From g16

3. For structure approach, what are the reasons for choosing panoramic view
features instead of the 1-hop neighborhood ring features? They both seem to
have rotational invariance property.

The 1-hop neighborhood ring features method requires a fine mesh that each triangle
have a similar size, and a relatively smooth surface. However, the ModelNet10 include objects
like bed and dressers which contain sharpe edges.

From g20

-The preprocessing part speed is a little long.

Yes, it is. | still didn’t find a way to make it faster. Although the preprocessing is already
speeded up using hardware acceleration (gpuArray and parallel computing), it still takes
about 10 minutes for ModelNet10 set.

From g73

® A little recommendation is that the length of the result in your presentation can be
introduced longer and more complete as your previous slides. For example, why will the
accuracy in a random rotated test decrease dramatically?

Because the first method does not preserve rotational invariance. Once rotated, even a
small angle will make all layers in the 3d matrix completely different. The nature of voxelization
also limits us from extract or generate more train data because we have to do full rotations
to all vertices of each model and regenerate voxels, which means we can expend our train set
with low cost. This problem does not exist in second method, because to generate expended
rotation set for cylindrical views, we can simply shift the 2d image right or left, which can be
done super fast, then by using the expended set as train set, we can make the model robust
though the input is rotated.
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I. INTRODUCTION (HEADING 1)

This project focuses on classification of 3D object data,
specifically the mesh data. Because of the non-Euclidean nature
of 3d mesh data, it is hard to apply the CNN or other models
directly. A common approach is to develop algorithms that
suitable for non-Euclidean mesh data, however, many of these
algorithms require the input mesh to be a fine mesh, such that
the algorithm can build local patches crossing several triangles
that have similar size. Another approach is to convert the mesh
data to Euclidean data and then process it with classical CNNs,
such as multi-view approach.

In this project, two types of conversions and corresponding
networks are applied. One is a simple voxelization method that
converts meshes to [33x33x33] grids and train them with CNNs.
The second one is a more complex approach that convert the
data to a more robust and rotation invariance representation.

Il. RELEATED WORK

A. Multi-view Convolution

This type of methods converts the model into a series of
pictures, and then train them as training an image classification
model. This article ['] introduces an implementation of multi-
view approach. The team take a series of picture around each
object, those images were sent to a multi-CNN network which
is followed by a view pooling. The final result shows great
accuracy, but this method is computational expensive, it requires
to render dozens of pictures for a single object, this process will
take a long period when we have fine models which might
contain too many faces.

B. Voxolization

This approach converts the meshes or point clouds into 3d
grids, and the 3d grids contains values 0 or 1 to imply if this cell
is occupied by the model. To yield better results, the 0 and 1
might be replaced by float values that indicate how much

percent of this grid is occupied. This method is simple precise
and intuitive, also very compatible with CNNs we have right
now, but a big problem of this approach is robustness. This type
of methods require model to be well aligned, a small angle along
any axis might lead to a huge drop on the accuracy.

I1l. DATA SET

The dataset used in this project is the ModelNet10 dataset,
which is presented by Princeton ModelNet.

This dataset includes 10 categories objects, int total 3991
train models and 908 test models

Besides the 908 test models, we made a copy of this test set,
each model in this new set is oriented at a random angle between
0 to 90 degrees along the gravitational axis. This new set is then
used to test the robustness of networks.

A. For Voxel Method

In this approach, each model is voxelized into [33x33x33]
grid and arranged into a big array. The grid is generated by
subdividing triangle in the mesh until no edges is longer than a
certain value. Then matching the position of vertex to the grids,
if there exist more than one vertex in a grid cell, we set
corresponding value in the array to 1, otherwise 0. Figure 1
shows two models and their voxels.

Figure 1




B. Cylindrical View

This approach builds a virtual cylinder surface around the
object with radius equals to the max distance from vertices to z
axis.

