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Abstract: AVs suffer reduced maneuverability and performance due to the degradation in sensor
performances in fog. Such degradation causes significant object detection errors essential for AVs'
safety-critical conditions. For instance, YOLOvV5 performs significantly well under favorable
weather but suffers miss detections and false positives due to atmospheric scattering caused by fog
particles. Existing deep object detection techniques often exhibit a high degree of accuracy. The
drawback is being sluggish at object detection in fog. Object detection methods with fast detection
speed have been obtained using deep learning at the expense of accuracy. The problem of the lack
of balance between detection speed and accuracy in fog persist. This paper presents an improved
YOLOv5-based multi-sensor fusion network that combines radar's object detection with a camera
image bounding box. We transformed radar detection by mapping the radar detections into a two-
dimensional image coordinate and projected the resultant radar image on the camera image. Using
the attention mechanism, we emphasized and improved important feature representation used for
object detection while reducing high-level feature information loss. We trained and tested our multi-
sensor fusion network on clear and multi-fog weather datasets obtained from the CARLA simulator.
Our result shows that the proposed method significantly enhances the detection of distant and small
objects. Our small CR-YOLOnet model best strikes a balance between accuracy and speed with an
accuracy of 0.849 at 69 fps.

Keywords: Sensor fusion; object detection; deep learning; autonomous vehicles; camera-radar; ad-
verse weather; fog; attention module

1. Introduction

AVs encounter several difficulties under adverse weather conditions, such as snow,
fog, haze, shadow, and rain [1-8]. AVs may suffer from poor decision-making and control
if their perception systems are degraded by adverse weather. When water vapor con-
denses in the sky, it obscures the view of the surrounding area, resulting in fog. Fog can
make driving unsafe because it obscures visibility. The signal-to-noise ratio (SNR) is re-
duced while measurement noise rises dramatically under foggy conditions. Unsafe be-
havior and road accidents might be caused by sensor data that is too noisy.

Machine vision in fog can fall as low as 1000 meters in moderate fog and as low as
50 meters in heavy fog [9,10]. Camera sensors are one of the significant sensors used for
object detection because of their low cost and the large number of features they provide
[11]. Under fog, the camera's performance is limited due to visibility degradation. The
quality of the image taken by a camera system can be substantially distorted by fog. In
fog, Lidar suffers reflectivity degradation and reduction in distance measured. However,
radars tend to perform better than cameras and lidars under adverse weather since radars
are unaffected by changes in environmental conditions [11,12]. Radars employ the Dop-
pler effect to determine the distance and velocity of objects by monitoring the reflection
of radio waves. When it comes to object classification, radars fall short. Because radars can
only detect objects, they cannot classify what kind of object they are detecting since radar
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detections are far too sparse [13,14]. The sparse nature of radar point clouds collected with

many vehicular radars (usually 64 points or less) might explain this [15].

AVs are often outfitted with numerous complementing sensors to provide comple-
mentary information that helps attain the necessary accuracy when combined. Multi-sen-
sor fusion combines data from numerous sensors to achieve higher object detection/clas-
sification accuracy and performance than with a single sensor modal system [11]. There-
fore, an essential subject for AVs is the combination of radar and other sensors, such as
cameras. Radar-camera fusion systems can offer useful depth information for all observed
objects in an autonomous driving situation. Radar sensors construct detections of nearby
objects for subsequent usage, while the bounding boxes on camera data can be used to
verify and validate prior radar detections using deep learning-based object detection
methods [14].

There have been significant contributions in object detection and classification using
deep learning. Besides AVs technology, object detection has found application in other
fields, including surveillance and security [16], medicine [17], robotics [18,19], military
[20], etc. In [21], deep Convolutional Neural Networks (CNN) was first utilized for image
classification in 2012. However, when it comes to vehicular radars, it's not uncommon for
parts of the observations to have incomplete, distorted, and poor-quality data. Beam ob-
struction, instrument malfunction, blind spots, close-to-the-ground mounting, inclement
weather such as fog, and many more contribute to these problems. Images obtained by
camera consist of color and feature information. This feature information can be used for
label classification in an object detection task. The occurrence of fog can drastically distort
the feature information of an image due atmospheric scattering and attenuation. These
radar and camera problems usually led to inaccuracies in the real time detection of the
bounding box of an object or location in an image, especially when the object is not nearby
or when the object is too small under medium and heavy foggy weather conditions. Thus,
applying single-sensor modal CNN-based object detection algorithms on such distorted
data has proven inefficient [1,2].

