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Abstract: 3D Object detection is a critical mission of the perception system of a self-driving vehicle.
Existing bounding box-based methods are hard to train due to the need to remove duplicated
detections in the post-processing stage. In this paper, we propose a center point-based deep neural
network (DNN) architecture named RCBi-CenterNet that predicts the absolute pose for each detected
object in the 3D world space. RCBi-CenterNet is composed of a recursive composite network with a
dual-backbone feature extractor and a bi-directional feature pyramid network (BiFPN) for cross-scale
feature fusion. In the detection head, we predict a confidence heatmap that is used to determine the
position of detected objects. The other pose information, including depth and orientation, is regressed.
We conducted extensive experiments on the Peking University/Baidu-Autonomous Driving dataset,
which contains more than 60,000 labeled 3D vehicle instances from 5277 real-world images, and each
vehicle object is annotated with the absolute pose described by the six degrees of freedom (6DOF).
We validated the design choices of various data augmentation methods and the backbone options.
Through an ablation study and an overall comparison with the state-of-the-art (SOTA), namely
CenterNet, we showed that the proposed RCBi-CenterNet presents performance gains of 2.16%,
2.76%, and 5.24% in Top 1, Top 3, and Top 10 mean average precision (mAP). The model and the
result could serve as a credible benchmark for future research in center point-based object detection.

Keywords: object detection; CenterNet; absolute pose; feature fusion; autonomous driving; feature
pyramid network

1. Introduction

Object detection is at the heart of numerous computer vision applications such as
face detection [1], video surveillance [2], optical character recognition [3], object count-
ing/tracking [4,5], etc. In autonomous driving [6], the core mission of the perception system
of a vehicle computer is to detect nearby objects in real-time and make the optimal driving
decisions such as path planning and collision avoidance. Self-driving cars have been in the
spotlight and gained explosive development during the past decade [7]. Despite technolog-
ical advancement, the self-driving system is still far from reliable and trustworthy. Several
recent accidents of autonomous vehicles are caused by object misclassification or not being
recognized [8]. Therefore, increasing the object detection capability of a self-driving system
is one of the highest priorities.

Recent advances in deep learning have elevated the performance of object detection
algorithms to a new level [9–14]. A wide spectrum of deep learning-based methods has been
developed and gained huge success in both academia and industry. However, most prior
studies are 2D detection methods that do not provide depth and orientation information,
which is required by driving tasks for accurate perception. Figure 1 shows different forms
of detection output for a car perception system. A 2D bounding box (Figure 1b) offers
limited position information (without depth) and no orientation information. The 3D
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bounding box in Figure 1c provides more fine-grained pose information. To estimate an
accurate 3D mask, Song et al. [15] proposed a keypoint-based approach that learns to
convert 2D keypoints (Figure 1d) marked on vehicle objects to corresponding 3D masks
(Figure 1e). Regardless of the output format, the absolute 3D pose of a detected object is
the most critical datum that should be accurately predicted.

Figure 1. Vehicle object detection: (a) raw image; and (b–e) vehicle objects labeled by 2D, 3D
bounding boxes, keypoints, and 3D masks.

A common approach to describe the absolute pose of an object in the world space is
the six degrees of freedom (6DOF), which is a six-tuple (yaw, pitch, roll, x, y, z). The first
three elements of the 6DOF provide the orientation information and the last three give the
position information. A key challenge of using the 6DOF as the prediction target is the lack
of annotated datasets for training. 2D images collected by a monocular camera contain rich
texture features but lack depth and orientation. 3D cloud points gathered by a Lidar sensor
can well represent a 3D scene but lack semantic image features. A camera–Lidar fusion
strategy has recently become a popular approach due to its ability to utilize sensory data
from both sources, which contain accurate 3D pose data and texture features. The well-
known Karlsruhe Institute of Technology and Toyota Technological Institute (KITTI) [16]
and its upcoming KITTI 360 [17] datasets are an attempt to offer both 3D and 2D semantics
under this integrated setting. Given the limited dataset availability, the Apollocar3d [15]
dataset was proposed as an alternative. Vehicle objects in Apollocar3d were annotated
with keypoints, which were used to fit the 3D masks. Finally, the resulting 3D masks were
used to derive the 3D pose of a vehicle, represented by the 6DOF of the center point of the
vehicle. Using this technology, Peking University and Baidu jointly developed the Kaggle
Autonomous Driving dataset, which was used in our study.

