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Abstract
Multi-view Stereo (MVS) is a common solution in photogrammetry applications for the dense reconstruction of
a static scene from images. The static scene assumption,
however, limits the general applicability of MVS algorithms,
as many day-to-day scenes undergo non-rigid motion, e.g.,
clothes, faces, or human bodies. In this paper, we open up
a new challenging direction: Dense 3D reconstruction of
scenes with non-rigid changes observed from a small number of images sparsely captured from different views with
a single monocular camera, which we call non-rigid multiview stereo (NRMVS) problem. We formulate this problem
as a joint optimization of deformation and depth estimation,
using deformation graphs as the underlying representation.
We propose a new sparse 3D to 2D matching technique with
a dense patch-match evaluation scheme to estimate the most
plausible deformation field satisfying depth and photometric consistency. We show that a dense reconstruction of a
scene with non-rigid changes from a few images is possible,
and demonstrate that our method can be used to interpolate
novel deformed scenes from various combinations of deformation estimates derived from the sparse views.

1. Introduction
Surface reconstruction of dynamic objects from sparse
spatial and temporal views is an unsolved and seemingly illposed problem. Existing work addresses related problems
with additional constraints, e.g. static geometry, or with additional structure, e.g. depth maps or dense video frames.
We demonstrate for the first time, that it is possible to jointly
solve for depth and shape deformation from sparse spatial
and temporal views. We believe this is crucial for everyday
capture scenarios where a single high resolution still camera
is used to image an object from multiple viewpoints, and the
static behavior of the subject matter cannot be controlled.
For static scenes, multi-view stereo algorithms [5, 7, 17,
19, 48, 50] have played an important role in dense 3D reconstruction on top of estimated camera poses and sparse
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(a) Canonical view

(b) Updated
canonical view

(c) 3D point cloud for each view

Figure 1: We take a small number of input images with nonrigid changes captured from different views (top row). We
then reconstruct the 3D geometry of objects undergoing deformation. We first triangulate a canonical surface from a
pair of views with minimal deformation (a). Then we compute the deformation from the canonical view to the other
views, and reconstruct point clouds for both original canonical views (b) and other remaining views (c).
points from structure from motion (SfM) [47] algorithms.
They are the keys to understand a scene for augmented
reality, robotics, and autonomous driving. However, if a
scene contains motion, such as non-stationary rigid objects or non-rigid surface deformations, the assumption of
an epipolar constraint is violated [22], causing algorithms
to fail in reconstructing most non-static regions. We observe that camera poses can be computed with sufficient
static regions [44]. Scenes with rigidly-moving objects have
been reconstructed by segmenting foreground objects from
the background, and treating these regions independently
[62, 29, 60]. For dynamic scenes with abundant non-rigid
changes, to compute camera poses and (often) sparse points
with deformation, various non-rigid structure from motion
(NRSfM) methods have been introduced [25]. These methods often require either dense views (video frames) [3, 10]
for the acquisition of dense tracks of correspondences, or
prior information to constrain the problem [9]. Newcombe
et al. [43] and Innmann et al. [24] recently demonstrated
solutions for the 3D reconstruction of arbitrary, non-rigid,
dynamic scenes using a dense stream of metric depths cap-
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Figure 2: Overview of our framework: We first reconstruct the initial point cloud from the views with minimal deformation,
which we call canonical views. Then, we estimate depths for the remaining views by estimating a plausible d eformation
from a joint optimization between depth, deformation, and dense photometric consistency. With these computed depths and
deformations, we also demonstrate an interpolation deformation between input views.
tured from a commercial depth camera.
In this paper, we are specifically interested in dense 3D
reconstruction of scenes with dynamic non-rigid deformations from a small number of images sparsely captured from
different views at different times. We refer to this as nonrigid multi-view stereo (NRMVS). This requires two solutions: (1) a method to compute the most plausible deformation from all potential deformations between a given baseline of the views, and (2) a dense 3D reconstruction algorithm that satisfies a photometric consistency constraint between images of surfaces undergoing non-rigid changes.
In our solution, we first compute a canonical point
cloud from views that have minimal relative deformation
(Fig. 1(a)), and then estimate the deformation between the
canonical pose and other views by a joint optimization of
depth and photometric consistency. During this process,
the 3D point cloud of the canonical pose is continuously
expanded (Fig. 1(b)). Then, through the individual deformation fields estimated from each view to the canonical
point cloud, we can reconstruct a dense 3D point cloud of
each single view (Fig. 1(c)). A brief overview of our entire
framework is described in Fig. 2.
Our contributions are as follows:
• The first non-rigid MVS pipeline that densely reconstructs dynamic 3D scenes with non-rigid changes
from sparse RGB views.
• A new formulation to model non-rigid motion using a
deformation graph [55] and the approximation of the
inverse-deformation used for the joint optimization to
maximize photometric consistency along with a practical scheme to filter sparse feature matches in the presence of non-rigid scene motion.
• Patchmatch-based [5] dense sample propagation on
top of an existing MVS pipeline [48], which allows
flexible implementation depending on different MVS
architectures.

