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Abstract

Deep learning based 3D shape generation methods gener-
ally utilize latent features extracted from color images to en-
code the semantics of objects and guide the shape generation
process. These color image semantics only implicitly encode
3D information, potentially limiting the accuracy of the gen-
erated shapes. In this paper we propose a multi-view mesh
generation method which incorporates geometry informa-
tion explicitly by using the features from intermediate depth
representations of multi-view stereo and regularizing the 3D
shapes against these depth images. First, our system predicts
a coarse 3D volume from the color images by probabilis-
tically merging voxel occupancy grids from the prediction
of individual views. Then the depth images from multi-view
stereo along with the rendered depth images of the coarse
shape are used as a contrastive input whose features guide
the refinement of the coarse shape through a series of graph
convolution networks. Notably, we achieve superior results
than state-of-the-art multi-view shape generation methods
with 34% decrease in Chamfer distance to ground truth and
14% increase in F1-score on ShapeNet dataset. Our source
code is available at https://git.10/Jdmalg

1. Introduction

3D shape generation is a long-standing research problem
in computer vision and computer graphics with applications
in autonomous driving, augmented reality, etc. Conventional
approaches mainly leverage multi-view geometry based on
stereo correspondences between images but are restricted by
the coverage provided by the input views. With the availabil-
ity of large-scale 3D shape datasets and the success of deep
learning in several computer vision tasks, 3D representations
such as voxel grid [5, 49, 54] and point cloud [55, 10] have
been explored for single-view 3D reconstruction. Among
them, triangle mesh representation has received the most
attention as it has various desirable properties for a wide
range of applications and is capable of modeling detailed
geometry without high memory requirement.

Single-view 3D reconstruction methods [51, 22, 27, 47]

generate the 3D shape from merely a single color image but
suffer from limited visibility due to occlusion and high de-
pendency on training views leading to weaker generalization
to different input views, resulting in low quality reconstruc-
tions. Multi-view methods [52, 5, 26, 17] extend the input
to images from different viewpoints which provides more vi-
sual information and improves the accuracy of the generated
shapes. Recent work in multi-view mesh reconstruction [52]
introduces a multi-view deformation network using percep-
tual feature from each color image for refining the meshes
generated by Pixel2Mesh [51]. Although promising results
were obtained, this method relies on perceptual features from
color images which do not explicitly encode the geometry of
the objects and could restrict the accuracy of the 3D models.
The work is also constrained by the topology of the initial
shape, an ellipsoid, which limits the accuracy of the shapes
from subsequent refinement modules.

In this work, we present a novel multi-view mesh genera-
tion method where we start by predicting coarse volumetric
occupancy grid representations of the color images. Using
this representation for further refinement rather than a prede-
fined template shape allows us to generate shapes with more
accurate topology [13]. We then use Graph Convolutional
Network (GCN) [43, 51] to fine-tune the volumetric repre-
sentation to surface mesh in a coarse-to-fine manner. The
GCN obtains features of the graph nodes (mesh vertices)
from contrastive depth features alongside the RGB percep-
tual features. The contrastive depth features are extracted
from the rendered depth maps of the intermediate shape
and predicted depth maps from a multi-view stereo network.
Constrains between the rendered depths and predicted depths
at different viewpoints are further added. This allows our
system to better reason about the transformation required to
deform the intermediate shapes to confirm to the predictions
by the multi-view stereo network.

Both qualitative and quantitative experimental results
based on the ShapeNet [3] benchmark are provided to demon-
strate the effectiveness of the proposed approach. Remark-
ably, our method achieves the best performance among all
the previous mesh generation methods, with 14% increase
in F1-score compared to the state-of-the-art.
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2. Related Work

In this section, we first focus on the representation issue
of 3D deep learning. Afterwards, a brief review of shape
generation approaches based on single view and multiple
views is represented respectively.

3D Shape Representation 3D occupancy grid has been a
popular representation since conventional CNNs can be used
to generate them [5, 26]. More recently, mesh representation
is being increasingly used for 3D reconstruction [51, 52]
where a template mesh (an ellipsoid) is deformed to obtain
the final shape. This approach struggles in reconstructing
shapes whose topology is very different from the template
mesh. [13] proposes a hybrid approach where a coarse occu-
pancy grid is first predicted from single image which is
converted to mesh representation and further refined us-
ing mesh deformations. We adopt a similar approach in
our work where we predict the coarse occupancy grid from
multi-view images which are used as the initial shape for
succeeding refinements. Other shape representations include
point clouds [10, 55, 23], implicit surfaces [42], depth im-
ages [56, 57] etc.