The current mainstream object detection algorithms predict an object as a bounding
box [9–12]. The learning algorithm can be either one-stage [18] or two-stage [19]. The
former works by sliding over an image with pre-arranged bounding boxes, also referred
to as anchors, which are directly classified. The latter, on the other hand, extracts image
features from each candidate box and then performs classification using those features. Both
methods rely on a post-processing operation called non-maxima suppression (NMS), which
can effectively eliminate redundant detections but is hard to train and computationally
expensive. To address this problem, a new algorithm flavor that focuses on keypoints
estimation [13,20] is proposed. A representative approach, CenterNet [20], first predicts the
object center point and then regresses other properties such as object size and orientation.
Since bounding boxes are not the direct output, NMS is not needed, which speeds up
training. CenterNet has been successfully applied to the dataset under investigation and
achieved the state-of-the-art (SOTA) performance.

Inspired by the prior efforts, we propose a deep neural network (DNN) architecture
for object detection named recursive composite network with a bi-directional feature
pyramid. Since the detector part of our model adopts the same idea as CenterNet, we
name our model RCBi-CenterNet. The proposed network contains a dual-backbone feature
extractor [14] and a bi-directional feature pyramid network (BiFPN) [21] block to extract
and fuse cross-scale features. In addition, the model utilizes feedback connections [22] to
recursively send output features back to the dual-backbone network to repeat the feature
extraction process. This way, an image is looked at and processed twice or more. Due to
the inheritance of CenterNet, our model can directly predict the absolute 3D pose of objects
without bounding boxes. The contributions of this work are summarized as follows:
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• We propose a DNN architecture named RCBi-CenterNet to tackle the object detection
problem by predicting the absolute pose of a detected vehicle object in autonomous
driving. The model is powered by a recursive composite feature extractor with a
BiFPN module to effectively extract, fuse, and represent image features.

• We conducted extensive experiments to justify the design choices of augmentation
methods and the optimal backbone. In addition, we evaluated the effect of each
integrated module via an ablation study. The overall performance of RCBi-CenterNet
outperforms CenterNet by 2.16%, 2.76%, and 5.24% in Top 1, Top 3, and Top 10 mean
average precision (mAP), respectively. Our method can serve as a credible benchmark
for future research in center point-based objection detection. We open-sourced our
code at https://github.com/YixinChen-AI/RCBi_centernet (accessed on 2 June 2020)
for public access.

2. Related Work
2.1. Object Detection Based on Candidate Regions

R-CNN (regions with CNN features) [11] has emerged as a groundbreaking method
to combine object candidate regions and deep learning in object detection. However,
too many candidate regions are produced by only a single image, and every time, after
judging the candidate regions, images should be extracted regionally again before being
delivered to a deep neural network, making the training slow and hard to optimize. Fast
R-CNN [23] is conducted on full images but not by extracting patches of the candidate
regions. Generalizable representations of objects can be learned by fast R-CNN when
extracting features of the candidate regions on the corresponding deeper feature images.
The features obtained by fast R-CNN can be utilized for subsequent recognition and object
bounding box regression. R-CNN and fast R-CNN are two algorithms based on the raw
images realized by common algorithms in image processing, which is time-consuming. To
speed up training, region proposal network (RPN) is adopted to generate object candidate
regions in faster R-CNN [24]. The whole object detection and recognition process are
contained inside the deep learning network. A sequence-to-sequence model is employed
in faster R-CNN to accelerate training. In MR-CNN, s-CNN, and the Loc model [25],
detection accuracy is improved in object candidate regions and deep features. Object
candidate regions are segmented in different regions, and MR-CNN is conducted to extract
the features in these regions to represent the regions together. Deep utilization to candidate
regions is employed, and semantic segmentation CNN (s-CNN) is proposed to extract the
high-level features from the object feature maps.

2.2. Object Detection Based on Keypoints

To improve the accuracy and speed of network training models in object detection,
CenterNet [13] adopts keypoints instead of bounding boxes for object detection. Mobile
CenterNet is proposed to be deployed on embedded devices in real industrial application
scenarios [26]. HRNet is utilized as a powerful backbone in Mobile CenterNet to decrease
the calculation cost and shorten the algorithm’s implementation time. Keypoint triplets
are proposed to perceive the internal semantic information of the bounding box. In the
backbone CenterNet, prediction boxes are generated by corner keypoint triplets, and scale-
aware central regions are employed to define the sizes of the center region. In combination
with information extracted from center points, bounding boxes can be detected, while the
sizes of the center region are not refined enough [13]. A simpler and more effective center
point-based approach is proposed in [20], which utilizes the keypoints to estimate the object
center points. Relevant properties are regressed, such as size, 3D location, orientation,
and poses.