2. Related Work
Dynamic RGB-D Scene Reconstruction. A prior step
to full dynamic scene reconstruction is dynamic template

tracking of 3D surfaces. The main idea is to track a shape
template over time while non-rigidly deforming its surface
[11, 2, 21, 23, 35, 32, 34, 18, 63]. Jointly tracking and reconstructing a non-rigid surface is significantly more challenging. In this context, researchers have developed an impressive line of works based on RGB-D or depth-only input [61, 41, 56, 6, 12, 14, 40, 59, 36]. DynamicFusion [43]
optimizes a Deformation Graph [55] using dual-quaternion
blending [27], then fuses the deformed surface with the current depth map. Innmann et al. [24] follows up on this
work by using an as-rigid-as-possible regularizer to represent deformations [53], and incorporate RGB features in
addition to a dense depth tracking term. Fusion4D [13]
brings these ideas a level further by incorporating a highend RGB-D capture setup, which achieves very impressive
results. More recent RGB-D non-rigid fusion frameworks
include KillingFusion [51] and SobolevFusion [52], which
allow for implicit topology changes using advanced regularization techniques. This line of research has made tremendous progress in the recent years; but given the difficulty of
the problem, all these methods either rely on depth data or
calibrated multi-camera rigs.
Multi-View Stereo. Various MVS approaches for dense
3D scene reconstruction have been introduced in the last
few decades [17, 19, 48, 50]. These methods commonly
utilize camera poses and sparse 3D points estimated from
SfM [47, 58, 26, 57] algorithms for further dense evaluation of the scene. A recent survey [49] on MVS shows that
COLMAP [48] performs best among state-of-the-art methods. Therefore, in this paper, we adopt COLMAP’s Patchmatch framework for dense photometric consistency. While
these methods work well for static scenes, they often failed
to reconstruct the regions that do not follow the epipolar geometry assumption [22]. Thus, even if there are sufficient
static regions to estimate camera poses from SfM, generic
MVS methods do not complete the reconstruction on the
surfaces with non-rigid changes. Non-rigid registration is
utilized to improve static 3D reconstructions [45].
Dynamic Scenes and NRSfM. Non-rigid structure from
motion methods [25, 28, 46] tackle more challenging prob-

2755

lems of estimating camera poses of the images mostly observing points with non-rigid motion. Hence, with a successful camera pose estimation and non-rigidly moving
sparse points, our non-rigid dense reconstruction method
could directly run on top of such methods. However, due
to the inherent ill-posed property of the problem, most of
the NRSfM methods require large number of video frames
to use a dense track of correspondences [20, 3], prior
shape/motion information [9, 4, 39] or multiple synchronized videos/images [42, 30, 8, 31].
In our work, we focus on the dense 3D reconstruction
with joint optimization of depth and estimated deformation from only a few images. Thus, we assume that there
are sufficient static regions that allow us to estimate camera poses even with standard SfM frameworks [1, 47, 15].
While more challenging dynamic scenes with insufficient
static regions could be handled by advances in NRSfM for
few images, it is beyond the scope of our approach.