Single-view Shape Generation. Traditional single-view
shape generation methods like [8, 59, 11] reason about shad-
ing, texture and defocus to reason about visible parts of the
object and infer its 3D geometry. Earlier learning-based
approaches [22, 47] use shape component retrieval and de-
formation from a large dataset for single-view 3D shape
generation. [30] extend this idea by introducing free-form
deformation networks on retrieved object templates from a
database. Some work learn shape deformation from ground
truth foreground masks of 2D images [27, 54, 49]. [5, 19, 25]
can learning 3D volumetric representations through deep
learning. Predicting 3D mesh from single-view color im-
ages has been proposed in [51, 41, 13, 48]. DR-KFS [24]
introduces a differentiable visual similarity metric to learn
single-view 3D shape generation while SeqXY2SeqZ [ 18]
represents 3D shapes using a set of 2D voxel tubes for shape
reconstruction. Front2Back [58] generates 3D shapes by
fusing predicted depth and normal images and DV-Net [23]
predicts dense object point clouds using dual-view RGB im-
ages with a gated control network to fuse point clouds from
the two views. FoldingNet [55] learns to reconstruct arbi-
trary point clouds from a single 2D grid. AtlasNet [15] use
learned parametric representation while [38, 42, 35, 36, 40]
employ implicit surface representation to reconstruct 3D
shapes.

Multi-view Shape Generation. Multi-view 3D model
generation has traditionally been tackled using stereo ge-
ometry principles. Among them, structure-from-motion
(SftM) [44, 1,7, 6] and simultaneous localization and map-
ping (SLAM) [2, 39, 9, 53] are popular techniques that per-
form 3D reconstruction and camera pose estimation at the

same time. Similarly, traditional multi-view stereo meth-
ods infer 3D geometry from images with known camera
parameters either using volumetric representation [31, 45] or
point cloud representation [ 12, 33]. These methods extract
local image features, match them across images and use the
matches to estimate 3D geometry. While the results of these
works are impressive in terms of quality and completeness
of reconstruction, they still struggle with poorly textured and
reflective surfaces and require carefully selected input views.

Deep learning based approaches can learn to infer 3D
structure from training data and can be robust against poorly
textured and reflective surfaces as well as limited and arbitrar-
ily selected input views. [20, 21, 56, 4, 37, 16, 57] propose
multi-view stereo models from learned cost volumes to pre-
dict depth images. Recurrent Neural Networks (RNN) based
methods [5, 26, 17] are another popular solution to solve
this problem. [!7, 34] introduce image silhouettes along
with adversarial multi-view constraints and optimize ob-
ject mesh models using multi-view photometric constraints.
Pixel2Mesh++ [52] extends single-view Pixel2Mesh [51] to
multi-view image input by introducing cross-view percep-
tual feature pooling and multi-view deformation reasoning
but struggles to reconstruct complex shape topology due to
its use of ellipsoidal template shape which it deforms to the
final shape. Our work avoids this pitfall by first predicting a
coarse volumetric model which can represent complex topol-
ogy and then applying deformations on it to get a finer shape
as the final model.

3. Methodology

Figure 1 shows the architecture of the proposed system
which takes as input multi-view color images of an object
with known poses and outputs a triangle mesh of the object
T = (V,F) where V = {v; € R3} is the set of vertex
coordinates and /' C V x V x V is the set of faces. The
multi-view voxel grid prediction module (Sub-section 3.1)
first predicts a coarse voxel grid of the object. The voxel
grid is converted to mesh representation by cubify opera-
tion [13] which is further refined by the mesh refinement
module (Sub-section 3.2). A series of Graph Convolution
Networks (GCN) deforms the cubified voxel grid to obtain
surface mesh. The GCNs use multi-view contrastive depth
features from concatenated predicted and rendered depth
along with RGB features as input to deform the input mesh.
Depth images are predicted using an extended MV SNet net-
work [56]. The multi-view features are fused using attention
mechanism.

3.1. Multi-view Voxel Grid Prediction

Single-view Voxel Grid Prediction For each of the input
single RGB image, we first generate the voxel occupancy
grid of the target object. Specifically, the single-view voxel
branch adopts the approach proposed in [13] which consists
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Figure 1: Architecture of the proposed method. First, the voxel grid prediction module obtains a coarse voxel grid
representation by probabilistically merging predicted voxel grids of each input image. Then, a series of GCNs further refine
the cubified voxel grid in a coarse-to-fine manner using contrastive features from the rendered depths of the current shape and
the depths from multi-view stereo. Specifically, the multi-view features are pooled using a attention-based mechanism.

of a ResNet feature extractor and a fully convolutional voxel
grid prediction network. Here, we set the resolution of the
generated voxel occupancy grid as 48 x 48 x 48. The
voxel prediction networks for all viewpoints share the same
weights.

