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1 Introduction

Autonomous vehicles (AVs) have received immense attention in recent years, in
large part due to their potential to improve driving comfort and reduce injuries from
vehicle crashes. It has been reported that more than 36,000 people died in 2019
due to fatal accidents on U.S. roadways [1]. AVs can eliminate human error and
distracted driving that is responsible for 94% of these accidents [2]. By using sensors
such as cameras, lidars, and radars to perceive their surroundings, AVs can detect
objects in their vicinity and make real-time decisions to avoid collisions and ensure
safe driving behavior.

AVs are generally categorized into six levels by the SAE J3016 standard [3]
based on their extent of supported automation (see Table 1). While level 0-2
vehicles provide increasingly sophisticated support for steering and acceleration,
they heavily rely on the human driver to make decisions. Level 3 vehicles are
equipped with Advanced Driver Assistance Systems (ADAS) to operate the vehicle
in various conditions, but human intervention may be requested to safely steer,
brake, or accelerate as needed. Level 4 vehicles are capable of full self-driving mode
in specific conditions but will not operate if these conditions are not met. Level 5
vehicles can drive without human interaction under all conditions.

Automotive manufactures have been experimenting with AVs since the 1920s.
The first modern AV was designed as part of CMU NavLab’s autonomous land
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Table 1 SAE J3016 levels of automation

SAE level Name Driving environment monitor
0 No automation Human driver

1 Driver assistance

2 Partial driving automation

3 Conditional driving automation ADAS system

4 High driving automation

5 Full driving automation

vehicle project in 1984 with level 1 autonomy that was able to steer the vehicle
while the acceleration was controlled by a human driver [4]. This was followed by
an AV designed by Mercedes-Benz in 1987 with level 2 autonomy that was able to
control steering and acceleration with limited human supervision [5]. Subsequently,
most major auto manufacturers such as General Motors, Bosch, Nissan, and Audi
started to work on AVs.

Tesla was the first company to commercialize AVs with their Autopilot system
in 2014 that offered level 2 autonomy [6]. Tesla AVs were able to travel from New
York to San Francisco in 2015 by covering 99% of the distance autonomously. In
2017, Volvo launched their Drive Me feature with level 2 autonomy, with their
vehicles traveling autonomously around the city of Gothenburg in Sweden under
specific weather conditions [7]. Waymo has been testing its AVs since 2009 and has
completed 200 million miles of AV testing. They also launched their driverless taxi
service with level 4 autonomy in 2018 in the metro Phoenix area in USA with 1000-
2000 riders per week, among which 5-10% of the rides were fully autonomous
without any drivers [8]. Cruise Automation started testing a fleet of 30 vehicles in
San Francisco with level 4 autonomy in 2017, launched their self-driving Robotaxi
service in 2021 [9]. Even though Waymo and Cruise support level 5 autonomy, their
AVs are classified as level 4 because there is still no guarantee that they can operate
safely in all weather and environmental conditions.

AVs rely heavily on sensors such as cameras, lidars, and radars for autonomous
navigation and decision making. For example, Tesla AVs rely on camera data with
six forward facing cameras and ultrasonic sensors. In contrast, Cruise AVs use a
sensor cluster that consists of a radar in the front while camera and lidar sensors
are mounted on the top of the AV to provide a 360-degree view of the vehicle
surroundings [9]. One of the main tasks involved in achieving robust environmental
perception in AVs is to detect objects in the AV vicinity using software-based object
detection algorithms. Object detection is a computer vision task that is critical for
recognizing and localizing objects such as pedestrians, traffic lights/signs, other
vehicles, and barriers in the AV vicinity. It is the foundation for high-level tasks
during AV operation, such as object tracking, event detection, motion control, and
path planning.

The modern evolution of object detectors began 20 years ago with the Viola
Jones detector [10] used for human face detection in real-time. A few years
later, Histogram of Oriented Gradient (HOG) [11] detectors became popular for
pedestrian detection. HOG detectors were then extended to Deformable Part-based



Object Detection in Autonomous Cyber-Physical Vehicle Platforms: Status. . . 511

Models (DPMs), which were the first models to focus on multiple object detection
[12]. With growing interest in deep neural networks around 2014, the Regions
with Convolutional Neural Network (R-CNN) deep neural network model led
to a breakthrough for multiple object detection, with a 95.84% improvement in
Mean Average Precision (mAP) over the state-of-the-art. This development helped
redefine the efficiency of object detectors and made them attractive for entirely new
application domains, such as for AVs. Since 2014, the evolution in deep neural
networks and advances in GPU technology have paved the way for faster and
more efficient object detection on real-time images and videos [10]. AVs today rely
heavily on these improved object detectors for perception, pathfinding, and other
decision making.

