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Abstract

In this final project, we have worked on object detection
and segmentation for autonomous driving vehicles. Here,
we mainly use two types of dataset inputs. The first type
is the group of snapshot images taken when the vehicle
is driving down the road. The second type is the LIDAR
data points collected by the LIDAR sensors mounted on the
vehicle. The outputs are groups of predicted 3D bounding
volumes, which stand for the location, type and size of
objects in the images. Our goal is to achieve accurate
predictions in these predicted 3D bounding volumes on
objects. The final result is evaluated using mean aver-
age precision at different loU (intersection over union)
thresholds. In the Related Work section, we have reviewed
object detection algorithms using CNNs, such as R-CNN
and Mask R-CNN, and object detection algorithms using
LIDAR point clouds, such as MV3D, PointNet and VoxelNet.

We have used three different algorithms for object de-
tection. The first algorithm is YOLO, which stands for You
Only Look Once. YOLO is a 2D object detection algorithm,
and we have used pre-trained weights of YOLOV3 for object
detection. Since we don’t need to do any training here, we
mainly used the YOLO algorithm for qualitative analysis.
The second algorithm is the PointPillars network, which is
an encoder that utilizes PointNets to learn a representation
of point clouds organized in vertical columns (pillars).
The overall architecture of Point Pillars contains three
components: a pillar feature net, a backbone 2D CNN,
and a detection head. At 0.5 IoU, we achieved mAP (mean
average precision) of 0.6022 for car detection, 0.2313 for
all objects detection and 0.2615 for three objects detection
(car, pedestrian and cyclist). The third algorithm we’ve
used is the feature pyramid network (FPN) with ResNet-18.
Fundamentally the model consists of a backbone layer
(e.g. resnet) and a feature pyramid network. For object
detection, the CenterNet detection algorithm is used along
with FPN. At 0.5 IoU, we achieved mAP of 0.97 for
three objects detection under moderate difficulty. This

model showed that it is possible to use a single model to
learn shared features and use multiple heads to perform
various tasks. We also realized that it requires significant
computational resources to work with lidar scans and due
to that we had to make some compromises.

1. Introduction

Autonomous driving has been an active area of Al re-
search in recent years. If the technology is commercialized
successfully, it has the potential to greatly reduce traffic ac-
cidents, road congestion, and also the associated economic
losses. The implementation of safe autonomous driving re-
quires detection of surrounding obstacles, moving objects
and also identifying drivable areas. Current autonomous
vehicles use a mixture of radar, LIDAR, camera, high preci-
sion GPS, and prior map information to determine obstacles
around the car and safe driving areas on the road surface.
The functionalities of hardwares in self-driving cars are il-
lustrated in figure 24 in the Appendix section[24]. In our
final project, we aim to tackle the object detection prob-
lem associated with autonomous driving with three differ-
ent types of algorithms: YOLO, PointPillars network and
feature pyramid network (FPN) with ResNet as the back-
bone. The inputs to our algorithm are mainly two types of
data. The first type of data is the group of snapshot im-
ages taken when the vehicle is driving down the road. The
second type of data contains all the LIDAR data points col-
lected by the LIDAR sensors mounted on the vehicle. There
are other supplementary data, which we will discuss in more
details in the ”Dataset and Features” section. The outputs
are groups of predicted 3D bounding volumes, which stand
for the location, type and size of objects in the images. The
final result is evaluated using mAP (mean average preci-
sion) at different IoU (intersection over union) thresholds.