Probabilistic Occupancy Grid Merging Voxel occu-
pancy grid predicted from a single viewpoint suffers from
occlusion and limited visibility. In order to fuse voxel grids
from different viewpoints we take inspiration from occu-
pancy map building techniques in robotics [ 14, 29] and pro-
pose a probabilistic occupancy grid merging method which
merges the voxel grids from each input viewpoint proba-
bilistically to obtain the final voxel grid output. This allows
occluded regions in one view to be estimated from other
views where those regions are visible as well as increase the
confidence of prediction in overlapping regions. Occupancy
probability of each voxel is represented by p(x) which is
converted to log-odds (logit):

l(z) = loglf(;f()x) €y

Bayesian update on the probabilities reduce to simple
summation of log likelihoods [29]. Hence, the multi-view
log-odds of a voxel is given by:

l(z) =l(x) +l2(x) + ... +1n(2) (2)

where [; is the voxel’s log-odds in view ¢ and n is the number
of input views. The final voxel probability z is obtained by

applying the inverse function of Equation (1) which is a
sigmoid function. Figure 2 shows the voxel grid predictions
at each viewpoint along with the merged grid for two sets of
input images.

3.2. Mesh Refinement

The cubified mesh from the voxel branch only provides a
coarse reconstruction of the object’s surface. We then apply
the graph convolutional network in which the mesh vertex
and edges are represented by the graph nodes and edges
respectively, to deform the mesh to more accurate positions
based on the RGB and contrastive depth features.

Multi-View Depth Estimation We extend MVSNet [56]
for multi-view depth prediction. To obtain the depth image
of each RGB image, we predict feature volume for each
image using shared CNN and iteratively warp the features to
each view and apply cost volume regularization to predict
the depths. In implementation, we discard the policy of
view selection, and set the number of depth hypothesis to 48
which is equivalent to a resolution of 25 mm.

GCN-based Mesh Deformation Following the presti-
gious previous works [51, 52], a graph convolution deforms
mesh vertices by propagating features from neighboring ver-
tices by applying:

fi = ReLUWofi + Y Wify), 3)

JEN ()



View 1

Merged grid

T
b

i

T

R
by W

Figure 2: Two examples of voxel grid prediction of in-
dividual views along with probabilistically merged grid.
For each example, top row: input images, bottom row:
single-view voxel grid prediction of the corresponding im-
ages transformed to the same coordinate frame. The merged
grid can take into account the visibility limitations in single
view predictions and produce better quality initial shape.

where N (4) is the set of neighboring vertices of the i-th ver-
tex in the mesh, fy, represents the feature vector of a vertex,
and Wy and W, are learnable parameters of the model. The
features pooled from multi-view images (discussed in subse-
quent paragraphs) along with 3D coordinates of the vertices
in world frame are used as features of the graph nodes. Se-
ries of Graph-based Convolutional Network (GCN) blocks
are applied to deform a mesh at the current stage to the next
stage, starting with the cubified voxel grids. Each GCN
block utilizes several graph convolutions to transform the
vertex features along with a final vertex refinement operation
where the features along with vertex coordinates are further
transformed as:

’U; =v; + tanh(WueTt [fla Ul]) (4)

Here, v; and v; represent the vertex coordinates before and
after each refinement operation, and the matrix W, is
another learnable parameter to obtain the deformed mesh.

Contrastive Depth Feature Extraction We take inspira-
tion from the work [58] that incorporates intermediate and
image-centric 2.5D representations instead of directly gen-
erating 3D shapes from only RGB images [51, 52] to im-
prove 3D reconstruction quality. As shown in Figure 3, we
therefore propose to formulate the features of graph nodes
using depth images as the additional inputs alongside with
the RGB features. At a single viewpoint, we consider two
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Figure 3: Contrastive feature extraction. We concatenate
rendered depths and predicted depths and apply CNN feature
extractor. The multi-view features are pooled using attentive
feature pooling and used by GCN for deforming the shape

sources of depth images, namely the rendered depth from the
meshes at different GCN stages and the corresponding input
depth from multi-view stereo. We apply the approach pro-
posed in [28] for differentiable rendering. Afterwards, we
propose a contrastive feature extractor which contrasts the
rendered depth of the current mesh against the input depth
from multi-view stereo and guides the GCN to reason about
the deformation. We use VGG-16 [46] as our contrastive
depth feature extraction network. Given the 2D feature maps,
the feature vector of each graph node can be obtained by
projecting its 3D coordinate to the corresponding feature
map using known camera parameters.