This chapter discusses contemporary deep learning-based object detectors, their
usage, optimization, and limitations for AVs. We also discuss open challenges and
future directions.

2 Overview of Object Detectors

Object detection consists of two sub-tasks: localization, which involves determining
the location of an object in an image (or video frame), and classification, which
involves assigning a class (e.g., ‘pedestrian’, ‘vehicle’, ‘traffic light’) to that object.
Figure 1 illustrates a taxonomy of state-of-the-art deep learning-based object
detectors. We discuss the taxonomy of these object detectors in this section.

2.1 Two-Stage vs Single Stage Object Detectors

Two-stage deep learning based object detectors involve a two-stage process con-
sisting of (1) region proposals and (2) object classification. In the region proposal
stage, the object detector proposes several Regions of Interest (ROIs) in an input
image that have a high likelihood of containing objects of interest. In the second
stage, the most promising ROIs are selected (with other ROIs being discarded)

Taxonomy of Object Detector
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Fig. 1 Taxonomy of object detectors
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Fig. 2 Two-stage vs Single stage detector network diagram

and objects within them are classified [13]. Popular two-stage detectors include R-
CNN, Fast R-CNN, and Faster R-CNN. In contrast, single-stage object detectors
use a single feed-forward neural network that creates bounding boxes and classifies
objects in the same stage. These detectors are faster than two-stage detectors but
are also typically less accurate. Popular single-stage detectors include YOLO, SSD,
EfficientNet, and RetinaNet.

Figure 2 illustrates the difference between the two types of object detectors. Both
types of object detectors are typically evaluated using the mAP and Intersection
over Union (IoU) accuracy metrics. mAP is the mean of the ratio of precision to
recall for individual object classes, with a higher value indicating a more accurate
object detector. IoU measures the overlap between the predicted bounding box and
the ground truth bounding box. Formally, IoU is the ratio of the area of overlap
between the (bounding and ground truth) boxes and the area of union between the
boxes. Figure 3 illustrates the IoU of an object detector prediction and the ground
truth. Figure 3a shows a highly accurate IoU and 3b shows a less accurate IoU.

R-CNN was one of the first deep learning-based object detectors and used
an efficient selective search algorithm for ROI proposals as part of a two-stage
detection [13]. Fast R-CNN solved some of the problems in the R-CNN model, such
as low inference speed and accuracy. In the Fast R-CNN model, the input image is
fed to a Convolutional Neural Network (CNN), generating a feature map and ROI
projection. These ROIs are then mapped to the feature map for prediction using ROI
pooling. Unlike R-CNN, instead of feeding the ROI as input to the CNN layers, Fast
R-CNN uses the entire image directly to process the feature maps to detect objects
[14]. Faster R-CNN used a similar approach to Fast R-CNN, but instead of using a
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Fig. 3 Example of an IOU; green box: ground truth; red box: prediction

selective search algorithm for the ROI proposal, it employed a separate network that
fed the ROI to the ROI pooling layer and the feature map, which were then reshaped
and used for prediction [15].

Single-stage object detectors such as YOLO (You only look once) are faster
than two-stage detectors as they can predict objects on an input with a single pass.
The first YOLO variant, YOLOV1, learned generalizable representations of objects
to detect them faster [16]. In 2016, YOLOV2 improved upon YOLOv! by adding
batch normalization, a high-resolution classifier, and use of anchor boxes to create
bounding boxes instead of using a fully connected layer like YOLOv1 [17]. In 2018,
YOLOV3 was proposed with a 53 layered backbone-based network that used an
independent logistic classifier and binary cross-entropy loss to predict overlapping
bounding boxes and smaller objects [18]. Single-Shot Detector (SSD) models were
proposed as a better option to run inference on videos and real-time applications
as they share features between the classification and localization task on the whole
image, unlike YOLO models that generate feature maps by creating grids within an
image. While the YOLO models are faster than SSD, they trail behind SSD models
in accuracy [19]. Even though YOLO and SSD models provide good inference
speed, they have a class imbalance problem when detecting small objects. This
issue was addressed in the RetinaNet detector that used a focal loss function during
training and a separate network for classification and bounding box regression [20].