3. Approach
The input to our NRMVS method is a set of images of
a dynamic object taken from a single monocular camera in
unique locations at different times. We do not assume any
knowledge of temporal order, i.e., the images are an unorganized collection. However, we assume there are at least two
images with minimal deformation, and the scene contains
sufficient background in order to measure the ratio of nonrigidity and to recover the camera poses. We discuss details
later in Sec. 3.3. The output of our method is an estimate
of the deformation within the scene from the canonical pose
to every other view, as well as a depth map for each view.
After the canonical view selection, we reconstruct an initial
canonical point cloud that serves as a template for the optimization. Given another arbitrary input image and its camera pose, we estimate the deformation between the canonical point cloud and the input. Furthermore, we compute a
depth map for this processed frame using a non-rigid variant
of PatchMatch. Having estimated the motion and the geometry for every input image, we recompute the depth for the
entire set of images to maximize the growth of the canonical
point cloud. Fig. 2 shows an overview of our method.

3.1. Modeling Deformation in Sparse Observations
To model the non-rigid motion in our scenario, we use
the well known concept of deformation graphs [55]. Each
graph node represents a rigid body transform, similar to the
as-rigid-as-possible deformation model [53]. These transforms are locally blended to deform nearby space.
Given a point v ∈ R3 , its deformed version v̂ is:
v̂ =

k
X
i=1

wi (v) [Ri (v − gi ) + gi + ti ] ,

Figure 3: Deformation nodes and correspondences:
(Left) The deformation nodes at t0 (orange), and another
set of nodes at t1 (red) overlaid in the canonical view.
(Right) The relationship between deformation nodes from
two views and sparse 3D matches (after lifting) in the context of a non-rigid change. Note that we only show the
sparse matching for simpler visualization while there is also
a dense term for photometric consistency that drives the displacement of deformation nodes with the sparse matches.
where Ri and ti represent the rotation and translation of a
rigid body transform about position gi of the i-nearest deformation node, and k is the user-specified number of nearest neighbor nodes (we set k = 4 throughout our paper).
The weights wi are defined as:
2

kv − gi k2
1
1−
.
wi (v) = Pk
kv − gk+1 k2
j=1 wj (v)

For a complete description of deformation graphs, we refer
to the original literature [55].
When projecting points between different images, we
also need to invert the deformation. The exact inverse deformation can be derived given known weights:
#
!−1 "
k
k
X
X
wi (v) [Ri gi − gi − ti ]
v̂ +
wi (v)Ri
v=
i=1

i=1

However, because we do not know the weights a priori,
which requires the nearest neighbor nodes and their distances, this becomes a non-linear problem. Since this computationally expensive step is necessary at many stages of
our pipeline, we introduce an approximate solution:
!−1 "
#
k
k
X
X
v̂ +
v≈
ŵi (v̂) [Ri gi − gi − ti ] ,
ŵi (v̂)Ri
i=1

i=1

where the weights ŵi are given by
2

1
kv̂ − (gi + ti )k2
ŵi (v̂) = Pk
1−
.
kv̂ − (gk+1 + tk+1 )k2
j=1 ŵj (v̂)

Note that our approximation can be computed directly and
efficiently, without leading to any error of observable influence in our synthetic experiments.

3.2. Non-rigid Photometric Consistency and Joint
Optimization
With the deformation model in hand, we next estimate
the depth of the other views by estimating deformations that
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Deformation and Depth Estimation In our main iteration
(see also Algorithm 1), we estimate the deformation D̂ between the canonical pose and the currently selected view by
minimizing the joint optimization problem:

(a) Iteration 1

(b) Iteration 2

E = wsparse Esparse + wdense Edense + wreg Ereg
X
Esparse =
kD̂(xi ) − xj k22

(1)