2.3. Object Detection in Autonomous Driving

The mainstream 3D object detection techniques in autonomous driving can be divided
into three categories [27]: monocular detection [28–30], Lidar-based detection [31,32], and
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camera–Lidar fusion [33–36]. Each line of work has its pros and cons. Monocular detection
works by detecting 2D objects in RGB images that help reason in the 3D space to estimate
depth and orientation. However, the lack of explicit 3D information from the input limits
the localization accuracy. On the other hand, Lidar-based detection aims to detect 3D
objects directly from the point cloud sampled from the real world; however, due to the
lack of semantic texture information, DNNs cannot learn rich and meaningful features.
Camera–Lidar fusion is a hybrid strategy that combines front view images and point
cloud to generate interactive and semantic-rich features to train an end-to-end 3D object
detector. The majority of detectors developed under the three categories adopt an anchor-
based method to predict bounding boxes, and another line of work utilizes a point-based
method [20,37] to first predict the center point of an object and then regress other pose
information. The point-based detector showed superior performance in both AP and
inference time on the COCO dataset [20], compared to the anchor-based methods. This
study offers a custom point-based solution of object detection in the autonomous driving
domain, which falls into the monocular detection category. The same type of work does not
exist in the literature. Our work has the potential to be extended to work in a camera–Lidar
fusion setting, where the 3D point coordinates can be obtained directly from the point
cloud and projected to the 2D image to serve as an accurate position; in addition, a DNN
model can extract rich semantic features the RGB images to boost the detection accuracy.

2.4. 3D Object Datasets

In the previous 3D object datasets [38–43], there are several drawbacks such as limited
objects in scale, only partial 3D properties, and few objects per image. In the EPFL cars, 20
cars are contained under different viewpoints, while they are captured in a controllable
turntable which is quite different from real-time traffic conditions [42]. Non-controllable
and more realistic scenes are required in real object detection for autonomous driving cars,
and datasets containing natural images [44] collected from Flickr [45] or indoor scenes [46]
with Kinect are added in 3D objects [47]. A few hundred indoor images are labeled in the
IKEA datasets [44] with 3D furniture models. Twelve rigid categories in PASCAL VOC
2012 images [48] are labeled in PASCAL3D+ [49], and a larger 3D object dataset is proposed
by ObjectNet3D [50] with images from ImageNet [51] with 100 categories. These datasets
are useful but still cannot meet the real traffic driving scenarios in autonomous driving.
Although the KITTI dataset seems to be matched with our requirement, cars in the KITTI
dataset [16] are only labeled by a rectangular bounding box, and a lack of fine-grained
semantic keypoint is discovered.

3. The Dataset and Learning Task
3.1. Dataset

The dataset used in our study is derived from the ApolloSpace dataset [15] created by
the Baidu Robotics and Autonomous Driving Lab (RAL) and Peking University. The dataset
consists of more than 60,000 labeled 3D car instances from 5277 real-world images based
on industry-grade CAD car models. All images are with high resolution and collected in
real traffic environments with diverse driving conditions in four cities of China. Compared
to KITTI, the ApolloSpace dataset contains more movable objects (11.7 vs. 4.1 average cars
per image). There are some challenging environments in the dataset; for example, two
extreme lighting conditions (e.g., dark and bright) appearing in the same image could be
caused by the shadow of an overpass [52].

The training data consist of 4262 images, and each comes with a line describing the 3D
pose information of all vehicles annotated in the image. The pose information is given as a
string with the following format: model type, yaw, pitch, roll, x, y, z,where (yaw, pitch, roll)
gives the orientation/rotation information and (x, y, z) provides the position/translation
information. The model type indicates the car model that comes with a 3D model, which
can help determine the vehicle size and orientation but is not required as a part of the
prediction result. Note that some vehicles are not of interest because they are too far/small
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and are therefore removed from consideration for the task. In addition, the camera intrinsic
parameters are provided to facilitate the coordinate conversion between the 3D world
space and the 2D image space, as shown in Figure 2.

Camera

input image

principal point  
(u, v)

image
coordinate 

(ix, iy)

3D coordinate 
(x, y, z)

depth (z)

(a)

X
Y

Z

Pitch
Roll

Yaw

(b)

Figure 2. (a) The camera perspective from the top of the autonomous vehicle. All images in the dataset are taken by this
camera. The principal point (u, v), at the center of an image, is the point on the image plane onto which the perspective
center is projected. With a given camera intrinsic matrix, we can obtain a conversion between a point’s 3D coordinate (x, y,
z) in the world space and its 2D coordinate, denoted as (ix, iy), in the image space. (b) Six degrees of freedom (6DOF) can be
used to determine the absolute pose of a vehicle in the world space. Rotation around the side-to-side (X) axis is called pitch;
rotation around the front-to-back (Y) axis is called roll; and rotation around the vertical (Z) axis is called yaw.