YOLOVS [22], a state-of-the-art object detection algorithm suffer from miss detec-
tions and false positives due to atmospheric scattering caused by fog particles. Existing
deep learning-based object detection techniques that exhibit a high degree of accuracy
have slow object detection speed in foggy weather conditions. However, several deep
learning-based object detection methods achieved fast detection speed at the expense of
accuracy. Therefore, the problem of the lack of balance between detection speed and ac-
curacy in fog weather application persist. The uniqueness of radar signals and the scarcity
of publicly available datasets [23] containing both camera and radar datasets [24-29] under
foggy weather conditions have resulted in a limitation of AV research in this area. Very
few datasets, such as [27] and [29], are available for AV research that include camera and
radar information under foggy weather conditions. To accommodate the needs of AVs in
terms of previously mentioned problems as related to AVs' environmental perception in
fog, we made the following contributions:

e Using the image data, we demonstrate that sensor measurements are severely im-
pacted by atmospheric distortion in foggy conditions.

e We present a deep learning-based camera-radar fusion network (CR-YOLOnet) using
YOLOVS5 [22] as the baseline for object detection, as shown in Figure 1. We have made
the following improvements to the baseline YOLOV5 to achieve CR-YOLOnet. (i) The
CR-YOLOnet can take input from camera and radar sources compared to the single
modal system in the baseline YOLOVS5. There are two CSPDarknet [30] backbone net-
works with which CR-YOLOnet extracts feature maps, each for the camera and radar
channels. (ii) Using two connections inspired by the concepts of residual networks,
the feature information from the backbone network was sent to the feature fusion lay-
ers. The two connections' purpose is to improve the backpropagation of gradient in
our network while minimizing feature information loss for relatively tiny objects in
fog. (iii) We enhanced CR-YOLOnet with an attention framework to detect multi-scale
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object sizes in foggy weather conditions. To draw more emphasis and improve the
feature representation of the features that helps with object detection, attention mod-
ules are incorporated into the fusion layers. The attention module also helps to ad-
dress the issue of high-level feature information loss to boost the detector perfor-
mance.

e We simulated an autonomous driving environment on CARLA [31] simulator, from
which we collected both camera and radar data. We make use of both clear and foggy
weather conditions for CR-YOLOnet training and test evaluations. To further evaluate
CR-YOLOnet, we compared the matching size of the baseline YOLOVS5 to the small,
medium, and large models of our CR-YOLOnet.

This paper's remaining sections are structured as follows: we discussed related works in

section 2, we presented our methodology in section 3, we presented and discussed our

results in section 4, and section 5 consists of the conclusion.

CR-YOLO Network

Backbone
Network
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Figure 1: The proposed camera-radar fusion network (CR-YOLOnet).

2. Related Works
2.1. Object Detection by Camera Only

Object detection can help identify and determine each object instance's spatial size
and position in an image if instances of previously defined object categories exist in the
image [32]. Usually, object detection algorithms generate many potential region proposals
from which the best feasible candidates are selected [33]. The two categories of CNN-
based object detection techniques are [11]: (i) two-stage object detectors and (ii) one-stage
object detectors. Girshick et al. in [34] proposed the first CNN-based object detection al-
gorithm. R-CNN [34], Fast R-CNN [35], and Faster R-CNN [36] are examples of two-stage
object detection algorithms. The two-stage detectors isolate the task of localizing objects
using regions of interest from the task of classifying objects.

Redmon et al. [37-39] proposed YOLO, a one-stage detector. YOLO and its deriva-
tives can instantly predict bounding boxes and the object class after extracting features
from an input image. One-stage object detectors generate candidate regions, instantly
used to classify and predict the target's spatial location [1]. Backbone networks such as
feature pyramid networks (FPNs) [40] together with one-stage detectors such as YOLO
[37], YOLO9000 [38], YOLOV3 [39], or SSD [41] were used to detect objects via numerous
detection branches in one operation instead of predicting the potential locations and
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classifying them later. Because one-stage detectors do not depend on RPN for predicting
potential regions thus, they are more efficient than two-stage detectors and are highly
used for real-time object detection applications [33].

Several methods have been proposed in the literature to address autonomous driv-
ing in adverse weather conditions using the camera. Walambe et al. [42] proposed an en-
semble-based method to enhance AV's ability to detect objects such as vehicles and pe-
destrians under challenging settings, such as inclement weather. Multiple deep-learning
models were ensembled with alternative voting techniques for object detection while us-
ing data augmentation to improve the models' performance. In [43], Gruber et al. sug-
gested that backscatter may be significantly reduced with gated imaging, making it a via-
ble solution for Avs operating in severe weather conditions. In addition to offering inten-
sity images, gated images may produce properly aligned depth data. However, eye safety
standards prevent the illumination from getting beyond the sunshine, making it impossi-
ble for gated imaging to work well on extremely bright days.