Attention-based Multi-View Feature Pooling In order
to fuse multi-view contrastive depth features, we formulate
an attention module by adapting multi-head attention mecha-
nism originally designed for sequence to sequence machine
translation using transformer architecture [50]. We choose
multi-head attention as our feature pooling method since it
allows the model to attend information from different rep-
resentation subspaces of the features by training multiple
attentions in parallel. This method is also invariant to the
order and number of input views.

3.3. Loss functions

Mesh losses To constrain the mesh predicted by each GCN
block P to resemble the ground truth @), we use three mesh
loss functions the same as [51]. The first loss measures the
Chamfer distance [10] between the nearest neighbor mesh
vertices A, and deforms vertices to correct positions. It is
defined as:

Lenamier(P,Q) = [PI72 > |lp—all> +1Q17" D lla —plI*, )

(p,9)EAP,Q (¢, p)EAQ, P

Furthermore, to encode the local higher order surface prop-
erties, the normal loss function is defined as:



Lnormal (P, Q) = *|P|_1 Z up - uq| — Q! Z lug - upl, (6)

(p,9)EAP Q (¢:p)EAQ, P

where u,, and u, represent the normals of vertices p and ¢
respectively.

An additional regularization term in the form of edge
length loss is also applied which penalizes long edges result-
ing in flying vertices [5 1] for visually appealing results. This
loss function is defined as:

1
Ledge(V, E) = T3] Z o —o'||%, %)
(v,v")EE

where E denotes the set of graph edges.
Multi-view stereo depth loss The original MVSNet [56]
uses L1-loss, but this approach uses BerHu loss since it

gives slightly higher accuracy. An intuitive explanation is
that BerHu provides a good balance between L1 and L2 loss

and a similar improvement is shown in the work [32] as well.
The multi-view stereo depth loss is defined as:
x| if|z] <c
ﬁd th = |272 - (8)
& Lt otherwise.

Here, z is the depth error of a pixel between the predicted
and the ground-truth and ¢ = 0.2 is a constant.

Contrastive depth loss The BerHu loss is also applied
to measure the difference between the rendered depth im-
ages at different GCN stages and the depth images from
multi-view stereo. We denote the constrastive depth loss as
Lecontrastive- Such a loss function encourages the predicted
mesh to conform to the multi-view stereo depths.

Voxel occupancy loss We introduce the voxel occupancy
loss which measures the cross-entropy loss between the pre-
dicted voxel occupancy probabilities and the ground truth
occupancy. Such a loss is used to supervise the voxel predic-
tions and further constrain the coarse initial shapes [13]. It
is defined as:

Evoxel = - (p(.%’)lOg(p(I)) + (1 - p(w))ZOQ(l - p(il'))) (9)

Finally, we use the weighted sum of the individual losses
discussed above as the final loss and train our model in an
end-to-end fashion. The final loss term L is defined as: £ =
)\chamfercchamfer + )\normalﬁnormal + )\edgeﬁedge + )\depth'cdepth +
/\comrastiveccomrastive + )\voxelﬁvoxel‘

4. Experiments
4.1. Experimental Setup

Comparisons We evaluate the proposed method against
various multi-view shape generation methods. The state-
of-the-art method is Pixel2Mesh++ [52] (referred as

P2M++). [52] also provide a baseline by directly extending
Pixel2Mesh [51] to operate on multi-view images (referred
as MVP2M) using their statistical feature pooling method
to aggregate features from multiple color images. Results
from additional multi-view shape generation baselines 3D-
R2N2 [5] and LSM [26] are also reported.

Dataset We evaluate our method against the state-of-the-
art methods on the dataset from [5] which is a subset of
ShapeNet [3] and has been widely used by recent 3D shape
generation methods. It contains 50K 3D CAD models from
13 categories. Each model is rendered with a transparent
background from 24 randomly chosen camera viewpoints to
obtain color images. The corresponding camera intrinsics
and extrinsics are provided in the dataset. Since the dataset
does not contain depth images, we render them using a
custom depth renderer at the same viewpoints as the color
images and with the same camera intrinsics. We follow the
training/testing/validation split of [13].

Implementation For the depth prediction module, we fol-
low the original MVSNet [56] implementation. The output
depth dimensions reduces by a factor of 4 to 56x56 from
the 224 x224 input image. The number of depth hypotheses
is chosen as 48 which offers a balance between accuracy and
running/training time efficiency. These depth hypotheses
represent values from 0.1 m to 1.3 m at an interval of 25
mm. These values were chosen based on the range of depths
present in the dataset.

