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Abstract: Here we present a comparison of two different deep learning architectures’ effectiveness
along with two distinct detection head approaches for detecting point cloud ball objects. Two
backbones that are explored are: VoxelNet, suited for organized point clouds, and PointNet, which
handles unorganized point clouds. We modified and implemented SSD and Faster R-CNN detection
heads for both backbones. It turns out that the PointNet backbone integrated with a customized
Faster R-CNN detection head achieved higher accuracy compared to other combination of models.
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1. Introduction

Detecting objects from point cloud data accurately is one of the essential and concerning
tasks in various applications, such as autonomous driving, medical imaging, augmented reality,
and so on. Point-cloud data that are captured by depth cameras or lidar, provide a rich
representation of the 3D environment. But analyzing and processing point clouds become a
bit challenging when it comes to their unstructured nature and the presence of noise. Classic
approaches like VoxelNet, which converts point cloud data into a structured voxel grid [1],
are effective, but small object detection and its details can be performed poorly. However,
PointNet, which is known for its ability to process unstructured data, has potential pros and
cons, including sensitivity to input density. This study aims to compare the effectiveness of
VoxelNet and PointNet architectures as backbone and exchanging a customized SSD and
Faster R-CNN detection heads for detecting ball objects from point cloud data, evaluating
their performance in terms of Average Precision (AP).

As mentioned before, 3D understanding is an extensively researched topic. Earlier
approaches ( [1], [2], [5], [6]) achieved satisfactory results for their own needs. Some of
the techniques ( [1], [6]) represent 3D point cloud data using the voxel occupancy grid
representation, followed by the use of 3D convolutions to compute the 3D bounding boxes.(
[15]) created voxels containing feature vectors as well. Due to the high computational and
memory costs, several approaches based on BEV representation were developed ( [1]). ( [9])
converted 3D data into a 2D BEV image to propose a detector called SECOND along with
a voxel-wise feature extractor. Furthermore, a specific height-encoded BEV input is used to
design a fast single-stage detector( |12]). ComplexYOLO( [13]) uses a YOLO( [14]) network
and specific encoding method to increase the 3D bounding box detection speed. In typical
image-based methods ( |10]), hand-crafted approaches are used to generate feature maps.
Generally, a common modern approach for detecting 3D objects is to combine different
backbone architectures with specialized detection heads( [3], [4]) to leverage their respective
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strengths( ) ( , ) implemented a fully convolutional one-stage 3D object detector for
the LiDAR point cloud, for ( [8]) built model is called FCOS-LiDAR. ( [16]) is a comprehensive
review of recent progress in deep learning methods for point clouds, covering three major tasks.
This work aims to investigate how different approaches can be combined.

2. Research materials and data
2.1. Dataset

Point cloud data is captured using an ASUS X-tion depth camera with no RGB, sizes for
ball objects were annotated with the free open-source tool LabelCloud. A total of 20 frames
of point cloud data with a .pcd extension were captured, each containing an average of 3-
4 balls or no balls. The maximum and minimum number of points are 307188 and 125429
respectively while the average number of points in the data is 213983.

Each .pcd file in the dataset is formatted as an each row in the file represents one point
in 3d space and 3 columns represent the coordinates of the point. The label files are in JSON
format and contain the centroid, dimensions, and rotations of the bounding box for the ball
object. Splitted the dataset into training, validation, and test sets in an 80:10:10 ratio.
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Figure 1: Dataset overview

2.2. Data augmentation and preprocessing

Applied the average downsampling approach to reduce point cloud density. It maintains a
representative subset of the original data and reduces noise and computational cost. Handled
varying point densities by padding with zero values. Also changed NaN values in the point
cloud data to zero values due to problems that arose during training with PyTorch.

Implemented rotation and translation techniques both globally and locally to enhance the
diversity of the dataset and improve model robustness. By augmenting the dataset, increased
the number of instances in the dataset fivefold, resulting in a total of 100 instances.

1 0 0 cos@ 0 siné cosf —sinf 0
R,(0) =10 cosf —sinf|, R,(0) = 0 1 0 |,R,(0)= |sinf cosf 0O
0 sinf cosf —sinf 0 cosf 0 0 1

(2.1)

3. Methodology
3.1. Model Implementation

We experimented with 2 different feature extractors, VoxelNet and PointNet, as backbone
combining with 2 different detection heads, Faster R-CNN and SSD. All models are trained
with batch size 4, learning rate 0.01, 100 epochs, SGD optimizer.

The PointNet backbone takes raw, unstructured nx3 input, extracts a 3x3 transformation
matrix using T-Net section, multiplies the input with the matrix and passes it through
a shared Multi-Layer Perceptron (MLP) which contains ConvlD, ReLU and BatchNorm
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techniques [2]. After that obtains another 64x64 transform matrix to use as a local feature
map. By taking the below sequence of operations, max pooling is applied on the extracted
nx1024 feature.

Both detection heads utilize context called anchor boxes, which are predefined bounding
boxes of various sizes and aspect ratios that act as reference boxes across the point cloud.
By analyzing the points in a dataset, we found that our data points are lying in an interval
x € [—2.91,0.18], y € [0.13,0.5], z € [0.8,1.5]. Also interpreted that bounding box sizes were
minsizes : [0.13,0.13,0.13] and maxsizes : [0.18,0.18,0.18] for each dimension. So, by this
information, we used 10x10x10 grids to create 4 different ratio anchor boxes for each grid.