Given the transformed 2D position and orientation data, along with provided car
models, the ground truth vehicle annotations can be visualized with a center point and
the bottom rectangle of a 3D bounding box, as shown in Figure 3. Note that the bounding
boxes are estimated and are only for visualization purposes. We can also plot a distribution
of vehicle objects across the dataset, as shown in Figure 4.

Figure 3. Cont.
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Figure 3. The original sample images (left) and the ones with ground truth labels (right).

Figure 4. Vehicle object distribution in the dataset from the camera’s view (left) and viewed from the
sky (right).

3.2. Learning Task

The task of this challenge is to develop an algorithm to predict the absolute pose of
vehicles (6DOF) in an input image collected from a real-world traffic environment. 6DOF
is widely used in manufacturing for building a precision positioning system [53], which is
also highly desired in autonomous driving. In this dataset, vehicle objects do not present
large movement in pitch and roll since the vehicles are on a flat road and roughly at the
same level as the camera.

In addition, a confidence score between 0 and 1 should be provided to indicate the
chance of a detected vehicle being a real one. In summary, a seven-tuple entry (yaw, pitch,
roll, x, y, z, confidence) is used to describe the prediction of a vehicle object.

3.3. Evaluation Metric

Unlike traditional bounding box-based object detection tasks, which use the Inter-
section over Union (IoU) thresholds to determine true/false positives, this task utilizes
the mean average precision (mAP) between the predicted and ground truth pose infor-
mation as the evaluation metric. To calculate the mAP, we need to obtain the translation
distance and the rotation distance between the predicted objects and the solution objects.
Let P and P′ denote the ground truth and predicted center point of an object, respec-
tively. The translation distance between P and P′ is the Euclidean distance given by

dtrans(P, P′) =
√
(Px − P′x)2 + (Py − P′y)2 + (Pz − P′z)2, and the rotation distance drot(P, P′)

is calculated using the Euclidean distance between the Euler angles. The set of equations
are omitted here due to the space limit. Readers with interests can refer to Section 3.2
of [54] for a detailed calculation process.

The resulting distances between all pairs of objects are taken to find out the closest pre-
dicted objects to the solution objects. Ten levels of thresholds are then applied to determine
a true/false positive. Specifically, given a threshold level that includes a translation and
a rotation threshold, if the calculated translation and rotation distances are less than the
corresponding translation and rotation thresholds, then the predicted object is said to be a
true positive for that threshold level. Otherwise, it is counted as a false positive. Lastly, we
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can calculate an mAP across all predictions in all of the images for each threshold level and
use Top i to represent the mAP for the threshold level i. Note that the higher is a threshold
level, the higher are the threshold values and the less accurate is the prediction. For this
dataset, the ten rotation threshold levels are 5–50 with a step size 5, and the ten translation
threshold levels are 0.01–0.1 with a step size 0.01.

4. RCBi-CenterNet

This section covers the technical details of the proposed RCBi-CenterNet architecture.

4.1. Data Augmentation

To further increase the diversity of the input images and the model’s robustness, we
apply the following image processing algorithms to augment the original dataset.

• Contrast limited adaptive histogram equalization (CLAHE) aims at enhancing im-
age contrast effectively by alternating the illumination of the image adaptively, and
the presentability of the images can be improved, which is essential for an effective
CNN feature extraction process. In this study, we adopted three different magnitudes
of contrast enhancement to verify how contrast enhancement can affect the perfor-
mance of the RCBi-CenterNet. The clip limits are utilized to present the variations,
which are 0.005 (low enhancement), 0.01 (moderate enhancement), and 0.02 (high
enhancement) [55].

• Random brightness contrast (RBC) is adopted by random factors sampled from a
uniform distribution of [0:7; 1:3], generating changes in color.

• Horizontal flip (HFlip) simply mirrors an image in the horizontal direction.
• HFlip+CLAHE means the dataset is firstly augmented by HFlip and CLAHE individ-

ually, and then augmented by HFlip and CLAHE combined. The augmented dataset
is four times the original one.

• HFlip+RBC means the dataset is firstly augmented by HFlip and RBC individually,
and then augmented by HFlip and RBC combined.

4.2. Overall RCBi-CenterNet Architecture

Figure 5 describes the overall architecture of the proposed RCBi-CenterNet, which
consists of the following modules:

• A feature extractor combines two adjacent networks, including an assistant backbone
and a lead backbone that jointly output multi-scale features, which are passed to the
subsequent modules.

• A BiFPN is used to fuse multi-scale features in bi-directional pathways to generate
more representative features.

• The output of BiFPN is sent back to the assistant backbone via the feedback connec-
tions and the previous two modules are repeated to look at the image twice or more,
which could enhance the feature representation.