The hierarchical features obtained from "Contrastive
Depth Features Extractor" are of total 4800 dimensions for
each view. The aggregated multi-view features are com-
pressed to 480 dimensional after applying attentive feature
pooling. 5 attention heads are used for merging multi-view
features. The loss function weights are set as Achamfer = 1,
)\normal =16x 10_4, /\deplh =0.1, /\comrastive = 0.001 and
Avoxel = 1. Two settings of Acegee Were used, Aegge = 0 (re-
ferred as Best) which gives better quantitative results and
Aedge = 0.2 (referred as Pretty) which gives better qualitative
results.

Training and Runtime The network is optimized using
Adam optimizer with a learning rate of 10~%. The training
is done on 5 Nvidia RTX-2080 GPUs with effective batch
size 5. The depth prediction network (MVSNet) is trained
independently for 30 epochs. Then the whole system is
trained for another 40 epochs with the weights of the MVS-
Net frozen. Our system is implemented in PyTorch deep
learning framework and it takes around 60 hours for training.

Evaluation Metric Following [51, 52], we use F1-score
as our evaluation metric. The Fl-score is the harmonic
mean of precision and recall where the precision/recall are
calculated by finding the percentage of points in the pre-
dicted/ground truth that can find a nearest neighbor from the
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Figure 4: Qualitative evaluation on ShapeNet dataset. From top to bottom: one of the input images, ground truth mesh,
multi-view extended Pixel2Mesh, Pixel2Mesh++, and ours. Our predictions are closer to the actual shape, especially for the

objects with more complex topology.

other within a threshold. We provide evaluations with two
threshold values: 7 and 27 where 7 = 10~% m?.

4.2. Comparison with previous Multi-view Shape
Generation Methods

We quantitatively compare our method against previous
works for multi-view shape generation in Table 1 and show
the effectiveness of our methods in improving the shape
quality. Our method outperforms the state-of-the-art method
Pixel2Mesh++ [52] with a decrease in chamfer distance
to ground truth by 34% and 15% increase in Fl-score at
threshold 7. Note that in Table | the same model is trained
for all the categories but accuracy on individual categories
as well as average over the categories are evaluated. We
provide the chamfer distances in the supplementary material.

We also provide visual results for qualitative assessment
of the generated shapes by our Pretty model in Figure 4
which shows that it is able to more accurately predict topo-
logically diverse shapes.

4.3. Ablation studies

Accuracy with different settings Table 2 shows the con-
tribution of different components towards the final accuracy.

Naively extending the single-view Mesh R-CNN [13] to mul-
tiple views using statistical feature pooling [52] for mesh
refinement (row 1) gives an F1-score of 72.74% for thresh-
old 7 which is 6.26% improvement over Pixel2Mesh++.
We further extend the above method with our probabilistic
multi-view voxel grid prediction in row 2 and get a 4.23%
improvement.

In row 3 of Table 2 we use our contrastive depth fea-
tures instead of RGB features for mesh refinement and get
2.7% improvement. We then replace the statistical feature
pooling with the proposed attention method and get 0.19%
improvement. The improvement is not significant on our
final architecture but we found the attention to perform better
on more light-weight architectures and since it leads to lower
memory consumption than statistical feature pooling, we
decide to keep it. We also evaluate the effect of using addi-
tional regularization from contrastive depth losses: rendered
depth vs predicted depth in the Sth rows of which improves
the score by 0.98%. In row 6 we use ground truth instead of
predicted depths on our final model which gives the upper
bound on our mesh prediction accuracy in relation to the
depth prediction accuracy as 84.58%.



F-score (1) T F-score (27) 1

Category Ours Ours Ours Ours

3D-R2N2 LSM MVP2M P2M++ 3D-R2N2 LSM MVP2M P2M++
(pretty)  (best) (pretty)  (best)
Couch 45.47 43.02 53.17 57.56 71.63  73.63 59.97 55.49 73.24 75.33 85.28  88.24
Cabinet 54.08 50.80 56.85 65.72 7591  76.39 64.42 60.72 76.58 81.57 87.61  88.84
Bench 44.56 49.33 60.37 66.24 81.11  83.76 62.47 65.92 75.69 79.67 90.56  92.57
Chair 37.62 48.55 54.19 62.05 77.63  78.69 54.26 64.95 72.36 77.68 88.24  90.02
Monitor 36.33 43.65 53.41 60.00 74.14  76.64 48.65 56.33 70.63 75.42 86.04  88.89
Firearm 55.72 56.14 79.67 80.74 9292  94.32 76.79 73.89 89.08 89.29 96.81 97.67
Speaker 41.48 45.21 48.90 54.88 66.02  67.83 52.29 56.65 68.29 71.46 79.76  82.34
Lamp 32.25 45.58 50.82 62.56 7247  75.93 49.38 64.76 65.72 74.00 82.00 85.33
Cellphone 58.09 60.11 66.07 74.36 85.57  86.45 69.66 71.39 82.31 86.16 93.40 94.28
Plane 47.81 55.60 75.16 76.79 89.23  92.13 70.49 76.39 86.38 86.62 94.65  96.57
Table 48.78 48.61 65.95 71.89 82.37  83.68 62.67 62.22 79.96 84.19 90.24  91.97
Car 59.86 51.91 67.27 68.45 77.01 80.43 78.31 68.20 84.64 85.19 88.99 9233
Watercraft 40.72 47.96 61.85 62.99 7552  80.48 63.59 66.95 77.49 77.32 86.77  90.35
Mean 46.37 49.73 61.05 66.48 78.58  80.80 62.53 64.91 77.10 80.30 88.49  90.72