2. Related Work
2.1. Object detection using CNNs

The first paper, Rich Feature Hierarchies for Accurate
Object Detection and Semantic Representation, proposes
a simple and scalable algorithm that combines two key
insights: (1) one can apply high-capacity convolutional
neural networks (CNNs) to bottom-up region proposals in
order to localize and segment objects and (2) when labeled
training data is scarce, supervised pre-training for an auxil-
iary task, followed by domain-specific fine-tuning, yields a
performance boosts. The result is a combination of region
proposals and CNN, called R-CNN [7].The second paper,
Mask R-CNN, proposes a method called Mask R-CNN.
Mask R-CNN extends the R-CNN method proposed in the
first paper by adding a branch for predicting segmentation
masks on each Region of Interest (Rol), in parallel with
the existing branch for classification and bounding box
regression [8]. In the third paper, Frustum PointNets for
3D Object Detection from RGB-D Data, instead of solely
relying on 3D proposals, the method of this paper leverages
both mature 2D object detectors and advanced 3D deep
learning for object localization, achieving efficiency as well
as high recall from even small objects. [19]. The highest
accuracy object detectors to date are based on a two-stage
approach popularized by R-CNN. In contrast, one-stage
detectors that are applied over a regular, dense sampling
of possible object locations have the potential to be faster
and simpler, but have trailed the accuracy of two-stage
detectors thus far. The fourth paper, Focal Loss for Dense
Object Detection, discovers that the extreme foreground-
background class imbalance encountered during training
of dense detectors is the central cause. The paper proposes
to address this class imbalance by reshaping the standard
cross entropy loss such that it down-weights the loss
assigned to well-classified examples [12]. The fifth paper,
Microsoft COCO: Common Objects in Context, presents a
new dataset with the goal of advancing the state-of-the-art
in object recognition by placing the question of object
recognition in the context of the broader question of scene
understanding. This is achieved by gathering images of
complex everyday scenes containing common objects in
their natural context [13]. The sixth paper, Single-shot
Multibox Detector, presents a method for detecting objects
in images using a single deep neural network. This
approach, named SSD, discretizes the output space of
bounding boxes into a set of default boxes over different
aspect ratios and scales per feature map location. At pre-
diction time, the network generates scores for the presence
of each object category in each default box and produces
adjustments to the box to better match the object shape [14].

The first paper [7] established that convolutional neural

network (CNN) architectures are state of art for detection in
images. The second [8] and third paper [19] that followed
it advocate a two-stage approach to this problem. In the
first stage, a region proposal network suggests candidate
proposals, which are cropped and resized before being clas-
sified by a second stage network. Both the fifth paper [13]
and the sixth paper[!4] have used the two-stage network.
In a single-stage architecture, a dense set of anchor boxes is
regressed and classified in one step into a set of predictions
providing a fast and simple architecture. The fourth paper
[12] convincingly argued that with their proposed focal
loss function a single stage method is superior to two-stage
methods, both in terms of accuracy and runtime.

2.2. Object detection in LIDAR point clouds

The sixth paper, Vote3Deep: Fast Object Detection in
3D Point Clouds Using Efficient Convolutional Neural
Networks, proposes a computationally efficient approach
to detecting objects natively in 3D point clouds using
convolutional neural networks (CNNs). In particular, this
is achieved by leveraging a feature-centric voting scheme
to implement novel convolutional layers which explicitly
exploit the sparsity encountered in the input [6]. The sev-
enth paper, Multi-View 3D Object Detection Network for
Autonomous Driving, proposes a Multi-View 3D networks
(MV3D), a sensory-fusion framework that takes both
LIDAR point cloud and RGB images as input and predicts
oriented 3D bounding boxes and encodes the sparse 3D
point cloud with a compact multi-view representation [3].
The eighth paper, PointNet: Deep Learning on Point Sets
for 3D Classification and Segmentation, designs a novel
type of neural network that directly consumes point clouds,
which well respects the permutation invariance of points in
the input. The network, named PointNet, provides a unified
architecture for applications ranging from object classifi-
cation, part segmentation, to scene semantic parsing [20].
The ninth paper, VoxelNet: End-to-End Learning for Point
Cloud Based 3D Object Detection, proposes VoxelNet, a
generic 3D detection network that unifies feature extraction
and bounding box prediction into a single stage, end-to-end
trainable deep network. It divides a point cloud into equally
spaced 3D voxels and transforms a group of points within
each voxel into a unified feature representation through the
newly introduced voxel feature encoding (VFE) layer [30].
The tenth paper, PointPillars: Fast Encoders for Object
Detection from Point Clouds, proposes PointPillars, a novel
encoder which utilizes PointNets to learn a representation
of point clouds organized in vertical columns (pillars).
While the encoded features can be used with any standard
2D convolutional detection architecture, this paper further
propose a lean downstream network [10].