Tumas et al. [44] introduced 16-bit depth modifications into YOLOv3 algorithms for
pedestrian detection in severe weather conditions. While the authors employed an
onboard precipitation sensor to adjust image intensity, they could not implement a real-
time image enhancement for annotations collected in rain or fog. In [45], Sommer et al.
used the RefineDet detection framework that consists of some Faster R-CNN and SSD
detection frameworks for Vehicle Detection in Traffic Surveillance Data. To achieve a ro-
bust detection capability, the authors proposed an ensemble network that combined two
detectors, namely SENets and ResNet-50, as the base network. However, the authors only
focused on night-time and rainy scenarios. Sindagi et al. [46] proposed an unsupervised
prior-based domain adaptive object detection framework for hazy and rainy conditions
based on the Faster-RCNN framework. The authors trained an adaptation process using
a prior-adversarial loss network to generate weather-invariant features by diminishing
the weather-related data in the features. However, some improvement is required on the
prior-adversarial loss network. In 2020, Hamzeh et al. [4] developed a quantitative meas-
ure of the effect of raindrop distortion on the performance of deep learning-based object
detectors algorithms (including Faster R-CNN, SDD, and YOLOv3) based on the compar-
ison between raindrop-distorted (wet) images and clear images. With the proposed quan-
titative measure, the amount of degradation that occurs in the detection performance of
an object detector can be predicted. Liu et al. [2] conducted a study that analyzed how
perception in foggy conditions impacts the detection recall using a single modal approach
based on camera images. Camera images collected were characterized by deploying a
Faster RCNN approach for object detection. Experimental results in [2] show that detec-
tion recall is less than 57.75% in heavy fog conditions. This implies that a single modal
system, such as camera-only architecture, is insufficient to handle target detection issues
under adverse weather conditions.

Bochkovskiy et al. [30] proposed YOLOv4 with CSPDarknet53 backbone and CIOU
LOSS for evaluating prediction boxes. Jocher et al. [22] proposed YOLOVS5 that uses the
CSPDarknet53 backbone, the architecture of the feature pyramid network (FPN) [40], and
the pixel aggregation network (PAN) [47] as the neck. YOLOvS5, with large model size,
tends to have higher accuracy but low detection speed. The performance of YOLOv5 with
a small model size is similar to YOLOv4 in terms of accuracy but faster than YOLOv4 in
the speed of detection. As a result, the YOLOv5 network will serve as the baseline of our
research and improvement in this study.

2.2 Object Detection by Fused Camera and Radar Sensors

Radar signals and camera data have lately been combined using neural networks to
accomplish various AV tasks. Radar signal representation methods include radar occu-
pancy grid maps, radar signal projection, radar point clouds, micro-Doppler signature,
Range-Doppler-Azimuth tensor, etc. [11]. Several radar signal processing approaches in
the literature include occupancy grid maps [48], range-velocity-azimuth maps [49], and
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radar point clouds [50]. As a result, several researchers [11] have suggested numerous
alternative ways to represent radar signals in deep learning.

Our focus in this work is the radar signal projection method. Transforming radar
signals such as point clouds or detections into a two-dimensional image coordinate or a
three-dimensional bird's eye perspective is a technique known as radar signal projections.
The radar, camera, and target coordinates contribute significantly to this scenario. The
intrinsic and extrinsic camera calibrating matrices are used to execute the radar point
cloud transformation. The resulting radar images overlayed on the image grid. The radar
image includes the radar detections and their properties which can be fed into the DCNN
network. In the literature, multiple deep learning-based fusion methods based on vision
and radar signals have been proposed.

Nabati et al. [51] suggested a technique based on a radar region proposal for object
detection. Using the method in [51], the two-stage object detectors were eliminated, which
imposed a heavy strain on region proposal creation. Radar detections were mapped into
an image plane, and the resulting image contains object proposals and anchor boxes. This
approach uses radar detection instead of vision to acquire region suggestions, which saves
time and effort while providing better detection results. Radar and vision sensors were
combined by Chadwick et al. [52] to detect objects in the distance more precisely. It was
first necessary to generate two extra imaging streams based on range and radial velocity
to provide a format of the radar images in an image plane. A concatenation approach
combined the radar and vision feature representations obtained from an SSD model.