Table 1: Qualitative comparison against state-of-the-art multi-view shape generation methods. We report F-score on each
semantic category along with the mean over all categories using two thresholds 7 and 27 for nearest neighbor match where

7=10"% m2.

Fl-r  Fl-27
(1) Naive multi-view Mesh R-CNN 72.74 84.99
(2) + Multi-view voxel grid prediction 7697  88.24
(3) + Contrastive depth input 79.63  90.10
(4) + Attention pooling 79.82  90.18
(5) + Contrastive depth loss (final model) 80.80  90.72
(6) Using GT depth (final model) 84.58 92.86

Table 2: Comparison of shape generation accuracy with
different settings of additional contrastive depth losses,
multi-view voxel grid prediction and feature pooling.

Fl-7 F1-27
(1) P2M++ 66.48  80.30
(2) Sphere initialization 73.78 85.49
(3) Back-projected predicted depth initialization ~ 75.62  86.53
(4) Proposed model 80.80  90.72

Table 3: Comparison of shape generation accuracy with
different initial shapes: sphere, back-projected depth and
the proposed model (CNN-based multi-view voxel grid pre-
diction)

Initial Shape Table 3 shows the F1-scores when using dif-
ferent methods for generating initial shapes for GCN refine-
ment. All the methods (except P2M++) use contrastive depth
features and loss along with attention-based feature pooling.
When a unit level-4 ico-sphere is used as the initial shape
(row 2), the score is F1-7 73.78%. Using back-projected
predicted depth maps as initial shape (row 3), the scores
increases to 75.62%. Here, the back-projected points are
transformed to 48 x 48 x 48 voxel grid which can be done
differentiably and efficiently using GPU based k-nearest
neighbor calculation to determine the occupancy of each

voxel. The proposed model which uses CNN-based voxel
grid prediction (row 4) has the highest score of 80.8%. The
difference in score when using back-projected depth vs CNN
predicted shape is due to the incomplete shapes the predicted
depth give due to occlusion along with depth error due to
arbitrary baseline between input images which is challenging
for MVSNet-based depth predictor.

Contrastive Depth Feature Extraction We evaluate
several methods for contrastive feature extraction (Sub-
section 3.2). These methods are 1) Input Concatenation:
using the concatenated rendered and predicted depth maps
as input to the CNN feature extractor, 2) Input Difference:
using the difference of the two depth maps as input to CNN,
3) Feature Concatenation: concatenating features from ren-
dered and predicted depths extracted by shared CNN, 4)
Feature Difference: using difference of the features from
the two depth maps extracted by shared CNN, and 5) Pre-
dicted depth only: using the CNN features from the predicted
depths only. 6) Rendered depth only: using the CNN features
from the rendered depths only. The quantitative results are
summarized in Table 4 and shows that Input Concatenation
method produces better results than other formulations.

Number of Views We test the performance of our frame-
work with respect to the number of views. Table 5 shows
that the accuracy of our method increases as we increase the
number of input views for training.

Table 6 shows the results when using different number
of views during testing on our model trained with 3 views
which indicates that increasing the number of views during
testing does not improve the accuracy while decreasing the
number of views can cause a significant drop in accuracy.



Fl-r Fl-27
(1) Input Concatenation 80.80  90.72
(2) Input Difference 80.41 90.54
(3) Feature Concatenation 80.45 90.54
(4) Feature Difference 80.30  90.40
(5) Predicted Depth only 7940  89.95
(6) Rendered Depth only 7820  88.90

Table 4: Comparisons of different contrastive depth for-
mulations. In 1st and 2nd rows, concatenation and differ-
ence of the rendered and predicted depths are fed to CNN
feature extractor while in 3rd and 4th rows, concatenation
and difference of the CNN features from the depths is used
for mesh refinement. 5 uses features from predicted depths
only while 6 uses features from rendered depths only.