In 2020, YOLOV4 introduced two important techniques: ‘bag of freebies’ which
involves improved methods for data augmentation and regularization during training
and ‘bag of specials’ which is a post processing module that allows for better mAP
and faster inference [21]. YOLOVS5, which was also introduced in 2020, proposed
further data augmentation and loss calculation improvements. It also used auto-
learning bounding box anchors to adapt to a given dataset [22]. Another variant
called YOLOR (You Only Learn One Representation) was proposed in 2021 and
used a unified network that encoded implicit and explicit knowledge to predict the
output. YOLOR can perform multitask learning such as object detection, muti-label
image classification, and feature embedding using a single model [23]. The YOLOX
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Table 2 2D and 3D object detector models and their performance

Name Year Type | Dataset mAP Inference rate (fps)
R-CNN [13] 2014 | 2D Pascal VOC | 66% 0.02
Fast R-CNN [14] 2015 Pascal VOC | 68.8% 0.5
Faster R-CNN [15] 2016 COCO 78.9% 7
YOLOVI [16] 2016 Pascal VOC | 63.4% 45
YOLOV2 [17] 2016 Pascal VOC | 78.6% 67
SSD [19] 2016 Pascal VOC | 74.3% 59
RetinaNet [20] 2018 COCO 61.1% 90
YOLOV3 [18] 2018 COCO 44.3% 95.2
YOLOvV4 [21] 2020 COCO 65.7% 62
YOLOVS5 [22] 2021 COCO 56.4% 140
YOLOR [23] 2021 COCO 74.3% 30
YOLOX [24] 2021 COCO 51.2% 57.8
Complex-YOLO [27] 2018 | 3D KITTI 64.00% | 50.4
Complexer-YOLO [28] | 2019 KITTI 49.44% | 100
Wen et al. [29] 2021 KITTI 73.76% | 17.8
RAANet [30] 2021 NuScenes 62.0% -

model, also proposed in 2021, uses an anchor-free, decoupled head technique
that allows the network to process classification and regression using separate
networks. Unlike the YOLOv4 and YOLOV5 models, YOLOX has reduced number
of parameters and increased inference speed [24]. The performance of each model
in terms of mAP and inference speed is summarized in Table 2.

2.2 2D vs 3D Object Detectors

2D object detectors typically use 2D image data for detection, but recent work has
also proposed a sensor-fusion based 2D object detection approach that combines
data from a camera and radar [25]. 2D object detectors provide bounding boxes
with four Degrees of Freedom (DOF). Figure 4 shows the most common approach
for encoding bounding boxes 4a: [x, y, height, width] and 4b: [xmin, ymin, Xxmax,
ymax] [26]. Unfortunately, 2D object detection can only provide the position of the
object on a 2D plane but does not provide information about the depth of the object.
Depth of the object is important to predict the shape, size, and position of the object
to enable improved performance in various self-driving tasks such as path planning,
collision avoidance, etc.

Figure 5 shows the difference between a 2D and 3D object detector output on
real images. 3D object detectors use data from a camera, lidar, or radar to detect
objects and generator 3D bounding boxes. These detectors provide bounding boxes
with (X, y, z) and (height, width, length) along with yaw information [26]. These
object detectors use several approaches, such as point clouds and frustum pointnets,
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Fig. 5 Object detection modalities: (a) 2D vs. (b) 3D

for predicting objects in real-time. Point cloud networks can directly use 3D data,
but the complexity and cost of computing are very high, so some networks use 2D to
3D lifting while compensating for the loss of information. Pointnets are used along
with RGB images, where 2D bounding boxes are obtained using RGB images. Then
these boxes are used as ROISs for 3D object detection which reduces the search effort
[26]. Monocular image-based methods have also been proposed that use an RGB
image to predict objects on the 2D plane and then perform 2D to 3D lifting to create
3D object detection results.

Recent years have seen growing interest in 3D object detection with deep
learning. Complex-YOLO, an extension of YOLOV2, used a Euler Region Proposal
Network (E-RPN), based on an RGB Birds-Eye-View (BEV) map from point cloud
data to get 3D proposals. The network exploits the YOLOV2 network followed by
E-RPN to get the 3D proposal [27]. Later in 2019, Complexer-YOLO achieved
semantic segmentation and 3D object detection using Random Finite Set (RFS) [28].
The more recent work on 3D object detection by Wen et al. [29] in 2021 proposed a
lightweight 3D object detection model that consists of three submodules: (1) point
transform module, which extracts point features from the RGB image based on the
raw point cloud, (2) voxelization, which divides the features into equally spaced
voxel grids and then generates a many-to-one mapping between the voxel grids and
the 3D point clouds, and (3) point-wise fusion module, which fuses the features
using two fully connected layers. The output of the point-wise fusion module is
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encoded and used as input for the model. Another 3D detector proposed in 2021
called RAANet used only lidar data to achieve 3D object detection [30]. It used
the BEV lidar data as input for a region proposal network which was then used to
create shared features. These shared features were used as the input for an anchor
free network to detect 3D objects. The performance of these models is summarized
in Table 2.