We then slice the surface to 40 layers from top to bottom,
and each layer is subdivided into 112 degrees. Now we have
[40x112] regions. Each region will contain a value between [0,1]
that describes how close this region is to the closest point on the
orthogonal ray from this region to the z axis that intersection
with the mesh (figure 2).
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A model and its 2d representation might look like Figure 3.

Now we can process the mappings as normal 2d grayscale
images using classical CNNSs.

Figure 3

IV. METHODS

A. Voxel — from VoxNet [1]

The input to the network is a [33x33x33] 1 channel 3d image,
followed by two convolutional layers. The first one has 32
kernels each with [5x5x5] kernel size, the second one has 32

kernels each with [3x3x3] kernel size. More specific structures:

3-D Image Input 33x33x33x1

Convolution 33%33x33x32

Dropout 33x33%x33%x32

Convolution 33x33x33x32

3-D Max Pooling 16x16x16x32

Dropout 16x16%x16x32

Fully Connected 1x1x1x1286

Dropout 1x1x1x1286

Fully Connected 1x1x1x18

Softmax 1x1x1x18

Classification Output

B. Cylindrical View [3]

Here we need a more complex model structure that can
handle the robustness and rotational invariance. Therefore, this
model contains 4 convolutional layers. Each convolution layer
is followed by a max pooling layer of size [2x2] and a dropout
layer of rate = 0.2. Before the softmax function, we have 2 fully
connect layers with 512 and 1024 hidden units.

However, the structure itself cannot provide a robust result.
To make the model more robust, we need to expend the input
data. This idea is posted in article? [3]. Normally, we need to
recalculate the 2d mappings of each object in different angles to
make the model robust, this process will take too long if we
rotate the whole surface (or model) and regenerate mappings.
However, this can be done much easier and faster if we just shift
the original mappings we have, because rotating the model and
recompute will produce the same result as just shifting the pixels

Figure 4




on the 2d mappings right of left. In figure 4 we illustrate how the
rotated mappings of the same chair look like.

Layers Size

Input [40x112x1] grayscale image
Convl 64 [1x1] kernels

Conv2 80 [2x2] kernels with Stride [2x2]
Conv3 160 [2x2] kernels with Stride [2x2]
Conv4 320 [2x2] kernels with Stride [2x2]
FC 512 hidden units

FC 1024 hidden unit

Softmax 10 categories

Classification | 1 output

The method above makes it possible to generate large
amount of training data in different angles, so we choose to
expend the original set to 28x larger, which means rotate each
model 12.8 degrees to the left, or 4 pixels to the right for each
2d map. For the training set that contains 3991 models, this
process can be done in less than 5 seconds.

V. RESULT

All result is generated with learning rate at 0.01 an Mini
Batch Size = 64.

The result of first method is pretty good when the models are
perfectly aligned, this simple method can achieve around 85%
accuracy. However, the accuracy on randomly rotated test set is
very low, only about 35%, this gap indicates that the voxel
model is not robust. Figure 5 to 7 show the accuracy of method
1 on original set, accuracy of method 1 on rotated set and the
confusion matrix of original test set respectively.

Method 2 shows great robustness on rotated test set. It
achieves 80.1% total accuracy on original set, and 80.4% on the
rotated set. Although the accuracy on well aligned set drops
slightly, the model is now much more stable on most inputs.
Figure 8 and 9 show the confusion matrix of original test set and
rotated test set.

Although the first method does not show robustness, some
common features are noticed in both results. Both of them
cannot clearly identify the difference between “night stand” type
objects and “dresser”. By comparing the models and 2d
representations of these two objects, we notice that they are very
similar no matter on structures or the cylindrical views. The
classification of such object might be a topic of future work.
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VI. CONCLUSION

In general, the second method performs much better,
because we cannot promise the model will always be aligned
perfectly, and method 2 shows great robustness and rotational
invariance. However, the drawback of second method is the lack
of information about internal structure. In other words, we
actually, waste a lot information intentionally, and a advantage
of having a 3d mesh is that meshes can delivers more
information than 2d images. Therefore, the future work might
focus on non-Euclidean method, so that we don’t have to give
up information intentionally.
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