4.3. Dual-Backbone Network

The first module is a dual-backbone network, which is composed of two adjacent
backbones with an identical structure. Compared to a single backbone network, using two
or more side-by-side backbones has the potential to extract richer semantic features [14]
from the images.

The network sends an input image through both backbones, which are assembled
through composition connections between the assistant and lead backbones, as shown in
Figure 5. Let Ba and Bl denote the assistant and lead backbone, respectively. Let K denote
the number of stages for each backbone. The input of the kth stage of Bl is the fusion of
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Bl’s output at stage k− 1 and Ba’s output at stage k, denoted by Fl
k−1 and Fa

k, respectively.
Formally, to obtain the output feature map of kth stage of Bl , namely Fl

k, we have

Fl
k = Cl

k

(
Fl

k−1 + h(Fa
k)
)

(1)

where Cl
k refers to the convolutional layer at stage k in Bl and function h(·) refers to a

composition link that transforms Fa
k by reducing its channels via a 1× 1 convolutional

operation (1× 1 conv), followed by a batch normalization (BN) layer and an upsample
operation to ensure that the resulting tensor h(Fa

k) has the same dimension as Fl
k−1. This

way, the output feature maps of Ba are fused into the input features of each stage of Bl
iteratively. Finally, the collection of feature maps {Fl

k|k = 1, ..., K}, generated by Bl and
transformed via a 1× 1 conv + BN block for dimension shrink, and the resulting outputs,
denoted by {F′k|k = 1, ..., K}, are fed into the subsequent module.

Bi-FPN

Assistant  
Backbone

Lead
Backbone

Feedback
connections

Detection
Head

Figure 5. RCBi-CenterNet architecture.

4.4. BiFPN-Based Cross-Scale Feature Fusion

The second module is a BiFPN for efficient multi-scale feature fusion. Taking the list
of output features from the module one, a BiFPN block employs top-down and bottom-up
pathways to aggregate features with different resolutions. Formally, we have

F↓k = C3×3
(
F′k + g↓(F′k−1)

)
F↑k = C3×3

(
F↓k + g↑(F

↓
k−1)

) (2)

where g↑ and g↓ denote the upsample and downsample functions and C3×3 refers to a C3×3

conv + BN block. The list of feature maps {F↑k |k = 1, ..., K} represents the output feature
set of the BiFPN module.

4.5. Recursive Feature Extraction

The dual-backbone network and the BiFPN module represent a base structure for
feature extraction in our model, which is adequate for large- and medium-sized objects. To
enhance the model’s ability to detect small objects, we adopt the RFP strategy that utilizes
feedback connections (marked in Figure 5), which allow a model to look at the input image
twice or more. Specifically, the output features of BiFPN are sent back to the dual-backbone
network through the feedback connections and fused with the stage outputs of the assistant
backbone. This way, the previous two modules are repeated with the knowledge, i.e.,
features, learned from the first look. The recursive process can be unrolled to an T-step
sequential network, where T is the number of repetitions. Figure 6 shows an unrolled
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two-step sequential network. Our model adopts T = 2, since an input image is looked at
a total of four times due to the joint effect of a dual-backbone network and the RFP. Let
the list of feature maps {F↑k,t|k = 1, ..., K; t = 1, ..., T} represent the output feature set of the
BiFPN module after the tth repetition of the unrolled sequential network. The feature set
{F↑k,T} is fed into the detection head for the final prediction.

A.B. L.B. BiFPN A.B. L.B. BiFPN Detection 
head

Feedback 
connections

Figure 6. RPF unrolled to a two-step sequential network; A.B. and L.B. refer to assistant backbone
and lead backbone, respectively.

4.6. Detection Head

As discussed in Section 3.2, our prediction target is a seven tuple (yaw, pitch, roll, x,
y, z, confidence), in which the first six variables describe an absolute pose of a detected
vehicle and the last one is a confidence score. The detection head consists of two branches.
The first branch predicts a center point heatmap that gives the confidence scores at each
location, and the second branch predicts a tensor that regresses the orientation (yaw, pitch,
and roll) and the depth (z).

The idea to produce the confidence scores is from Zhou et al. [20]. Let I ∈ RW×H×3 be
a W × H image and let H be the ground truth center point heatmap H ∈ [0, 1]

W
R ×

H
R , where

R is the output stride to scale down the image by a factor of R. For each ground truth center
point p(x, y, z) in the 3D world space, we convert it to a 2D point p′(x′, y′) in the image,
and then scale it down to obtain the corresponding location p̄(x̄, ȳ) in the low-resolution
heatmap. Let Hx̄+ ȳ+ denote a ground true center point located at (x̄+ȳ+) of the heatmap.