Object detection in point clouds is an intrinsically three
dimensional problem. As such, it is natural to deploy a 3D
convolutional network for detection, which is the paradigm
of earlier work as in the sixth paper [6]. But these methods
are slow. Most recent methods improve the runtime by
projecting the 3D point cloud either onto the ground
plane, as in the seventh paper[3]. In the most common
paradigm the point cloud is organized in voxels and the set
of voxels in each vertical column is encoded into a fixed-
length, hand-crafted, feature encoding, such as MV3D[3],
AVOD[Y], PIXOR [28]and Complex YOLO[28&], which
all use variations on the same fixed encoding paradigm as
the first step of their architectures. The eighth paper [20]
proposed a simple architecture, PointNet, for learning from
unordered point sets, which offered a path to full end-to-end
learning. The ninth paper [30], which used VoxelNet, is
one of the first methods to deploy PointNets for object
detection in LIDAR point clouds. Here, PointNets are
applied to voxels which are then processed by a set of
3D convolutional layers followed by a 2D backbone and
a detection head. Frustum PointNet, as in the third paper
[19], uses PointNets to segment and classify the point cloud
in a frustum generated from projecting a detection on an
image into 3D.

3. Methods

We have used three different algorithms here. The
details of these algorithms are discussed below.

3.1. YOLO: 2D Object Detection

The first algorithm is YOLO, which stands for You Only
Look Once. The YOLO family of models are a series of
end-to-end deep learning models designed for fast object
detection and is first described in the paper, You Only Look
Once: Unified, Real-Time Object Detection [23]. The ap-
proach involves a single deep convolutional neural network
that splits the input into a grid of cells and each cell directly
predicts a bounding box and object classification. The
result is a large number of candidate bounding boxes that
are consolidated into a final prediction by a post-processing
step [22]. There are three main variations of the approach:
YOLOvI, YOLOv2, and YOLOv3. YOLOvV1 proposed
the general architecture. YOLOvV2 refined the design
and made use of predefined anchor boxes to improve
bounding box proposal. YOLOV3 further refined the model
architecture and training process [22]. In this project, we
used the pre-trained weights of YOLOvV3 system, called
yolov3.weights [21]. These weights are trained using the
DarkNet code base on the MSCOCO dataset. Then, we
define a Keras model[4] that has the right number and type
of layers to match the downloaded model weights. The

model architecture is called a “DarkNet” and was originally
loosely based on the VGG-16 model. Then, we can use
the model to directly detect the objects in the training set
images/test set images.

3.2. PointPillars Network: 3D Object Detection

The second algorithm we’ve used is the PointPillars
network. The architecture of the PointPillars network is in
figure 2 below. PointPillars accept point clouds as input
and estimates oriented 3D boxes. It has three main stages:
(1) a feature encoder network that converts a point cloud to
a sparse pseudo-image; (2) a 2D convolutional backbone
to process the pseudo-image into high-level representation;
and (3) a detection head that detects and regresses 3D boxes
[10]. Here, we do a brief overview of PointPillar network.
Please refer to the paper [10] for details. To apply a 2D
convolutional architecture, we first convert the point cloud
to a pseudo-image. We denote by [ a point in a point cloud
with coordinates x, ¥y, z and the reflectance r. The point
cloud is discretized into an evenly spaced grid in the x — y
plane, creating a set of pillars P with | P| = B. The points
in each pillar are then augmented with x., y., z., T, and
yp wWhere the ¢ subscript denotes distance to the arithmetic
mean of all points in the pillar and the p subscript denotes
the offset from the pillar x, y center [10].

The backbone has two sub-networks: one top-down
network that produces features at increasingly small spatial
resolution and a second network that performs upsampling
and concatenation of the top-down features. The top-down
backbone can be characterized by a series of blocks
Block(S,L,F). Each block operates at stride S. A block has
convolutional layers with F output channels, each followed
by BatchNorm and a ReLU. The final features from each
top-down block are combined through upsampling and
concatenation. First, the features are upsampled from an
initial stride to a final stride using a transposed 2D convo-
lution with F final features. Next, BatchNorm and ReLU
are applied to the upsampled features. The final output
features are a concatenation of all features from different
strides [10]. Finally, the Single Shot Detector (SSD) setup
is used to perform 3D object detection. Similar to SSD,
the priorboxes are matched to the ground truth using 2D
IoU (intersection over union) [10]. Please see figure 20, 21,
22 and 23 in the Appendix section for four sample images
that have bird’s-eye view of the lidar point cloud as well as
the 3D bounding boxes projected into the image for clearer
visualization. These sample images are from the paper[ | 0].
We have built our implementations using code referenced
in the Contributions and Acknowledgements section.

