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ABSTRACT 

The Convolutional Neural Network has become very popular in recent times due to free hand 

designed features which provides enormous performance. Many applications such as image 

classification, object detection, semantic segmentation, depth estimation, face anti-spoofing 

uses CNNs that comes up with a fabulous results where visual information processing is 

required. This paper explores the recent trends in 3D CNNs. Network such as OctNet, 

MeshCNN, Hybrid spectral CNN, DenseNet, 3D point capsule network, Occupancy network, 

Variational shape learner, Dual path network that were build on the base of CNNs 

architectures are discussed.  
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1. INTRODUCTION 

Machine Learning is a popular field of study that gives computers the ability to learn without 

being explicitly programmed. Machine learning gives the computer intelligence, that makes it 

more similar to humans.ML is almost actively used in all walks of life today. Many 

algorithms are available that makes the machine learn. The most popular in today's world 

being the Convolutional neural networks which is employed in many applications and gives a 

tremendous performance. 

CNN are networks that combine convolutional operations using learnable filters and 

nonlinear activation functions for classification in hierarchical structures. The input are 

mapped into compact representation and are separated into classes for classification 

depending on the objective function. CNN extract complex and abstract features from 

different parts of the input by stacking and down sampling them. Three types of layers are 

used here: Convolutional Layer, Pooling Layer and Fully-Connected Layer. Convolutional 

layer forms the basic building block and uses kernels to detect features all over the image. 

The Kernels carries out a convolution operation which is an element-wise product and sum 

between two matrices. Pooling layers are inserted between convolutional layers to reduce the 

parameters and computation in the network. It resizes the input and prevent overfitting of 

network.  

2D CNNs take a single portion of image matrix as input and do not consider the adjacent 

image matrices for processing. Voxel information from adjacent matrix may be useful for the 

prediction of feature maps. 3D CNNs address this issue by using 3D convolutional kernels that 
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take into account the adjacent values also. This feature of 3D CNN leads to improved 

performance that comes with increased number of parameters and high computational cost.3D 

convolutions applies a three dimensional filter to the dataset to calculate the low level feature 

representations. Their output shape is a three dimensional volume space such as cube or 

cuboids.  

2. OctNet 

Gernot[1] proposed a new representation for deep learning called OctNet for 3D sparse data. 

A set of unbalanced octrees used here to partition the space and to store features to achieve a 

deep and high resolution network. Memory allocation, deeper networks and better resolution 

are the key points here. OctNet is designed to do several 3D tasks such as 3D object 

classification, orientation estimation and point cloud labeling. This paper proposes space 

partitioning structure, octrees that are better known for their flexibility and hierarchical 

structure. Convolutional neural networks are viewed as regular grids generally and here they 

make use of voxel grids for 3D data structures. The cells which contain relevant information 

are only subdivided which paves way for a adaptive storage. Densely populated regions are 

modeled with small cells to provide high accuracy while empty regions are modeled with 

large cells in the octree. The depth of octree is restricted to small numbers in order to achieve 

a significant compression ratio.  

Bit string representation is used to encode the several small octrees to lower access time. 3D 

shape classification, 3D orientation estimation and 3D segmentation were implemented using 

the octnet. ModelNet10 dataset used in 3D shape classification which classifies 10 shape 

categories. A triangular mesh is used to represent each one of the shape. The triangle meshes 

are converted into dense grid-octree occupancy grids. For 3D orientation estimation, 3D 

shapes from the chair class of the ModelNet10 dataset were employed and are rotated 

randomly between each axis. The classification network architectures ia again employed to 

regress orientations. For labeling 3D point cloud with semantic information, RueMonge2014 

dataset employed which provides a colored 3D point cloud. The labels are window, wall, 

balcony, door, roof, sky and shop.  A U-shaped network on different resolution. They 

concluded that increase in the input resolution provides better results and finer details are 

preserved. 

 

3. MeshCNN 

Rana[2] suggested  MeshCNN network that employs triangular meshes. MeshCNN have 

specialised layers that combines convolution and pooling to operate on the edges.  

Convolutions are applied on edges and pooling is applied to collapse edge to retain surface 

topology. The network thereby expands the essential features and will discard the redundant 

features. 30 different classes from SHREC dataset were classified using MeshCNN. The 

mesh pooling layer is a specialized layer which operates on irregular structures and spatially 

adapts to the task. 