(i,j)∈S

Figure 4: Sparse correspondence association: In iteration
i, we transform the 3D point x0 according to the previous
(i−1)
(i−1)
estimate of the deformation D2
and project D2
(x0 )
onto the ray defined by u2 . The projection is used to define
a force F pulling the point towards the ray.
are photometrically consistent with the collection images
and subject to constraints on the geometry. This entire step
can be interpreted as a non-rigid version of a multi-view
stereo framework.
Canonical View Selection From the set of input images,
we select two views with a minimal amount of deformation. We run COLMAP’s implementation of PatchMatch
[48] to acquire an initial temple model of the canonical
pose. Based on this template, we compute the deformation
graph by distributing a user-specified number of nodes on
the point cloud. To this end, we start with all points of the
point cloud as initial nodes. We iterate over all nodes, and
for each node remove all its neighbors within a given radius.
The process is repeated with a radius that is increased by
10%, until we have reached the desired number of nodes. In
our experiments, we found that 100 to 200 nodes are sufficient to faithfully reconstruct the motion. Fig. 3(left) shows
an example of the node distribution.
Correspondence Association For sparse global correspondences, we detect SIFT keypoints [37] in each image and
match descriptors for every pair of images to compute a set
of feature tracks {ui }. A feature track represents the same
3D point and is computed by connecting each keypoint with
each of its matches. We reject inconsistent tracks, i.e., if
(j)
there is a path from a keypoint ui in image i to a different
(k)
keypoint ui with j 6= k in the same image.
We lift keypoints ui to 3D points xi , if there is a depth
value in at least one processed view, compute its coordinates
in the canonical pose D−1
i (xi ) and apply the current estimate of our deformation field Dj for frame j to these points.
To establish a sparse 3D-3D correspondence (D−1
i (xi ), xj )
between the canonical pose and the current frame j for the
correspondence set S, we project Dj (D−1
i (xi )) to the ray
of the 2D keypoint uj (see Fig. 4). To mitigate ambiguities
and to constrain the problem, we also aim for dense photometric consistency across views. Thus, for each point of the
template of the canonical pose, we also add a photometric
consistency constraint with a mask Ci ∈ {0, 1}.

Edense =

XXX
r

Ereg =

s

m
X
X

Ci · (1 − ρr,s (D̂(xi ), D̂(ni ), xi , ni ))2

i

kRj (gk − gj ) + gj + tj − (gk + tk )k22

j=1 k∈N (j)

To measure photometric consistency ρr,s between a reference image r, i.e. the canonical pose, and a source view
s, we use the bilaterally weighted adaption of normalized
cross-correlation (NCC) as defined by Schoenberger et al.
[48]. Throughout our pipeline, we employ COLMAP’s default settings, i.e. a window of size 11 × 11. The regularizer
Ereg as defined in [55] ensures a smooth deformation result.
To ensure non-local convergence, we solve the problem in a
coarse-to-fine manner using an image pyramid of 3 levels.
Both the sparse and dense matches are subject to outliers. In the sparse case, these outliers manifest as incorrect
keypoint matches across images. For the dense part, outliers mainly occur due to occlusions, either because of the
camera pose or because of the observed deformation.
To reject outliers in both cases, we reject correspondences with the highest residuals calculated from the result
of the non-linear solution. We re-run the optimization until
a user-specified maximum error is satisfied. This rejection
is run in a 2-step process. First, we only solve for the deformation considering the sparse 3D-3D matches. Second,
we fix the retained 3D-3D matches and solve the joint optimization problem, discarding only dense correspondences,
resulting in a consistency map Ci ∈ {0, 1}.
We iterate this process (starting with the correspondence
association) until we reach convergence. In our experiments, 3 to 5 iterations suffice to ensure a converged state.
To estimate the depth for the currently processed view,
we then run a modified, non-rigid variant of COLMAP’s
PatchMatch [48]. Instead of simple homography warping,
we apply the deformation to the point and its normal.