3 Deploying Object Detectors in AVs

Deploying deep learning-based object detector models in AVs has its own chal-
lenges, mainly due to the resource-constrained nature of the onboard embedded
computers used in vehicles. These computing platforms have limited memory
availability and reduced processing capabilities due to stringent power caps, and
high susceptibility to faults due to thermal hotspots and gradients, especially during
operation in the extreme conditions found in vehicles. As the complexity of the
object detector model increases, the memory and computational requirements, and
energy overheads also increase. In this section, we discuss techniques to improve
object detector model deployment efficiency. The performance of some of the latest
works on this topic is summarized in Table 3.

3.1 Pruning

Pruning a neural network model is a widely used method for reducing the model’s
memory footprint and computational complexity. Pruning was first used in the 1990s
to reduce neural network sizes for deploying them on embedded platforms [31].
Pruning involves removing redundant weights and creating sparsity in the model
by training the model with various regularization techniques (L1, L2, unstructured,
and structured regularization). Sparse models are easier to compress, and the zero
weights created during pruning can be skipped during inference, reducing inference
time, and increasing efficiency. While most pruning approaches target deep learning
models for the simpler image classification problem, relatively fewer works have
attempted to prune the more complex object detector models. Wang et al. [32]
proposed using a channel pruning strategy on SSD models in which they start by
creating a sparse normalization and then prune the channels with a small scaling
factor followed by fine-tuning the network. Zhao et al. [33] propose a compiler
aware neural pruning search on YOLOv4 which uses an automatic neural pruning
search algorithm that uses a controller and evaluator. The controller is used to
select the search space, pre-layer pruning schemes, and prune the model whereas
the evaluator evaluates the model accuracy after every pruning step.
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3.2 Quantization

Quantization is the process of approximating a continuous signal by a set of
discrete symbols or integer values. The discrete set is selected as per the type of
quantization such as integer, floating-point, and fixed-point quantization. Quantizing
deep learning-based object detector models involves converting the baseline 32-bit
parameters (weights, activations, biases) to fewer (e.g., 16 or 8) bits, to achieve
lower memory footprint, without significantly reducing model accuracy. Fan et al.
[34] proposed an 8-bit integer quantization of all the bias, batch normalization,
and activation parameters on SSDLite-MobileNetV2. LCDet [35] proposed a fully
quantized 8-bit model in which parameters of each layer of a YOLOV2 object
detector were quantized to 8-bit fixed point values. To achieve this, they first stored
the minimum and maximum value at each layer and then used relative valued to
linearly distribute the closest integer value to all the reduced bitwidth weights.

3.3 Knowledge Distillation

Knowledge Distillation involves transferring learned knowledge from a larger
model to a smaller, more compact model. A teacher model is first trained for
object detection, followed by a smaller student model being trained to emulate the
prediction behavior of the teacher model. The goal is to make the student model
learn important features to arrive at the predictions that are very close to that of the
original model. The resulting student model reduces the computational power and
memory footprint compared to the original teacher model. Kang et al. [36] proposed
an instance-conditional knowledge decoding module to retrieve knowledge from
the teacher network (RetinaNet with a ResNet-101 classifier model as backbone)
via query-based attention. They also used a subtask that optimized the decoding
module and feature maps to update the student network (RetinaNet with a simpler
ResNet-50 model as backbone). Chen et al. [37] proposed a three-step knowledge
distillation process on R-CNN with a Resnet-50 model as backbone. The first step
used a feature pyramid distillation process to extract the output features that can
mimic the teacher network features. They then used these features to remove the
output proposal to perform Regional Distillation (RD), enabling the student (RCNN
with a much simpler ResNet-18 model as backbone) to focus on the positive regions.
Lastly, Logit Distillation (LD) on the output was used to mimic the final output of
the teacher network.
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4 Open Challenges and Opportunities

While there has been significant work on effective object detection for AVs, there
are significant outstanding challenges that remain to be solved. Here we discuss
some of the key challenges and opportunities for future research in the field.

Neural Architecture Search (NAS) In recent years, NAS based efforts have gained
much attention to automatically determine the best backbone architecture for a
given object detection task. Recent works such as NAS-FCOS [38], MobileDets
[39], and AutoDets [40] have shown promising results on image classification tasks.
Using automated NAS methods can help identify better anchors boxes and backbone
networks to improve object detector performance. The one drawback of these efforts
is that they take significantly longer to discover the final architecture. More research
is needed to devise efficient NAS approaches targeting object detectors.

