for low-quality regions by
incorporating the richness of the object’s surface texture into the evaluation metrics, along with the
geometric relationship between the camera and the surface.
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