They employed MeshCNN for shape segmentation that is used in shape analysis and 

synthesis. Here, supervised learning is used to train MeshCNN to predict the edges of the 

COSEG and Human Body Segmentation datasets. The ground truth of the datasets are used to 

provide edge level semantic labeling using simple meshes based on the labels from the 
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original resolution. The paper also illustrates about Cube engraving using MeshCNN. MPEG-

7 binary shape dataset with 23 classes used. They modeled a set of cubes with shallow icon 

engravings. Position, rotation and cube face were taken into account to randomly sample the 

data. The detailed shapes contain few triangles in the flat areas, and less detailed shapes have 

more triangles in flat areas.  

 

4. Hybrid spectral CNN 

Swalpa [3] uses Hybrid Spectral Convolutional Neural Network for image classification. 

They employ a 3D-CNN along with 2D-CNN to learn abstract level spatial representations. 

This hybrid CNN has a reduced complexity for HSI classification and is applied to Indian 

Pines, Pavia University and Salinas Scene remote sensing datasets. Hyperspectral imaging 

are produced in multiple bands of images that are volumetric and  makes the analysis 

challenging .  Both the spectral and spatial correlation between different bands provides 

information regarding the scene. Using 2D or 3D-CNN alone may result in missing channel 

relationship information or very complex model.  The 2D-CNN may not produce 

discriminating feature maps from the spectral dimensions. Similarly, a 3D-CNN is more 

complex. So, they employ a hybrid-CNN model which uses 3D CNN as well as 2D CNN 

layers and thus overcomes the shortcomings of using one model. The 3D-CNN and 2D-CNN 

layers are assembled for the proposed model in such a way that they utilise both the spectral 

as well as spatial feature maps to their full extent to achieve maximum possible accuracy. 

Hyperspectral pixels exhibit spectral redundant. In order to remove it the principal 

component analysis (PCA) is applied over the original HSI data along spectral bands. The 

PCA reduces the number of spectral bands from while maintaining the same spatial 

dimensions. They propose that the model is more efficient than the 3D-CNN model and has a 

superior performance for small training data also. 

 

5. DenseNet 

Huang[12] introduces the Dense Convolutional Network which connects each layer to every other 

layer in a feed forward fashion. Advantages of DenseNet includes they alleviate the vanishing-

gradient problem, strengthen feature propagation, encourage feature reuse, and substantially 

reduce the number of parameters. Four benchmark datasets CIFAR-10, CIFAR-100, SVHN, 

and ImageNet are used for evaluation. DenseNets have less computation and  achieves high 

performance. Here all layers are connected  directly with each other. To preserve the feed-

forward nature, each layer obtains additional inputs from all preceding layers and passes on 

its own feature-maps to all subsequent layers. The features are combined here by 

concatenation. It is proven that DenseNet scale naturally to hundreds of layers, while 

exhibiting no optimization difficulties. They provide more accuracy with growing number of 

parameters without overfitting. DenseNet allows feature reuse and can  learn more compact 

and accurate models.  They are good feature extractors for various computer vision tasks that 

build on convolutional features. 
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6. 3D Point Capsule Network 

Yongheng[6]  proposes a 3D point-capsule networks. This network is developed using 

an auto-encoder to process sparse 3D point clouds which preserves the spatial arrangements 

of the input data. They have achieved a better performance for 3D point cloud related task 

such as object classification, reconstruction and segmentation of parts through the dynamic 

routing and 2D latent space deployment. 2D Capsule Networks were used widely in 2D deep 

learning. They were extended to applications such as object segmentation, action 

segmentation and classification, to handle volumetric medical data. In this paper they have 

extended the network to 3D point clouds that uses unstructured 3D surfaces for 

representation.  The 3D point Capsule Network has a 3D point cloud auto encoder and 

decoder. They use the base similar to PointNet that employs point-wise Multi-Layer 

Perceptron to extract local feature maps. These feature maps are fed to many independent 

convolutional layers with their own weights.  Maxpool layer are used to obtain a global latent 

representation and are concatenated to point capsules. This primary point capsules are 

converted into higher level latent capsules by dynamic routing. The decoder takes the latent 

capsules as a feature map and uses MLP to reconstruct the points. They employ the network 

for 3D applications like local feature extraction, classification, segmentation and shape 

interpolation. Multiple benchmark datasets such as ShapeNet-Core, ShapeNet-Part, 

ModelNet40 and 3DMatch benchmark were used here. Adam optimizer with batch 

normalization and RELU activation units to generate primary capsule for feature extraction is 

used. 