Rather than using any pretrained weights, we have



initialized the weights randomly using the uniform dis-
tribution. The encoder network uses 64 output features.
The car and pedestrian backbones are the same except
for the stride of the first block. All networks consist
of three blocks. Each block is upsampled through the
upsampling steps. We have used the same loss function
as recommended in the paper [10]. Given ground truth
boxes and anchors defined by (z,y,z,w,l,h,0), the
localization regression residuals between ground truth and

anchors are deﬁned by: Az = Ig;2$a Ay = ygtdzya,
Az =222 Aw =log U, Al = log b, Ah = log b2

and AG = sin(09t — 6’“) Here, z9' and z¢ are
respectively the ground truth and anchor boxes and

@ = /(w®)2 + (1*)2. We have the total localization loss

as Lioc = Dpe(ny,zwiho) SMoothLI(Ab).  Since the
angle localization loss cannot distinguish flipped boxes,
the heading is learned with a softmax classification loss,
Lair, on the discretized directions. The object classifi-
cation loss uses focal loss: L. = —aq(1 — p®)Ylogp?®,
where p® is the class probability of an anchor. Us-
ing @« = 0.25 and v = 2, the total loss is therefore:
L= ﬁ(ﬂlocﬁloc + /Bcls‘ccls + ﬂdzﬁ“‘cdir), where Npos
is the number of positive anchors and Sjoc = 2, Bus = 1
and B4;- = 0.2. The loss function is optimized using Adam
with an initial learning rate of 0.0002 which decays by a
factor of 0.8 every 15 epochs.

Figure 1. PointPillars Network Overview (See Figure 19 in the
Appendix for Larger Image) [10]
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3.3. FPN: 3D Detection and Segmentation

For our 3D object detection and road segmentation task,
we have used feature pyramid network (FPN) [11] with
ResNet-18 as the backbone. This architecture is presented
in Figure 2 below and augmented from the baseline model
[5]. Fundamentally the model consists of a backbone
layer (e.g. resnet-18 in this case) and a feature pyramid
network. The feature pyramid network is nothing but a
set of 1x1 conv layers with up-sampling to increase the
spatial size of the final layers of backbone network. Skip
connection is added between the backbone layers and
Feature Pyramid layer to improve accuracy. For object
detection, we’ve used CenterNet [29] detection algorithm.
It is an NMS free and anchor free algorithm for object

detection. CenterNet detects the center point of each object
class in the image as heatmaps and uses regression loss to
find the bounding box of the detected object. The model is
multi-headed. We’ve used 6 heads in the model after the
final layer to predict following outputs: heat-maps of the
different classes present in the input, distance of the center
of other objects from the self driving car, the angles in other
objects are facing, dimensions of the detected objects, the z
co-ordinate of the center of the object and the segmentation
map.

Four types of loss functions are used in the model: (a)
Focal loss [12], (b) L1 distance loss, (c) Balanced L1 loss
and [17] (d) cross entropy loss [1]. Focal loss is used to
encourage the network to learn correct classes.

—(1 = P)"log(P) (1)

P, is the confidence value of the network. (1 — P;) scale
factor helps the network to focus more on the prediction it’s
less confident about. It is used to encourage the network to
learn the correct classes from output heatmap. In short, the
focal loss attempts to solve the class imbalance problem in
dense single stage network where there is high amount of
data in one class but less amount of data for the other class.
L1 loss is used for the distance from ego car to the object
and directions. Balanced L1 loss is used for the bounding
box dimension and Z co-ordinate. We refer to [31] for a
detailed description to the balanced L1 loss. In short, the
multitask loss suffers from imbalances due to multiple loss
functions and balanced L1 loss attempts to balance this so
that the network converges. In this model both classifica-
tion and localization are solved simultaneously in balanced
L1 loss. Finally, cross entropy loss is used to do road seg-
mentation. For learning rate scheduler, cosine annealing is
used.

focalloss =

Figure 2. Feature Pyramid Architecture [11]
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4. Dataset and Features

We have used two datasets in this project. Our initial plan
was to use Waymo datasets [25][27][26]. But after consid-
ering the size of Waymo dataset (around 1.4TB) and the
computational resources available to us, we have decided to
find other datasets that are more suitable for the scope of



this project. These two datasets are Lyft Object Detection
for Autonomous Vehicles Dataset and the 3D Object De-
tection dataset 2017 provided by the Karlsruhe Institute of
Technology and Toyota Technological Institute at Chicago.
The details of these two datasets are discussed below.