Nobis et al. [53] introduced a neural network-based object detection approach by
projecting sparse radar signals onto an image vertical plane. The network was able to au-
tomatically determine the optimal level of sensor data to use to increase detection accu-
racy. Black-in, a novel training method that prioritizes the use of a certain sensor at a spe-
cific period to obtain better outcomes, was also introduced. Meyer et al. [54] used DCNNs
to perform a low-level combination of radar point clouds and camera images to detect 3D
objects. The DCNNSs learn to recognize vehicles using camera images and bird eye view
images generated from radar point clouds and surpass Lidar camera-based systems when
tested. Zhang et al. [55] proposed a radar and vision fusion system to detect and identify
objects in real-time. First, the object's position and velocity were detected and obtained
using radar. Subsequently, the radar data is then projected into the corresponding image
plane. A deep learning system then uses ROI for target detection and identification.

John et al. [56] used the Yolo object detector to combine the separate data acquired
from radar and monocular camera sensors to identify obstacles in inclement weather bet-
ter. Using two input channels, feature vectors were extracted, one for the camera and the
other for the radar. Two output channels were used to categorize targets into groups of
smaller and larger objects. A sparse radar image was created by projecting radar point
clouds onto the image plane. Aiming to lessen the computational load relating to real-time
applications, John et al. [57] suggested a multitask learning framework based on the deep
fusion of radar and camera information for joint semantic segmentation and obstacle iden-
tification.

Zhou et al. [58] proposed an object detection system that was based on the deep fu-
sion of information from mm-wave radar and cameras utilizing YOLO detector. The data
from the radar was utilized to generate a radar image using a single channel. The radar
image is combined with the RGB camera image to produce a four-channel image subse-
quently fed into the YOLO object detector. To enhance the detection of small and mini-
mally predictable objects, Chang et al. proposed a spatial attention module to be used in
conjunction with millimeter-wave radar and vision fusion target detection algorithms
[59]. None of these previous studies emphasized detecting small and/or remotely distant
under medium and heavy fog conditions.

3. Method

3.1. Sensor Calibration and Coordinate Transformation
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Measurement errors grow with distance since radar and image are often mounted in
different locations on the ego vehicle. As a result, the shared observation region between
the camera and radar requires a combined calibration effort. The vehicle's motion defines
a local right-hand coordinate system in the ego vehicle coordinate system. The local coor-
dinate system is conveyed with the vehicle as it travels through the environment. The x-
axis indicates the path of motion, whereas the y-axis is parallel to the front axle, which
serves as the starting point. The camera models employ three-dimensional coordinates.
For example, the camera's x-y-z coordinate system has its origins in the camera's view-
point. Images acquired by camera sensors employ an image coordinate frame (x,y) and
pixel coordinate (u,v) as reference points for composition. The coordinate system of
choice is polar coordinates when it comes to radar detection. The detected objects are ref-
erenced using polar coordinates. Thus, a target may be recorded as an x-y coordinate sys-
tem vector in a vector space. The canonical coordinate system for radar comprises three
elements: an azimuth a, a distance between the object r, in the direction of the sensor
origin. By measuring point P distance and its azimuth from the radar, we can estimate
where P is in the world coordinate system [60,61].

The observations of the camera and radar detections can be associated using the in-
formation in a shared world coordinate system given by [X;Y;Z; 1]. The camera calibra-
tion parameters can be used to project the radar detections onto the camera's coordinate
system and the image plane given by [x;y; 1]. The calibration parameters of the camera
can break them down into two matrices: intrinsic and extrinsic. With the intrinsic param-
eters matrix given in terms of as [60,61]:

> 0 uy O
= [0 fy vo Ol, (M
0 0 1 0

where f, = f/dx and f, = f/d, Such that f represents the focal length of the camera,
d, and d, represents the physical dimensions of an individual pixel in the x-y axes di-
rections, respectively, f, and f, represents the scale factors on u and v axes, u, and
v, represents the central point offset of the camera.

The extrinsic camera parameter can be expressed as:

121

R3xz Tixq 7'21 7’23 ity
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where R represents the rotation parameter matrix and T is the translation parameter
matrix used for mapping radar detection point to projection point P coordinates in the
image plane. Thus, the radar detections may be mapped to their equivalent visual repre-
sentations. After the mapping, the detections that fall outside the image frame are disre-
garded to ensure accuracy. The coordinate mapping from the world coordinate system to
the image plane of image coordinate systems is as follows:

X
R3><3 T3><1 Y

[ ] 1Y) ()
1

where x and y represent the projection point P coordinates in the image plane.