Metric 2 3 4 5 6
Fl-7 73.60 80.80 82.61 83.76 84.25
F1-27 | 85.80 90.72 91.78 92.73 93.14

Table 5: Accuracy w.r.t the number of views during train-
ing. The evaluation was performed on the same number of

views as training.
Metric 2 3 4 5 6

Fl- 7246 80.80 80.98 80.94 80.85
F1-27 | 8449 90.72 91.03 91.16 91.20

Table 6: Accuracy w.r.t the number of views during testing.
The same model trained with 3 views was used in all of the

cases.

Accuracy at Different GCN Stages We analyze the accu-
racy of meshes at different GCN stages in Table 11 and Fig-
ure 5. The results validate that our method produces the
meshes in a coarse-to-fine manner and multiple GCN refine-
ments improve the mesh quality.

Metric | Cubified 1 2 3
Fl1-7 31.48 76.78 79.88 80.80
F1-27 44.40 88.32 90.19 90.72

Table 7: Accuracy at different GCN stages. 1, 2 and 3 indi-
cate the performance at the corresponding graph convolution
blocks while Cubified is for the cubified voxel grid used as
input for the first GCN block.

Generalization Capability We conduct experiments to
evaluate the generalization capability of our system across
the semantic categories. We train our model with only 12
out of the 13 categories and test on the category that was
left out. Table 8 shows that the accuracy generally does not
decrease significantly when compared with the model that
was trained on all 13 categories, especially when using 27
threshold for F-score.

Input image  Voxel grid GCN | GCN 2 GCN 3

'ERRY

Figure 5: Predicted shapes at different stages in the pipeline.

F-score (1) 1 F-score (27) T

Category Excluding  Including | Excluding Including
Couch 63.29 73.63 80.79 88.24
Cabinet 68.26 76.39 83.10 88.84
Bench 76.08 83.76 87.42 92.57
Chair 60.60 78.69 75.93 90.02
Monitor 67.26 76.64 81.57 88.89
Firearm 78.59 94.32 86.28 97.67
Speaker 62.39 67.83 77.77 82.34
Lamp 63.50 75.93 74.66 85.33
Cellphone 67.24 86.45 80.54 94.28
Plane 57.48 92.13 67.27 96.57
Table 76.41 83.68 86.86 91.97
Car 59.08 80.43 75.58 92.33
Watercraft 64.97 80.48 78.95 90.35

Table 8: Accuracy when a category is excluded during
training and evaluation is performed on the category to verify
how well training on other categories generalizes to the
excluded category.

5. Conclusion

We propose a neural network based solution to predict 3D
triangle mesh models of objects from images taken from mul-
tiple views. First, we propose a multi-view voxel grid pre-
diction module which probabilistically merges voxel grids
predicted from individual input views. We then cubify the
merged voxel grid to triangle mesh and apply graph convolu-
tional networks for further refining the mesh. The features
for the mesh vertices are extracted from contrastive depth
input consisting of rendered depths at each refinement stage
along with the predicted depths. The proposed mesh recon-
struction method outperforms existing methods with a large
margin and is capable of reconstructing objects with more
complex topologies.
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Supplementary material

A. Network architecture
A.1. MVSNet architecture

Our depth prediction module is based on MVSNet [56]
which constructs a regularized 3D cost volumes to estimate
the depth map of the reference view. Here, we extent MVS-
Net to predict the depth maps of all views instead of only the
reference view. This is achieved by transforming the feature
volumes to each view’s coordinate frame using homography
warping and applying identical cost volume regularization
and depth regression on each view. This allows the reuse of
pre-regularization feature volumes for efficient multi-view
depth prediction invariant to the order of input images. Fig-
ure 6 shows the architecture of the our depth estimation
module.

A.2. Probabilistic Occupancy Grid Merging

We use single-view voxel prediction network from [13]
to predict predicts voxel grids for each of the input images
in their respective local coordinate frames. The occupancy
grids are transformed to global frame (which is set to the
coordinate frame of the first image) by finding the equivalent
global grid values in the local grids after applying bilinear in-
terpolation on the closest matches. The voxel grids in global
coordinates are then probabilistically merged according to
Subsection 3.1 of the main submission.

B. Experiments

We quantitatively compare our method against previous
works for multi-view shape generation in Table 9 and show
effectiveness of our proposed shape generation methods in

improving shape quality. Our method outperforms the state-
of-the-art method Pixel2Mesh++ [52] with decrease in cham-
fer distance to ground truth by 34%, which shows the effec-
tiveness of our proposed method. Note that in Table 9 same
model is trained for all the categories but accuracy on indi-
vidual categories as well as average over all the categories
are evaluated.