4.1. YOLO and PointPillars Network

For YOLO and PointPillars network, the dataset we
use is the Lyft Object Detection for Autonomous Vehicles
Dataset [2]. The dataset contains LIDAR, image, map and
data files for both train and test sets. The data files contain
the primary identifier used for the training and test samples,
including center x, center y, center z, width, length, height,
yaw and class name. Center X, center y and center z are
the world coordinates of the center of the 3D bounding
volume. Width, length and height are the dimensions of the
volume. Yaw is the angle of the volume around the z axis.
Class name is the type of object contained by the bounding
volume. Here, there are 10 types of objects, including
animal, bicycle, bus, car, emergency vehicle, motorcycle,
truck, pedestrian and other vehicle. Training and test set
maps contain the maps of the sample area. The training
image and test image files contain all the snapshot images
captured by car sensors when driving down the road. We’ve
included some sample images in the appendix section. The
training image dataset is 23GB in size, and has 158,757
images. The test image dataset is 27.53 GB in size, and
has 192,276 images. The LIDAR dataset contains all the
LIDAR data points. The training LIDAR dataset is 39.56
GB in size and has 30, 744 items. The test LIDAR dataset
is 35.56 GB in size and has 27,468 items. However, due
to limitations of computational resources and time, for the
YOLO model and the PointPillars network, we have only
used 25% of the overall training set and test set in the Lyft
Object Detection for Autonomous Vehicles Dataset. For
YOLO, we mainly used the image data. For PointPillars
network, we mainly used the LIDAR data.

4.2. FPN: 3D Detection and Segmentation

For FPN, the dataset we use is the 3D Object Detection
dataset 2017 provided by the Karlsruhe Institute of Technol-
ogy and Toyota Technological Institute at Chicago[!16]. In
this dataset, the 3D object detection benchmark consists of
7,481 training images and 7, 518 test images as well as the
corresponding point clouds, comprising a total of 80.256
labeled objects. We used the point cloud only for the de-
tection task. It includes Velodyne point cloud data and
training labels 15,000 point clouds. The training data is
split into 3000/1000 training and validation sets. The point
cloud data is first projected into a bird eye view plane by
using the camera and lider calibration data provided with
the dataset. The size of resulting bird eye view frame is

608x608. This bird eye view frame is used as an input to
the model. Finally we used KITTI Road/Lane Detection
Evaluation 2013 [15] dataset for the road segmentation task.
We had to find another dataset for segmentation because the
3d detection dataset mentioned above didn’t contain any la-
bels for segmentation. The dataset contains 100 images and
manually annotated segmentation mask for road and lanes.
The dataset is split into 90/10 images of training and valida-
tion set. The original image size is (160, 576). However the
images are reshaped into 152x608 during pre-processing
step. At the input of the model the image is interpolated
from 152x608 to 608x608 to make it compatible with the
3D detection pipeline as they both share the same architec-
ture. For segmentation dataset, no data augmentation is per-
formed but for the detection dataset, random horizontal flips
are used to augment the data. Figure 3 below depicts a visu-
alization of point cloud data from KITTI training datawset
performed using open3D library. The KITTI dataset pro-
vided point cloud in .bin format. We first converted it to
.pcd format for this visualization purpose. Figure 4 shows
the sample training data and lables for segmentation dataset.

Figure 3. Example point cloud data
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5. Experiments/Results/Discussion

To train and test the model in this final project, we have
used a combination of Google Colaboratory, Amazon Web
Services and NVIDIA GeForce RTX 3080 Ti.

5.1. YOLO: 2D Object Detection

Applying the YOLO model on the training set images
from Lyft Object Detection for Autonomous Vehicles
Dataset, we get a group of sample detection images on the
training set. Sample image 1 is shown below. Other sample
images (2 and 3) are shown in the Appendix section. Since
the YOLO model has used the pre-trained weights and
doesn’t involve any training, we have only used it for doing
qualitative analysis. After going through these images, we
can see that the YOLO model can correctly identify cars
with red bounding box and trucks with green bounding
boxes like below in many cases. This indicates that the
YOLO model works in many cases. For implementation,
we mainly used the Keras of TensorFlow library here [4].