7. Occupancy Network 

Lars [7] presented a Occupancy Network, for learning-based 3D reconstruction methods. 

This network represents 3D surface as continuous decision boundary of network classifier 

and provides 3D output with high resolution and minimal use of memory. The network can 

be applied for 3D reconstruction from single images, noisy point clouds and coarse discrete 

voxel grids. The occupancy networks used to represent high resolution meshes. Ideal 

networks uses only fixed discrete 3D locations whereas a Occupancy network uses  every 

possible 3D point. For that they use a 3D function called the occupancy function of the 3D 

object which can be approximated using a network that assigns to every location an 

occupancy probability between 0 and 1 similar to binary classification. We find the decision 

boundary which represents the object’s surface. Multiresolution IsoSurface Extraction , a 

hierarchical isosurface extraction algorithm used to extract the surface of test data for the 

given  trained occupancy network. MISE extracts high resolution meshes from the occupancy 

network by building octrees without evaluating all points of a high-dimensional occupancy 

grid. This is implemented using a fully connected neural network with 5 ResNet blocks  and 

uses conditional batch normalization. The network tested on various conditions like 

reconstruction of 3D complex shapes, performance on noisy and low resolution 

representation and generative capabilities to generate unconditional samples. ShapeNet 

dataset used and the networks are very expressive and can be used effectively both for 

supervised and unsupervised learning for various kinds of 3D tasks. 
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8. Variational Shape Learner 
Shikun [10] proposes VSL(Variational Shape Learner),to learn 3D shapes in an unsupervised 

manner. Skip connections are employed to learn hierarchical representation of objects. VSL 

latent probabilistic manifold method used to generate 3D objects from 2D images. 

Variational Shape Learner is build based on neural statistician and the convolutional neural 

network.VSL learns on a variational inference scheme which is excellent in reconstructing 

complex data but produce blurry samples. This is because they reconstruct the data from a 

single latent representation. Objects under the same category usually have similar geometric 

structure. Using this principle in this paper they modeled a hierarchical arrangement of latent 

feature detectors that uses a complex internal variable structure. This network employs a 

variational auto-encoder for a powerful generative model for unsupervised learning. A 3D 

convolutional layers with skip connections are used in the encoding side. A 3D 

deconvolutional neural network with dimensions symmetrical to the encoder  is used to 

decode the learned latent features. The network uses four fully-convolutional layers with 

different kernel sizes, strides and channels. The last convolutional layer is flattened and fed 

into two fully-connected layers with 200 and 100 neurons each. ModelNet10 and ModelNet 

40 and PASCAL 3D are the datasets used. The learned embeddings of the model provides a 

state-of the-art in unsupervised shape classification and can generate unseen shapes using 

shape arithmetic.  

 

 

9. Dual Path Network 

 

Kang[11] presented a dual path network that combines the advantages of the residual network 

and dense convolutional network. It takes into account the feature redundancy which is not 

considered by the previous models.  In order to extract the discriminative features from the 

complex scene in HSI, a dual path network (DPN) is proposed for HSI classification. 

Principal component analysis is used to extract significant components of HSI data .Then the 

training image patches centred on labeled pixels are built to train the DPN and the labels of 

test pixels can be predicted by the trained network. Residual network enables to extend 

network  to hundreds of layers by using skipping connections to discover deep features. Also,  

ResNet can reuse features implicitly. On the other hand, new features are not predicted 

effectively. So, a densely connected network is used to explore new features continuously. 

Thus two paths are designed to combine two kinds of networks. They use two hyperspectral 

data sets: Salinas image dataset, which was acquired over the agricultural area of Salinas 

Valley, California and  Houston image dataset, which was acquired over the Houston 

University campus, Houston. It is proposed that the performance of the dual path network is 

better than the individual ResNet and DenseNet. 

 

10. CONCLUSION 

 

This paper presents a brief review on the latest development in the 3D convolutional neural 

networks. Networks such as OctNet, MeshCNN, Hybrid spectral CNN, DenseNet, 3D point 

capsule network, Occupancy network, Variational shape learner, Dual path network, etc. 

were various forms of CNN. CNN proves to be a very powerful model for various 
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applications such as feature extraction, classification, segmentation and shape interpolation for both 

images as well as videos. The use CNN as the base network is widely increasing among the deep 

learning society and proves to improve accuracy and efficiency. 
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