Category Chamfer Distance (CD) |
3D-R2N2 LSM MVP2M P2M++ Ours
Couch 0.806 0.730 0.534 0.439  0.220
Cabinet 0.613 0.634 0.488 0.337  0.230
Bench 1.362 0.572 0.591 0.549  0.159
Chair 1.534 0.495 0.583 0.461  0.201

Monitor 1.465 0.592 0.658 0566  0.217
Firearm 0.432 0.385 0.305 0305  0.123
Speaker 1.443 0.767 0.745 0.635  0.402

Lamp 6.780 1.768 0.980 1.135  0.755
Cellphone 1.161 0.362 0.445 0325  0.138
Plane 0.854 0.496 0.403 0422  0.084
Table 1.243 0.994 0.511 0.388  0.181
Car 0.358 0.326 0.321 0.249  0.165
Watercraft 0.869 0.509 0.463 0.508  0.175
Mean 1.455 0.664 0.541 0486  0.211

Table 9: Qualitative comparison against state-of-the-art
multi-view shape generation methods. Following [52], we
report Chamfer Distance in m? x 1000 from ground truth
for different methods. Note that same model is trained for
all the categories but accuracy on individual categories as
well as average over all the categories are evaluated.

B.1. Ablation studies

Coarse Shape Generation We conduct comparisons on
voxel grid predicted from our proposed probabilistically
merged voxel grids against single view method [13]. As is
shown in Table 10, the accuracy of the initial shape generated
from probabilistically merged voxel grid is higher than that
from individual views.

Resolution of Depth Prediction We conduct experiments
using different numbers of depth hypotheses in our depth pre-
diction network (Sub-section A.1), producing depth values
at different resolutions. A higher number of depth hypoth-
esis means finer resolution of the predicted depths. The
quantitative results with different hypothesis numbers are
summarized in Table 12. We set depth hypothesis as 48 for
our final architecture which is equivalent to the resolution of
25 mm. We observe that the mesh accuracy remain relatively
unchanged if we predict depths at finer resolutions.

C. Attention Weights visualization

We visualize the learned attention weights (average of
each attention heads) in Figure 7 where we can observe
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Figure 6: Depth prediction network (MVSNet) architecture
Metric | Single-view  Multi-view Metric 24 48 72 96
Fl-7 25.19 31.27 Fl-7 80.29 80.80 80.69 80.34
F1-27 36.75 44.46 F1-27 | 9043 90.72 90.74 90.47

Table 10: Accuracy of predicted voxel grids from single-

view prediction compared against the proposed probabilisti- Table 12: Accuracy w.r.t the number of depth hypothesis.
cally merged multi-view voxel grids. The voxel branch was A higher number of depth hypothesis increases the resolution
trained separately without the mesh refinement and evaluation ~ of predicted depth values at the expense of higher memory
was performed on the cubified voxel grids. We use three views requirement. The range of depths for all the models are
for probabilistic grid merging. same and based on the minimum/maximum depth in the

Metric | Cubified Stage-1  Stage-2  Stage-3 ShapeNet [3] dataset.
Fl-7 31.48 76.78 79.88 80.80
F1-27 44.40 88.32 90.19 90.72

D. Best vs Pretty models
Table 11: Accuracy of the refined meshes at different GCN

stages. 1, 2 and 3 indicate the performance at the corresponding We provide qualitative comparison between the our mod-
graph convolution blocks while Cubified is for the cubified els trained with best and prerty configurations in Figure 8.
voxel grids used as input for the first GCN block. All the stages, The best configuration refers to our model trained without
including the voxel prediction, were trained jointly and hence —edge regularization while pretty refers to the model trained

the accuracy of voxel predictions varies from that in Table 10. ~ With the regularization (Subsection 4.1 of the main submis-
sion). We observe that without the regularization we get

higher score on our evaluation metrics but get degenerate
meshes with self-intersections and irregularly sized faces.

that the attention weights roughly takes into account the
visibility/occlusion information from each view.



Figure 7: Attention weights visualization. From left to right: input images from 3 viewpoints, corresponding ground truth
point clouds color-coded by their view order and the predicted mesh vertices color-coded by the attention weights of the views.
Only the view with maximum attention weight is visualized for each predicted points for clarity.
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Figure 8: Qualitative evaluation: best vs pretty wireframe models. The best models while being preferred by the evaluation
metrics lead to degenerate meshes, with irregularly sized faces and self-intersections

E. Failure Cases the mesh is recovered while we failed to reconstruct the fine
topology. We can regard the recovery from wrong initial
Some failure cases of our model (with pretty setting) are topology as a promising future work.

shown in Figure 9. We notice that the rough topology of



Input
image

Ground
truth

QOurs

Figure 9: Failure Cases. Our system can struggle to roughly reconstruct shapes with very complex topology while some fine

topology of the mesh is missing.