Figure 5. Sample Image 1 Using the YOLO model
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5.2. PointPillars Network: 3D Object Detection

For the PointPillars Network, rather than using any pre-
trained weights, we have initialized the weights randomly
using the uniform distribution. We have used the same loss
function and hyperparameters as recommended in the paper
[10]. The loss function is optimized using Adam with an
initial learning rate of 0.0002 which decays by a factor of
0.8 every 15 epochs. The architectures of the PointPillars
network are discussed in details in the Methods section. The
model is trained for 200 epochs. For implementation, we
mainly used the PyTorch library here[ 1 8]. We evaluate the
PointPillars network on the mAP (mean average precision)
at different IoU (intersection over union) thresholds. The
IoU of a set of predicted 3D bounding volumes and ground
truth bounding volumes is calculated as: IoU = %.
The metric sweeps over a range of IoU thresholds, at
each point calculating an average precision value. The
threshold values range from 0.5 to 0.95 with a step size of
0.05:  (0.5,0.55,0.6,0.65,0.7,0.75,0.8,0.85,0.9,0.95).
At each threshold value t, a precision value is calculated
based on the number of true positives (TP), false negatives
(FN), and false positives (FP) resulting from comparing

the predicted object to all ground truth objects. A true
positive is counted when a single predicted object matches
a ground truth object with an IoU above the threshold. A
false positive indicates a predicted object has no associated
ground truth object. A false negative indicates a ground
truth object has no associated predicted object. The
average precision of a single image is calculated as the
mean of the above precision values at each IoU threshold:
|threslholds| > TP(t)JrIj;}Ij((z))JrFN(t)' Using the Lyft Object
Detection for Autonomous Vehicles Dataset, we get the
following table, which contains the mAP per category per
IoU threshold.

Figure 6. Mean Average Precision Per Category Per IoU Threshold

10U threshold 0.5 0.55 |0.6 0.65 |0.7 0.75 |0.8 0.85 0.9/0.95

Animal 0.0000{0.0000|0.0000|0.0000{0.0000| 0.0000| 0.0000|0.0000|0.0000| 0.0000
Bicycle 0.1096|0.0953|0.0817|0.0686|0.0571|0.0481|0.0412|0.0361|0.0321| 0.0289
Bus 0.3925|0.3873|0.3794|0.3669| 0.3500| 0.3242| 0.2909| 0.2569| 0.2285| 0.2056
Car 0.6022|0.5866 | 0.5644|0.5331|0.4914 | 0.4407|0.3880|0.3410|0.3032| 0.2729
Emergency Vehicle 0.0000{0.0000| 0.0000|0.0000{0.0000| 0.0000| 0.0000|0.0000|0.0000| 0.0000
Motorcycle 0.0936|0.0716|0.0538|0.0419|0.0340| 0.0284| 0.0244|0.0213|0.0190|0.0171

Other Vehicle 0.4316|0.4226| 0.4112|0.3957|0.3747 | 0.3464 | 0.3107|0.2743| 0.2439

0.2195

Pedestrian 0.0728|0.0569|0.0440|0.0343|0.0277|0.0231)|0.0198|0.0173|0.0154

0.0139

Truck 0.3798|0.3717|0.3606| 0.3452|0.3258 | 0.2995| 0.2686|0.2375| 0.2113

0.1902

Average Over Car, Pedestrian

and Bicycle/Cyclist 0.2615|0.2463 | 0.2300|0.2120{0.1921|0.1706| 0.1497|0.1315| 0.1169

0.1052

Average Over All 0.2313|0.2213|0.2106|0.1984|0.1845| 0.1678| 0.1493|0.1316| 0.1170

0.1053

From the table above, we conclude the following. First,
among all the categories, car, bus, truck and other vehicle
have the highest mAP (mean average precision). Animal
and emergency vehicle have zero mAP, which is likely be-
cause there are very few animals and emergency vehicle in
the training and test set images. Bicycles and pedestrians
have low mAP. Second, when we increase the IoU thresh-
old values, the mAP values decrease in all categories. Third,
from the PointPillars paper[10], we can see that the mAP
value for detecting cars can reach the level of 0.7 to 0.9 at
0.5 IoU. However, at 0.5 IoU, our mAP value for car de-
tection is only around 0.6022. Since we are using the same
architecture as the one in the paper, we think there are two
possible reasons for the underperformance. The first pos-
sible reason is that the paper uses KITTI dataset but we
are using the LFYT dataset. It’s possible that the KITTI
dataset contains less noise than the LYFT dataset. The sec-
ond possible reason is that we have only trained and tested
on 25% of the Lyft Object Detection for Autonomous Vehi-
cles Dataset. If we can train and test on the full dataset, then
our mAP might be higher. Fourth, bicycle and pedestrian
have low mAP. After going through some sample images,
we find that one common mistake is that the two can be mis-
classified with each other. They can also be confused with
other narrow objects in the image, such as trees or poles.
We have plotted predicted and ground truth boxes on corre-
sponding LIDAR point cloud pred boxes in LIDAR’s field
of regard. The sample plot is as follows.