We then apply a Gaussian kernel [20] Hx̄ȳ = exp
(
− (x̄−x̄+)2+(ȳ−ȳ+)2

2σ2

)
, where σ denotes

the vehicle size-adaptive standard deviation. The Gaussian kernel helps transform each
ground truth center point to a circular area in H so that the near pixels of the center point
can also receive a positive score, depending on their closeness to the circle center. This
transformation effectively creates more pixels with positive labels and facilitates model
training [20]. Part of the learning goal is to generate a center point heatmap H′ ∈ [0, 1]

W
R ×

H
R

to approximate H and minimize the prediction error. For both H and H′, if there is an
overlap between two Gaussians, the element-wise maximum is taken. Lastly, given that the
positive samples, namely pixels with a value greater than 0.5, are far less than the negative
samples, there exists an imbalanced sample distribution. In other words, the majority of
an input image is background. Therefore, we adopt focal loss to handle this imbalanced
distribution. The loss function is given as follows:

LH = − 1
SH

∑̄
xȳ

(
Hx̄ȳα(1− Ĥx̄ȳ)

γ log(Ĥx̄ȳ) + (1−Hx̄ȳ)(1− α)Ĥγ
x̄ȳ log(1− Ĥx̄ȳ)

)
(3)
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where α and γ are hyper-parameters of the focal loss and SH is the size of the heatmap,
which is W

R ×
H
R .

The other branch of the detection head is to predict the pose information, which is done
by regression. Instead of predicting a 3D coordinate (x, y, z) directly, we choose to predict
(x̄, ȳ, z), and then convert x̄ and ȳ into the corresponding 3D coordinates. The output
of this branch is a tensor P̂ ∈ RW

R ×
H
R×4. We can then define P̂x̄ȳ = (yaw, pitch, roll, z), a

four-element tuple, as the orientation and the depth of the vehicle object detected at (x̄, ȳ)
in the heatmap. We employ the L1 loss to regress the pose information as follows:

LP =
1

SH
∑̄
xȳ

(∥∥Px̄ȳ − P̂x̄ȳ
∥∥Hx̄ȳ

)
(4)

Note that both LH and LP calculate the loss for a single image. By combining losses (3)
and (4), we obtain the overall loss function across the entire training set:

L =
m

∑
i=1

(LH + LP) (5)

where m is the number of images in the training set.

5. Experiments and Result Analysis

The proposed model was evaluated through a series of experiments to validate the
effects of different model settings. Specifically, we examined the impact of data augmenta-
tion methods and different backbones used in the dual-backbone network of our model.
We also compared the performance between our model and the SOTA, namely CenterNet.

Instead of using all ten mAPs, the performance results are reported as Top 1, Top
3, and Top 10 mAPs, which are sufficient to represent a model’s overall performance at
various precision levels. Top 1 and Top 10 reflect the performance under the most and
least strict threshold settings, while Top 3 was chosen over Top 5 because we intend to
emphasize that the model comparison is made more strictly.

5.1. Training Setting

Since the test set of the competition is not provided, we divided the original train-
ing set, with 4262 images, into new training and validation sets in the ratio of 4:1. All
images in the dataset have the same resolution of 3384 × 2710 pixels and were resized to
576 × 320 pixels. The whole training took 60 epochs. The initial learning rate was set to
3 × 10−4 and was divided by ten at Epochs 45 and 55 to stabilize training. The hyperpa-
rameters used by CenterNet [20] were also used in our training: the output stride R was
set to 4, while α and γ in Equation (3) were set to 2 and 4, respectively. The model and
training algorithms were implemented using Pytorch 1.7. All experiments were conducted
on a rig with 4xGTX 1080Ti GPUs. It took approximately 11 min per epoch when training
the model with the best backbone network Se_ResNet101, adding up to 11 h to finish a
total of 60 epochs.

5.2. Comparison of Different Data Augmentation Methods

We adopted CLAHE, RBC, horizon flip (HFlip), HFlip + CLAHE, and HFlip + RBC
for data augmentation and compared their effects on the proposed RCBi-CenterNet model.
The results are reported in Figure 7. Observations and findings are listed as follows.

• All evaluated augmentation methods showed performance improvements to varying
degrees, compared to “None”, meaning that data augmentation serves an effective
strategy to increase the dataset diversity and allows a model to learn richer features.

• HFlip showed the best result, with 7.43%, 8.87%, and 8.47% improvement for Top 1,
Top 3, and Top 10, respectively, compared to the model without augmentation. HFlip
is more effective than CLAHE and RBC, potentially due to the fact that HFlip is the
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only method that changes both the position and orientation of the vehicle objects by
mirroring an image in the horizontal direction, creating more objects with different
pose information for the model to learn.