3.3. Implementation Details
In this section, we provide more details on the implementation of our framework (Fig. 2). Algorithm 1 shows
the overall method, introduced in Sec. 3.1, and Sec. 3.2.
Given input RGB images, we first pre-process the input.
To estimate the camera pose for the images, we use the SfM
implementation of Agisoft Photoscan [1]. Our tests showed
accurate results for scenes containing at least 60% static
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imately six hours (Intel i7-6700 3.4 GHz, NVIDIA GTX
980Ti). More details on the computational expense are provided in the supplementary material.
Algorithm 2: Solving the joint problem

Algorithm 1: Non-rigid multi-view stereo

3

Data: RGB input images {Ik }
Result: Deformations {Dk }, depth {dk }
P := {1, . . . , k}, Q := ∅ ;
{Ck } = PhotoScanEstimateCameraPoses();
(i, j) = selectCanonicalViews();

4

(di , ni , dj , nj ) = ColmapPatchMatch(Ii , Ij );

5

Di = Dj = initDeformationGraph(di , dj );
{uk } = computeFeatureTracks();
Q := Q ∪ {i, j};
while Q 6= P do
l = nextImage(P \ Q);
{xk } = liftKeyPointsTo3D({uk }k∈Q ) ;
{xi } = D−1
k ({xk }) ;

1
2

6
7
8
9
10
11
12
13
14

(0)

(0)

(0)

(0)

(0)

(0)

(1)

(m)

16

{(x̃i , x̃l

17

Dl

20
21

} = projToRays({x̂l
(m)

(m+1)

(m)

)} = filter(Dl

2
3
4
5
6
7
8
9

10
11
12

(m)

{xl

19

(0)

Dl = Id ;
for m = 1 to N do
(m)
(m)
{x̂l } = Dl ({xi }) ;

15

18

1

(0)

13

}, {ul }) ;
(m)

, {(xi , xl

14

)});

(m)
(m)
= solve(Dl , {(x̃i , x̃l )},
(0)
(0)
(0)
(0)
Ii , di , ni , Ij , dj , nj , Il )

15
16
17

(m+1)

Dl = Dl
;
Q := Q ∪ {l};
(0)

18

tbh Data: Threshold ρmax , Ratio τ ∈ (0, 1)
Function solve(Dl , {(xi , xl )}, Ii , di , ni , Ij , dj , nj , Il ):
D̂l = Dl ;
for m = 1 to levels do
ρcut := τ · (1 − NCCmin ) = τ · 2 ;
Cp := 1 ∀p;
while true do
D∗l = solveEq1(D̂l ) ;
{rp } =
{Cp · (1 − ρ(D∗l (xp ), D∗l (np ), xp , np ))};
emax = max{rp };
if emax < ρmax then
D̂l := D∗l ;
break;
if m = levels then
D̂l := D∗l ;
Cp := 0 ∀p : rp > ρcut ;
ρcut := max{ρmax , τ · ρcut }
return D̂l

(0)

(dl , nl ) = NRPatchMatch({Ik , Dk }k∈Q );
{(dk , nk )}k∈Q = NRPatchMatch({Ik , Dk }k∈Q );

background. A recent study [38] shows that 60∼90% static
regions in a scene result in less than 0.02 degree RPE [54]
error for standard pose estimation techniques (see more discussion in the supplementary material). Given the camera
pose, we triangulate sparse SIFT matches [37], i.e., we compute the 3D position of the associated point by minimizing
the reprojection error. We consider matches with a reprojection error of less than 1 pixel to be successfully reconstructed (static inliers). The ratio of static inliers to the
number of total matches is a simple yet effective indication of the non-rigidity in the scene. We pick the image pair
with the highest ratio to indicate the minimum amount of
deformation and use these as the canonical views.
Two important aspects of our main iteration are described in more detail: We filter sparse correspondences
(line 16 in Algorithm 1) by estimating the deformation without dense matches and rejecting the pairs with the largest
residuals. This process is iterated, until the maximum residual is below a user defined threshold dmax . The hierarchical
optimization algorithm (line 17 in Algorithm 1) including
filtering for dense correspondences is given in Algorithm 2.
The joint optimization in our framework is a computationally expensive task. The deformation estimation, which
strongly dominates the overall run-time, is CPU intensive,
while the depth computation runs on the GPU. Specifically,
for the face example shown in Fig. 1 (6 images with 100
deformation nodes) the computation time needed is approx-