Figure 7. Plot of predicted and ground truth boxes on correspond-
ing LIDAR point cloud pred boxes in LIDAR'’s field of regard

5.3. 3D Detection and Road Segmentation

For the 3D detection and road segmentation task, we
augmented the baseline model by adding new layers and
infrastructure code to perform multi-task detection and seg-
mentation using the same model but with different heads
for different tasks. For detection we used mAP (mean av-
erage precision) metric to evaluate the model. We used
0.001 learning rate with cosine learning rate scheduler with
Adam SGD optimizer and batch size 16. To simplify the
project, we only attempted to detect 3 categories - car,
pedestrian and cyclists, and for segmentation task, only de-
tected road and lanes. The KITTI detection dataset didn’t
come with any segmentation mask. So we had to find
an auxiliary dataset just for the segmentation task as dis-
cussed above in the dataset section. Following table shows
the mAP achieved for the detection tasks. The KITTI
dataset is stratified into easy, moderate, and hard difficul-
ties. Please note that we are not reporting accuracy for the
segmentation tasks. The following table only reports re-
sults for 3d detection and resulting 2d bounding box derived
from lidar 3d bounding boxes. We’ve created two demon-
stration videos using the model predictions, one on detec-
tion and one on segmentation. It can be accessed in here:
https://drive.google.com/drive/folders/
1duKIdffug- 9HpZGZhiYpAf7KSZmY1T8m? usp =
sharing

Figure 8. mAP for 3D Detection Tasks (Average Over Car, Pedes-
trian and Cyclist)

Task Hard Moderate Easy Num recall

bbox 30.04 33.28 37.45 1 10
3d 12.13 12.30 13.99 1 10
bbox 30.29 34.32 36.05 40 10
3d 12.79 12.85 13.08 40 10
bbox 72 78 80 1 300
3d 95 97 97 1 300
bbox 72 84 87 40 300

3d 97 97 98 40 300

We reported the results after training for 10 epochs and
300 epochs. The model took approximately 15 hours for
300 epochs and to achieve good results it was necessary to
train it for longer period of time as shown in the table above.
Following figures shows the outputs from the model with 3d

bounding boxes and road/lane segmentation.

Figure 9. Output from model- 3d Detection. Bottom image shows
the bird eye view of lidar image and the top image shows the cam-
era image (See figure20 in Appendix for larger regular-size image)

.

5.4. Failure Modes

Even though visually we were able to achieved good re-
sults, the model failed in some edge cases. Following im-
ages shows some example of bad predictions.

Figure 11. Model - failure modes (after training for 50 epochs)
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For the detection task, the model fails to detect distant
object or object in the periphery. For the segmentation task,
it performs poorly when there is more than 2 lanes or curved
road with blind spots as shown above. We were able to al-
leviate the detection errors shown above just by training the
model for longer. For example we noticed that the model
didn’t suffer with similar detection errors after training for
300 epochs. As the 3d detection is performed using point
cloud data, we hypothesize that we just need to train the
model for longer period to achieve better performance. An-
other thing to note is that we have only used 3000 lidar scans
to train the model to cut down training time. It also ad-
versely affected the performance. However for the segmen-
tation task, training the model for longer didn’t alleviate the
issues. To understand what the model is looking at we’ve
generated some saliency maps as shown below.

Figure 12. Saliency maps

The top image in figure 13 shows that the model is pay-
ing more attention to the lane as expected. The bottom im-
age shows that the model is not properly detecting the lane
if there is a left turn ahead. As training the model for more
epochs didn’t alleviate the issues, the model is most likely
under-fitting. We had to add some interpolation layers to
up-sample from 152 to 608 in horizontal dimension before
feeding the image to the model. We had to do it so that the
same architecture can be used for both detection and seg-
mentation. Due to time constraint we were not able to do
any further exploration but we suspect that the model is not
performing well due to this. Another important factor is the
lack of training data. We strongly believe that if we train the
model with more image segmentation data then the perfor-
mance will improve significantly. We only had 100 images
in this segmentation dataset.