• CLAHE and RBC, although not as good as HFlip, presented marginal performance
boosts. Neither CLAHE nor RBC creates new pose information, but they do add new
color features, which showed a limited but still positive impact.

• Combining with CLAHE and RBC, the hybrid methods HFlip + CLAHE and HFlip + RBC
did not show remarkable improvement. HFlip + CLAHE outperformed CLAHE but
was worse than HFlip, and HFlip + RBC under-performed compared to both HFlip
and RBC applied individually. This result is somehow counter-intuitive since HFlip
and the other two focus on different aspects to augment the image features and should
work better than each method applied individually.

None CLAHE RBC HFlip HFlip+CLAHE HFlip+RBC

Top-1 0.4557 0.477 0.4885 0.532 0.5023 0.4652

Top-3 0.6265 0.6483 0.6625 0.7152 0.7026 0.6885

Top-10 0.7667 0.7812 0.7963 0.8513 0.8433 0.8392

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

Figure 7. Effects of data augmentation methods.

5.3. Comparison of Different Backbones

We conducted experiments aiming to find an optimal backbone among a list of
backbone candidates, including ResNet18, ResNet50, ResNet101, and Se_ResNet101,
Se_ResNet101_32 × 4 d. The results are exhibited in Figure 8. Observations and find-
ings are as follows.

• Among the tested backbones, Se_ResNet101 showed the best mAP in all three indi-
cators. Compared to ResNet101, the addition of a squeeze-and-excitation (SE) block
allowed the model to learn channel-wise attentions, leading to significant perfor-
mance boost.

• By increasing the ResNet depth from 18 to 50, a 4–5% improvement could be achieved
in all three indicators. However, further increasing the depth from 50 to 101 showed
no obvious improvement, meaning that, as the network depth reaches a certain degree,
its impact on model performance is limited. As the number of network layers deep-
ened and the parameters increased, the fitting ability of the neural network became
stronger, which meant that the function expressed by it became more complicated and
overfitting could occur, leading to a performance drop on the test set.

• With a 32× 2 d template, Se_ResNet101_32 × 4 d did not offer positive effect on the
performance, compared to Se_ResNet101, thus an increment on convolutional kernels
was not helpful.
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ResNet18 ResNet50 ResNet101 Se_ResNet101
Se_ResNext101_3

2x4d

Top-1 0.4793 0.5119 0.4898 0.532 0.4896

Top-3 0.6663 0.7093 0.7007 0.7152 0.6961

Top-10 0.7956 0.8467 0.8501 0.8513 0.8413
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Figure 8. Effects of different backbones used in the dual-backbone feature extractor.

5.4. Comparison of Different Feature Fusion Methods

To validate the effect of feature fusion strategies, we compared five models, namely
CentrNet, CBNet-CentrNet, BiFPN-CentrNet, RFP-CentrNet, and RCBi-CenterNet, in
which CBNet-CentrNet employs the dual-backbone feature extractor, BiFPN-CentrNet
adds a BiFPN block into CenterNet, and RFP-CenterNet adds feedback connections
to CenterNet and enables a two-step sequential network. All five models were eval-
uated on the same dataset and used the same backbone. Note that CenterNet is re-
garded as the SOTA as it was one of the models that won the Gold medal of the compe-
tition (https://www.kaggle.com/diegojohnson/centernet-objects-as-points, accessed on
20 May 2021). The results are shown in Figure 9. We provide our observations and insights
as follows.

• Adding a composite dual-backbone network to CenterNet alone was not effective,
reducing the mAP by 1–2%. However, we kept the dual-backbone component because
once we removed a backbone from RCBi-CenterNet, a performance drop of 2–4% in
all three metrics was observed, meaning that the dual-backbone design worked better
with BiFPN and the feedback connections integrated into the same system.

• The addition of BiFPN boosted Top 3 and Top 10 by 0.9% and 2.37%, respectively,
and decreasesd Top 1 by 9.4%, meaning that the BiFPN module could help classify
more objects with a looser threshold, but its performance in Top 1 was greatly reduced
compared to CenterNet.

• The implementation of a recursive network brought down both Top 1 and Top 3 by
3–4%, but boosted Top 10 by 3.4%, presenting a similar effect with BiFPN.