4. Evaluation
For existing non-rigid structure from motion methods,
different types of datasets are used to evaluate sparse
points [25, 9] and dense video frames with small baseline
(including actual camera view variation) [3]. Since our
problem formulation is intended for dense reconstruction
of scenes with sufficient variation in both camera view and
deformation, there are only few examples applicable to our
scenario [36, 60, 24]. Unfortunately, these datasets are either commercial and not publicly available [36], or only exhibit rigid changes [60]. Only few depth-based approaches
share input RGB data [24], but the quality of the images is
not sufficient for our method (i.e., severe motion blur, low
resolution (VGA) that does not provide sufficient detail to
capture non-rigid changes). To quantitatively evaluate how
our method can accurately capture a plausible deformation
and reconstruct each scene undergoing non-rigid changes,
we rendered several synthetic scenes with non-rigid deformations as shown in the first row of Fig. 5. We also captured several real-world scenes containing deforming surfaces from different views at different times. The examples
(face, rubber globe, cloth and paper) in Fig. 6, and their
other viewpoints are shown in the supplementary material.

4.1. Quantitative Evaluation with Synthetic Data
First, we evaluate the actual depth errors of the reconstructed depth of each time frame (i.e., propagated/refined
to a specific frame), and of the final refined depth of the
canonical view. Since we propose a challenging new problem, reconstructing non-rigid dynamic scenes from a small
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Input
Relative error
[0.51 % // 97.4 %]

[0.08 % // 100 %]

[1.23 % // 99.25 %]

[1.31 % // 99.44 %]

[0.97 % // 99.98 %]

[1.00 % // 99.14 %]

Figure 5: Quantitative evaluation with synthetic data: We created images of a deforming surface with 10 different views.
For the evaluation, we randomly chose six examples from the set and reconstructed the point cloud. The first row shows the
input images. The first two columns show the chosen canonical views. In the second row, we visualize the relative depth
error compared to the ground truth. We also show the mean relative depth error value (%) and the completeness (%). The
overall quantitative evaluation including a comparison to other baselines are shown in Table 1.
Table 1: Evaluation with other baselines: (a) COLMAP [48], (b) non-rigid ICP (NRICP) [33] with a dense photometric
optimization, and (c) Our method with different settings. S denotes sparse, D denotes dense, photometric objective. N equals
the number of iterations for sparse correspondence association (see Sec. 3.2). We compute the mean relative error (MRE) for
all reconstructed and non-rejected depth values as well as the overall completeness. Note that we create additional synthetic
data for multiple views per each deformation only for NRICP, which requires triangulated points per each deformation, as an
upper bound (using ground truth depth images), whereas COLMAP and our methods only use a single view per deformation.
(c) Our methods

MRE
Completeness

(a) COLMAP

(b) NRICP

S (N = 1)

S (N = 10)

D

S (N = 1) + D

S (N = 10) + D

2.11 %
68.74 %

0.53 %
99.30 %

1.48 %
97.24 %

1.50 %
97.71 %

2.37 %
96.41 %

1.12 %
98.76 %

1.11 %
98.99 %

set of images, it is not easy to find other baseline methods. Thus, we conduct our evaluation with an existing MVS
method, COLMAP [48], as a lower bound, and use as an upper bound a non-rigid ICP method similar to Li et al. [33]
based on the (in practice unknown) ground truth depth. The
non-rigid ICP using the point-to-plane error metric serves as
a geometric initialization. We refine the deformation using
our dense photometric alignment (see Sec. 3.2).
To compare the influence of our proposed objectives for
deformation estimation, i.e. sparse 3D-3D correspondences
and dense non-rigid photometric consistency, we evaluate
our algorithm with different settings. The relative performance of these variants can be seen as an ablation study. We
perform evaluation on the following variants: 1) considering only the sparse correspondence association using different numbers of iterations (see Sec. 3.2), 2) considering only
the dense photometric alignment, and 3) the combination of
sparse and dense. The results of the quantitative evaluation
can be found in Table 1. All methods/variants obtain a mean
relative error < 2.4%, overall resulting in a faithful reconstruction. Our joint optimization algorithm considerably
improves the reconstruction result compared to COLMAP
both in terms of accuracy (MRE reduction from 2.11% to
1.11%) and completeness (from 69% to 99%).
Importance of sparse and dense matching terms. In

terms of overall accuracy, the quantitative evaluation shows
that the sparse term is more important than the dense term
(S vs. D). Sparse feature matches serve as global anchor
points to guide the deformation, while the dense term provides local refinement (S(N = 10) vs. S(N = 10) + D).