6. Conclusion/Future Work

For our project, we have mainly used three algorithms
for object detection. The first algorithm is YOLO, which
stands for You Only Look Once. YOLO is a 2D object
detection algorithm, and its YOLOV3 system gives us the
pre-trained weights that can be used in object detection.
Since we don’t need to do any training here, we have
mainly used the YOLO algorithm for qualitative analysis.
After going through these images, we can see that the
YOLO model can correctly identify cars with red bounding
box and trucks with green bounding boxes in many images,
which indicates that the YOLO model works in many cases.

The second algorithm is the PointPillars network, which
is a novel encoder that utilizes PointNets to learn a rep-
resentation of point clouds organized in vertical columns
(pillars). The overall architecture of PointPillars contains
three components: a pillar feature net, a backbone 2D
CNN, and a detection head. Using the PointPillars network,
we are able to achieve a mean average prediction of 0.6022
at 0.5 IoU for car detection. Our PointPillars network
has underperformed the one in the PointPillars paper[10],
which has a mean average precision value range of 0.7
to 0.9 at 0.5 IoU for car detection. Since we are using
the same architecture as the one in the paper, we think
there are two possible reasons for the underperformance.
The first possible reason is that the paper uses KITTI
dataset but we are using the LFYT dataset. It’s possible
that the KITTI dataset contains less noise than the LYFT
dataset. The second possible reason is that we have only
trained and tested on 25% of the Lyft Object Detection for
Autonomous Vehicles Dataset. If we can train and test on
the full dataset, then our mAP might be higher. So, for
our future work, if we have more computational resources
and time, we should try to train and test on the full dataset
and try to get the most optimal performance. We should
also tune the hyperparameters more to further optimize the
performances.

Finally, we have experimented with multi-task learning
using keypoint detection and feature pyramid architecture
[11]. The model showed that it is possible to use a shared
model and add multiple heads to perform various tasks. We
also realized that it requires significant computational re-
sources to work with lidar data and in future we would like
to run more experiments with various hyperparameters and
model configurations to improve the overall result.



7. Appendices (optional and not part of page Figure 16. Sample Image 2 Using the YOLO model
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Figure 13. Sample Image 1 in the Lyft Object Detection for Au-
tonomous Vehicles Dataset

Figure 17. Sample Image 3 Using the YOLO model
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Figure 14. Sample Image 2 in the Lyft Object Detection for Au-
tonomous Vehicles Dataset
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Figure 18. PointPillars Network Overview (Larger) [10]
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Figure 19. Output from model- 3d Detection. Bottom image shows
the bird eye view of lidar image and the top image shows the cam-
era image (Larger Image)

Figure 20. Sample Image 1 - a bird’s-eye view of the lidar point
cloud (top), as well as the 3D bounding boxes projected into the
image for clearer visualization. The predicted boxes for car is or-
ange), for cyclist is red and for pedestrian is blue. Ground truth
boxes are shown in gray. The orientation of boxes is shown by a
line connected the bottom center to the front of the box. [10]
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Figure 21. Sample image 2 - a bird’s-eye view of the lidar point
cloud (top), as well as the 3D bounding boxes projected into the
image for clearer visualization. The predicted boxes for car is or-
ange), for cyclist is red and for pedestrian is blue. Ground truth
boxes are shown in gray. The orientation of boxes is shown by a
line connected the bottom center to the front of the box. [10]

Figure 22. Sample image 3 - a bird’s-eye view of the lidar point
cloud (top), as well as the 3D bounding boxes projected into the
image for clearer visualization. The predicted boxes for car is or-
ange), for cyclist is red and for pedestrian is blue. Ground truth
boxes are shown in gray. The orientation of boxes is shown by a
line connected the bottom center to the front of the box.[10]




Figure 23. Sample image 4 - a bird’s-eye view of the lidar point
cloud (top), as well as the 3D bounding boxes projected into the
image for clearer visualization. The predicted boxes for car is or-
ange), for cyclist is red and for pedestrian is blue. Ground truth
boxes are shown in gray. The orientation of boxes is shown by a
line connected the bottom center to the front of the box.[10]

Figure 24. Self Driving Car Illustration [24]
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part of page limit)
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the final project.
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algorithm-for-object-detection/).

-For PointPillars network model, we  have
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