• Combining the dual-backbone and BiFPN modules in a recursive fashion, the resulting
RCBi-CenterNet model showed superior performance over CenterNet, with 2.16%,
2.76%, and 5.24% performance gains in Top 1, Top 3, and Top 10, respectively. This
result demonstrates that the proposed network architecture can effectively extract,
fuse, and represent distinguishable features for object detection in the domain of
autonomous driving.

https://www.kaggle.com/diegojohnson/centernet-objects-as-points
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CenterNet CBNet_CenterNet BiFPN_CenterNet RFP_CenterNet RCBi_CenterNet

Top-1 0.5102 0.4986 0.4162 0.4752 0.5318

Top-3 0.7152 0.705 0.7242 0.6812 0.7428

Top-10 0.8371 0.8219 0.8608 0.8711 0.8895
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Figure 9. Performance comparison.

In addition, we provide the inference speed for the five evaluated models in Figure 10.
As expected, the inference speed dropped from 23.8 frames per second (FPS) to 13.2 FPS,
as we added more feature fusion strategies to the base CenterNet model. Despite the speed
degradation, our RCBi_CenterNet can still meet the requirement of real-time inference for
practical use. In [56], the authors presented a YOLO-based real-time object detector that
runs 13 FPS on the Microsoft HoloLens. Cheng et al. proposed a CenterNet-based model
with weighted feature fusion and attention mechanism [57] for object detection and had
a speed of 13.5 FPS on four NVIDIA TITAN Xp GPUs. In [58], a mobile CenterNet was
developed and achieved a speed of 7 FPS on an NVIDIA TX2. These studies show that the
speed of 13.2 FPS for our model is practical. Meanwhile, we realize that there is always a
trade-off between accuracy and speed, where speed can be improved with better hardware,
but accuracy can only be improved with better architecture design.

Figure 10. Inference speed.

6. Discussion

Building a robust, accurate, and efficient 3D object detector is a critical mission to
realize an intelligent perception system of an autonomous vehicle. The mainstream efforts
utilize anchor-based methods to predict bounding boxes, which involve inefficient post-
processing work, namely NMS, to enumerate a list of candidate object locations and classify
each. To address this challenge, recent studies explore a point-based detector that uses key
points to estimate the center point of an object and then regress other object properties.
A representative work, CenterNet [20], has demonstrated superior performance in both
detection accuracy and speed on the COCO dataset, compared to other anchor-based
methods. The novelty and efficiency of CenterNet drive us to explore its application in
autonomous driving.

In this paper, we develop a center point-based DNN named RCBi-CenterNet for object
detection in autonomous driving. The proposed RCBi-CenterNet predicts the center points
using a heatmap of confidence scores and selects the peak values to represent detected
objects. In addition, our method regresses the object depth and orientation, which describe
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the absolute pose of an object, along with the position information given by the heatmap.
RCBi-CenterNet is powered by a recursive composite network that consists of a dual-
backbone module and a BiFPN module for cross-scale feature fusion. We conducted a series
of experiments to validate the design choices of various data augmentation methods and
backbones and selected HFlip and Se_ResNet101 as the best options for model integration.
Finally, an overall comparison between RCBi-CenterNet and the SOTA, CenterNet, is
reported. The results show the superiority of RCBi-CenterNet, with 2.16%, 2.76%, and
5.24% performance gains in Top 1, Top 3, and Top 10, respectively, demonstrating the
efficacy of the proposed method.

The pitch and roll degrees in the dataset do not carry valuable information since
vehicle objects are captured on a flat road and are at the same horizontal level as the
camera sensor. This is commonly seen in the current self-driving scenario. However, it
should be noted that the usage of 6DOF as a prediction target can be extended to the object
detection task in more autonomous driving scenarios, such as unmanned aerial drones
(UAV), underwater drones, or even in the outer space, where the absolute 3D position of
detected objects, with more meaningful data in all six degrees, can be provided.

This work has the following limitations, which also point out our future directions.
First, the performance boost brought by RCBi-CenterNet comes with a cost, i.e., a drop
of the detection speed; although the resulting speed, 13.2 FPS, can meet the real-time
requirement, it can be further improved. The root cause of the performance drop is the
added complexity of the feature extractor, which requires image features to go through
multiple layers horizontally, vertically, and recursively. Thus, one direction is to simplify
the DNN architecture, keeping the model slim and fast. Second, there are other feature
extraction techniques to be tested in our system, such as CNN attention modules [59]
and feature interaction [60]. Third, a generative data augmentation method can further
enrich the vehicle samples in the original dataset. However, a challenge would be to
automatically generate training samples with the 3D position annotations compatible with
the existing system. Fourth, it would be interesting to explore the effect of other kernels
than the Gaussian kernel. The kernel is a crucial design choice because it decides how the
pixels close to the center point are marked as positive in the ground truth heatmap, which
determines the sample distribution and directly impacts detection accuracy. Lastly, we plan
to investigate a point-based camera–Lidar fusion model, which could offer a promising
perspective to complement the current research efforts.
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