4.2. Qualitative Evaluation with Real Data
Fig. 6 shows results of our non-rigid 3D reconstruction.
For each pair of rows, we show six input images and the
corresponding deformed 3D point clouds. Note that the deformed point clouds belong to the collection of 3D reconstructed points propagated by the computed deformations
using the other views as described in Sec. 3.2. The point
cloud of each first column of Fig. 6 shows the first canonical
point cloud (triangulated points from two views with minimal deformation). We visualize each reconstructed scene
from similar viewpoints as the input views. More viewpoints of the results including visualizations of the deformation graphs can be found in the supplementary material.

4.3. Quantitative Evaluation with Real Data
To quantitatively evaluate our approach on real-world
data, we generated different deformations of a rubber globe.
For each deformation state, we took 16 pictures that allowed
us to generate high-quality reconstructions [1] of that state,
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Input images
3D point cloud
Input images
3D point cloud
Input images
3D point cloud

Image

Reconstruction error

Figure 6: Qualitative evaluation with real data: In each row, the first two columns show the views used to create each
canonical point cloud. The first column of each result row (even row) shows the original canonical point cloud. The remaining
views from the second column of each result row shows the propagated version of reconstructed point clouds for each view.

3.19% @ 94.29%
5.41% @ 100%

6.47% @ 25.47%
30.3% @ 100%

8.77% @ 33.49%
45.7% @ 100%

Relative error

Approximation

2.26% @ 99.04%
2.66% @ 100%

Figure 7: Left: Quantitative evaluation with real data: Reconstruction error (upper) and approximation error of the inverse
deformation for the globe example (data as in Fig. 6). The average errors ±σ are given for the complete point cloud (e) and
parts with deformations ≥ 4cm (ê). Right: Stress test with extreme deformations: Relative depth error @ completeness
which we consider as ground truth. We then apply our new
approach using only one single image of each deformation
state, with all images from different views. Fig. 7 (upper
left) shows the distance to the ground truth, with an overall
average error of 0.6cm (1.6% of the globe’s diameter).

4.4. Inverse Deformation Approximation
We evaluate the error of our proposed approximation of
the inverse deformation D−1 by kD−1 (D(p)) − pk2 for all
points p of the reconstructed point cloud. Fig. 7 (lower left)
shows an overall average error of 1.7mm. The canonical
pose has an error of 0. With increasing amount of deformation, the accuracy slightly degrades due to the approximate
nature of the weight computation.
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(a) Bad canonical view selection

Figure 8: Deformation interpolation with in-between
views: We interpolate a point cloud between two reconstructed views from their depth and deformation. We show
two key-frames, source and target, denoted as red and yellow frames respectively, and then demonstrate the interpolated intermediate point cloud in the middle column. For
the top row, zoomed in-set images of the eye region show
how the deformation is applied to the intermediate point
cloud. More examples of the interpolated 4D animations
are shown in the supplementary materials.

4.5. Dynamic Scene Interpolation
Since we estimate deformations between each view and
the canonical point cloud, once all deformation pairs have
been created, we can easily interpolate the non-rigid structure. To blend between the deformations, we compute interpolated deformation graphs by blending the rigid body
transform at each node using dual-quaternions [27].
In Fig. 8, we show interpolated results from reconstructed scenes of the face example and the globe example shown in Fig. 6. Note that even though the estimated
deformation is defined between each view and the canonical pose, any combination of deformation interpolation is
possible. More examples of the interpolated structures are
shown in the supplementary material.