The Faster RCNN part is composed of 2 main components called Region Proposal Network
(RPN) and Region of Interest (ROI) pooling [|4]. The RPN takes the feature map that was
extracted from the backbone layer as an input and applies a 3x3 convolutional layer with
512 output channels and then 1x1 convolutional layer with 36 output channels. Rather than
directly predicting absolute bounding box coordinates, the network learns to predict offsets or
adjustments from these anchor boxes [4].The figure below shows PointNet with Faster R-CNN
architecture.

input mlp (64,64) featwre  mip (64,128,1024) oy

transform transform pool :
2 3
Z|  shared = shared nx1024

input points
nx3
nx64

feature maps

Region Proposal
Network

= - [
201 Pooleg (VD) Fe ss) I > Prediction

Figure 2: PointNet with faster RCNN head

VoxelNet is an end-to-end approach for detecting 3d objects. Originally, VoxelNet consisted
of 3 functional blocks: Feature learning network (FLN), Convolutional middle layers (CML),
and Region proposal network [6], but in this work, we dropped the region proposal network
to customize it. In FLN component, point clouds are divided into equally spaced voxels and
randomly sampled in each voxel due to data sparsity [1]. We flattened the input x, making it
2d data and passed it through the linear layer, batchNorm, ReLLU activation, then reshaped
the computed feature back into 3D. In CML, a sequence of three Conv3D layers is used with
kernel size=3 and different stride, padding, and channel values. Each of them is followed by
batch normalization and ReLU activation techniques.

Conv3D Conv3D Conv3D

Filters: 64 Batch Filters: 64 Batch Filters: 64 Batch

Stride: 3 Normalization e Stride: 3 Normalization Rerl Stride: 3 Normalization Rerl
Pad (2,1,1) Pad (0,1,1) Pad(1,1,1)

Figure 3: Convolutional Middle Layer
Unlike Faster RCNN;, Single Shot Detection (SSD) network is a single-stage detector that
utilizes small convolutional filters, such as Conv4 3, applied to feature maps [3] to regress
bounding boxes, even though it uses anchor boxes. In our case, features pass over the ConvlD
layer that expects 4 input channels and outputs 6x3 channels (6 for a point representation and
3 for a default number of boxes to predict) with kernel size 1. After generating 15000 anchor
boxes, we calculated offsets to find the best fits for ground truth boxes. The below equations

show how prediction boxes are estimated by anchor boxes coordinates and predictions from

Conv1D, / / t / t
T =Tq+ 1ty Wa, Y =Yq+1ty - ha, w' = 1w, - e, h' =hg e (3.1)
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3.2. Loss calculation

In each of the four cases, the same loss function is calculated while only using bounding
box regression loss to get the optimal result.
The localization loss between the predicted box | and the ground truth box g is defined as
the smooth L1 loss with cx and cy as the offset to the default bounding box d, aka the anchor
bounding box of width w and height h.

Lioe(,1,9) = Z Z xfjsmoothm(lzm - 3j")- (3.2)
i€pos me{cx,cy,w,h}
ew (g5 =d5E) L (g5 —d) gy . g’
g; ZJT7 gjy_ Ta = log d“’ ) g?:log d*jh ) (3-3)
» 1 if ToU > 0.5 between default box i and ground truth box j (3.4)
* 0 otherwise
ToU in 3D is calculated as
Volumegyeria
IoUsp = P . 3.5
oV Volume, + Volumey — Volumegyeriap (3.5)
Smooth L1 loss that mentioned above can be interpreted as
0.5(x —y)? if |z — 1
SmoothL1(z,y) = (@=y) if | y\ < (3.6)
| —y| — 0.5 otherwise

4. The results

Here we present a comparison of two different deep learning architectures’ effectiveness
alongside two distinct detection head approaches for detecting point cloud ball objects. Two
backbones that are explored, are VoxelNet, suited for organized point clouds, and PointNet,
which handles unorganized point clouds. We modified and implemented SSD and Faster R-
CNN detection heads for both backbones. It turns out that PointNet backbone integrated
with a customized Faster R-CNN detection head achieved higher accuracy compared to other
model combinations.

The PointNet processes irregular and sparse point cloud data directly, unlike voxel-based
methods (e.g., VoxelNet) which allows it to preserve fine geometric details and avoid
quantization artifacts. Along with that, Faster R-CNN, is known for its two-stage detection
process (an RPN and a classifier) that leads to better localizations’ accuracy.

Evaluation: Performance was assessed using Average Precision (AP) metrics to compare
the accuracy of bounding box detection between VoxelNet and PointNet. The result is yet
lower than the other experimented state-of-the-art learning models that are conducted in the
Deep Learning for 3D point clouds survey ( [16]), such as 3P-RNN, Point CNN, and ConvPoint.
Those surveyed methods are evaluated on the KITTI test 3D detection benchmark and
resulted in relatively higher accuracies. Even though a comparison gap is high, our experiment
is one of the examples of different approaches for 3D object detection and can enable accurate
point cloud detection in sparse data.
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Figure 4: Training accuracy
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Methods PointNet- PointNet- VoxelNet- VoxelNet-
Faster SSD Faster SSD
RCNN R-CNN
Ball 69.86 60.12 65.79 59.20
Table 1: Best accuracies of models
Aspect Ratios | (1:1:1) | (1.5:1:1) | (1:1.5:1) | (1:1:1.5)
mAP (%) 62.7 64.9 69.8 65.4

Table 2: Ratio values of PointNet-fasterRCNN

5. Conclusions

By combining cutting-edge architectures and modified detection heads, this research
demonstrates the possibility of optimizing point cloud data computation. Additionally,
examining those comparison analysis demonstrates that PointNet’s ability to process raw data
directly combined with Faster R-CNN’s robust two-stage detection approach enables more
precise localization output. Also, this kind of model would offer substantial benefits for tasks
involving detailed object detection from point clouds. Further study may focus on improving
an optimization for these works and applications of these methods in other cases of 3d space
data processing.

Figure 5: Result
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