Real-Time Processing Object detectors deployed in AV’s use video inputs from
AV cameras, but the object detectors are typically trained to detect objects on image
datasets. Detecting an object on every frame in a video can increase latency of the
detection task. Correlations between consecutive frames can help identify the frames
that can be used for detecting new objects (while discarding others) and reduce
the latency of the model. Creating models that can correlate spatial and temporal
relationships between consecutive frames is an open problem. Recent work on real-
time object detection [41, 42], has begun to address this problem, but much more
work is needed.

Sensor Fusion Sensor fusion is one of the most widely used methods for increasing
accuracy of 2D and 3D object detection. Many efforts fuse lidar and RGB images to
perform object detection for autonomous driving. But there are very few works that
consider fusion data from ultrasonic sensors, radar, or V2X communication. The
fusion of data from more diverse sensors is vital to increasing the reliability of the
perception system in AVs. Fusing additional sensor data can also increase stability
and ensure that the perception system does not fail when one of the sensors fails
due to environmental conditions. Recent efforts [43, 44] are beginning to design
object detectors that work with data from various sensors, which is a step in the
right direction for reliable perception in AVs.

Time Series Information Most conventional object detection models rely on a CNN-
based network for object detection that does not consider time series information.
Only a few works, such as [45, 46], consider multi-frame perception that uses data
from the previous and current time instances. Correlating time series information
about vehicle dynamics can increase the reliability of the model. Some works such
as Sauer et al. [47] and Chen et al. [48] have used time-series data such as steering
angle, vehicle velocity, etc. with object detector output to create a closed loop
autonomous driving system. Research on combining these efforts with time-series
object detector outputs can enable us to make direct driving decisions from these
multi-modal models for safer and more reliable driving.
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Semi-supervised Object Detection Supervised machine learning methods which are
used in all object detectors today require an annotated dataset to train the detector
models. The major challenge in supervised object detection is to annotate data for
different scenarios such as, but not limited to, weather conditions, terrain, variable
traffic, and location, which is a time-consuming task to ensure improved safety and
adaptability of these models in real-world AV driving scenarios. Due to the evolving
changes in driving environments, the use of semi-supervised learning for object
detection can reduce training time of these models. Some recent efforts, e.g., [49—
51] advocate for performing object detection using semi-supervised transformer
models. Due to the high accuracy of transformer-based models, they can yield better
performance when detecting object for autonomous driving tasks. Even though
transformer-based models yield higher accuracy, deploying them on embedded
onboard computers is still a challenge due to their large memory footprint, which
requires further investigation.

Open Datasets Object detector model performance can vary due to changing
lighting, weather, and other environmental conditions. Data from different weather
conditions during training can help fit all the environmental needs to address this
problem. Adding new data to accommodate these weather conditions changes when
training and testing these models can help overcome this issue. The Waymo open
dataset [52] has a wide variety of data that focus on different lighting and weather
conditions to overcome this issue. More such open datasets are needed to train
reliable object detectors for AVs to ensure robust performance in a variety of
environmental conditions.

Resource Constraints Most object detectors have high computational and power
overheads when deployed on real hardware platforms. To address this chal-
lenge, prior efforts have adapted pruning, quantization, and knowledge distillation
techniques (see Sect. 3) to reduce model footprint and decrease the model’s com-
putational needs. New approaches for hardware-friendly pruning and quantization,
such as recent efforts [53, 54], can be very useful. Techniques to reduce matrix
multiplication operations, such as [55-57] can also speed up object detector execu-
tion time. Hardware and software co-design, by combining pruning, quantization,
knowledge distillation etc. along with hardware optimization such as parallel factors
adjustment, resource allocation etc. also represents an approach to improve object
detector efficiency. Results from recent work [58-60] have been promising, but
much more research is needed on these topics.

5 Conclusion

In this chapter, we discussed the landscape of various object detectors being
considered and deployed in emerging AVs, the challenges involved in using these
object detectors in AVs, and how the object detectors can be optimized for lower
computational complexity and faster inference during real-time perception. We also



Object Detection in Autonomous Cyber-Physical Vehicle Platforms: Status. . . 521

presented a multitude of open challenges and opportunities to advance the state-
of-the-art with object detection for AVs. As AVs are clearly the transportation
industry’s future, research to overcome these challenges will be crucial to creating
a safe and reliable transportation model.
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