4.6. Limitations and Failure Cases
It is also important to point out the limitations of our approach (Fig. 9). We first assume that there is at least one
pair of images that has minimal deformation for the initial
canonical model. This can be interpreted as the first step
used by many SLAM or 3D reconstruction algorithms for
the initial triangulation. Fig. 9(a) shows an example of a
canonical point cloud created from two views that contain
too much deformation, only leading to a partial triangulation. Fig. 9(b) shows an example where the deformation
occurs mostly along the view direction. While we successfully estimate the deformation and reconstruct a similar example shown in Fig. 6, depending on the view this can cause
an erroneous estimation of the deformation.
To do a quantitative evaluation of failure cases, we

(b) Ambiguity along view direction

Figure 9: Failure cases: (a) shows the result of canonical
point cloud reconstruction from two views that are incorrectly selected (large deformation between two views: images in first and third column in top row of Fig. 6). While
the camera pose is successfully computed, since there are
large portions of non-rigid changes happening in the upper
part of face and near the mouth, there are many holes on the
face, which is not the best case if we choose this pair. (b)
shows a failure case when deformation (red circles) occurs
along the view direction, which causes the ambiguity.
stress-test our approach on a challenging synthetic sequence
(Fig. 7 right). Despite large deformations, ours generates
good results, except for extremely twisted geometry. We
also evaluate the influence of the input resolution (scales
1, 0.5, 0.25, 0.125) for the rightmost instance of the globe
example in Fig. 6. The avg. errors are 0.99cm, 0.91cm,
0.91cm, and 3.22cm, respectively. Up to a down scaling
by a factor of 4, the reconstruction error remains stable at ≈
1.0cm. With lower resolution images (scale ≥ 8), the algorithm is no longer able to accurately track the deformation.
Currently, our method assumes that there is only one deforming object in the scene. Extending it by an instance
segmentation will allow to handle multiple objects.

5. Conclusion and Discussion
We propose a challenging new research problem for
dense 3D reconstruction of scenes with non-rigid changes
from a few images sparsely captured from different views
of a single monocular camera. As a solution, we present a
joint optimization technique that optimizes over depth, appearance, and the deformation field in order to model these
non-rigid scene changes. We show that an MVS solution for
non-rigid change is possible, and the estimated deformation
field can be used to interpolate motion between views.
While our approach still shows limitations, e.g. due to
incorrect canonical view selection (see 4.6), we believe that
recent advances in deep learning-based approaches to estimate depth from single RGB input [16] or learning local
rigidity [38] for rigid/non-rigid classification can play a key
role for both the initialization and further mitigation of these
ambiguities.
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and S. Rusinkiewicz. Temporally coherent completion of
dynamic shapes. ACM Trans. on Graphics (TOG), 31(1):2,
2012. 2
[35] H. Li, R. W. Sumner, and M. Pauly. Global correspondence
optimization for non-rigid registration of depth scans. In
Computer Graphics Forum, volume 27, pages 1421–1430,
2008. 2
[36] H. Li, E. Vouga, A. Gudym, L. Luo, J. T. Barron, and G. Gusev. 3d self-portraits. ACM Trans. on Graphics (TOG),
32(6):187:1–187:9, Nov. 2013. 2, 5
[37] D. G. Lowe. Object recognition from local scale-invariant
features. In Intl. Conf. on Computer Vision (ICCV), 1999. 4,
5
[38] Z. Lv, K. Kim, A. Troccoli, D. Sun, J. Rehg, and J. Kautz.
Learning rigidity in dynamic scenes with a moving camera
for 3d motion field estimation. In European Conf. on Computer Vision (ECCV), 2018. 5, 8
[39] M. Magnor and B. Goldlucke. Spacetime-coherent geometry reconstruction from multiple video streams. In Proceedings. 2nd International Symposium on 3D Data Processing,
Visualization and Transmission, 2004. 3DPVT 2004., pages
365–372. IEEE, 2004. 3
[40] C. Malleson, M. Klaudiny, J. Y. Guillemaut, and A. Hilton.
Structured representation of non-rigid surfaces from single
view 3D point tracks. In Intl. Conf. on 3D Vision, volume 1,
pages 625–632, 2014. 2
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