3.2. Fog Imaging Model
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Physical atmospheric scattering models are shown in Figure 2. The attenuation fac-
tor, transmission model, and airlight model make up the physical atmospheric scattering
model. Atmospheric scattering reduces the amount of light that may be absorbed for im-
aging under foggy conditions. Therefore, the target image's object textures and edge fea-
tures may be diminished. Attenuation and interference occur before the reflected light
reaches the camera in foggy weather. An airtight concept allows light rays to be scattered
before they reach the imaging camera. Instead of being a scene light from the item in the
photograph, transmitted lights include fog elements that obscure the images.
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Figure 2: An atmospheric scattering phenomenon of foggy imaging model

An image model suggested by Koschmieder [62] has been frequently used in the sci-
entific literature [1]:

I(x) =]t (x) + A[1 = t(x)], (1)

I(x) denotes the picture captured by the camera, J(x) indicates the scene radiance image,
t(x) denotes the transmission map, and A denotes the airlight vector, which is homoge-
nous for each pixel in the image. The attenuation factor is represented by J(x)t(x), while
the atmospheric components are represented by A[1 — t(x)]. The undetermined parame-
ters of a hazy single input picture I are represented by the letters 4, t, and J. To acquire
the restored picture (recovered image) f, the amount of ambient light A and transmission
t can be determined using equation (2).

Al1-t(x)]

jey =1 -2, @)
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According to Narasimhan et al. [63], the visual imaging model of a foggy scenario
can be regarded as the outcome of concatenating the attenuation and interference models,
as shown in Figure 2. As a result of both attenuation and interference, fog can seriously
degrade the quality of the image being captured in a machine. The theoretical model of
the visual imaging model of a foggy scenario can also be represented as follows [2]:

E(d,z) = Ey(2)e @ + E(2)(1 — e F®), 3)

where E,(z)e #@ represents the attenuation model, E(z)(1— e #®) represents the
interference model, light waves have a certain wavelength z, the atmospheric scattering
coefficient is denoted by E;(z) and it measures the light's capacity to disperse per unit
volume, the depth of the scene be represented by d, the scattering coefficient is denoted
by B, B(z) indicates the intensity of the target obstacle's light as it scatters through the
atmosphere and reaches the camera.

As mentioned earlier, the scattering impact of incoming light on airborne particles in
the atmosphere will reduce the intensity of light that ultimately reaches the camera [11].
We consider the relationship between depth d of the scene and transmission t. Also, we
conder the effect of image degradation due to attenuation on the visibility of the image.
Consider an observer (imaging camera) at distance d(x) from a scene point at position x.
The relationship between the transmission t and depth d is expressed as follows in equa-
tion (2.3) [64]:

t@) = exp (= J;'" p@)dz), @

where fod(x) is the distance between the imaging camera and the scene point at x,
and B represents the atmospheric scattering coefficient. If the atmosphere exhibits homo-
geneous physical properties, then the scattering coefficient f is the spatial constant.
Therefore, equation (4) can be rewritten as:

t(x) = e~Fdw), 5)
The transmission t(x) = e 2™ illustrates the unscattered part of the light that gets

to the camera. From equation (2.4), we can express d(x) as follows:

Int(x)

d@) = -7, (6)

Equation (2.5) implies that the depth can be calculated up to an unknown scale if the
transmission can be estimated [64]. The visibility distance, measured in meters, is the max-
imum distance at which a white and black object loses their distinct contrast. As distance
increases in fog, a white and black object seems to be a uniform gray to the human eye.
Therefore, the standard maximum contrast ratio is 5% [65].

Figure 3(a) depicts clear, foggy images collected from a real-time autonomous driv-
ing simulation at 100m and 25m visibility distances. Figure 3b illustrates the contrast be-
tween the grayscale of clear and foggy images at a visibility distance of 100m and 25m.
The information about an image's colors and features can be revealed significantly when
the image is converted to grayscale. The information about the image's features can be
extracted and used for classification purposes in an object detection task. As shown in
Figure 3(b), the range of the grayscale of the clear-day image is from around 0 to 250. The
grayscale of the foggy images at 100m and 25m visibility distance is highly concentrated
between 30 and 210, 100 and 250, respectively. As a result, the detection of objects can be
negatively affected by fog because it drastically distorts the image's feature information.
[3].

Figure 3(c) shows a simulation of a real-time autonomous driving scene that lasted
for 12 seconds in clear (no fog) and at heavy fog conditions with a visibility distance of
25m. Because sensor measurement noise tends to increase significantly in fog, the signal-
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to-noise ratio (SNR) value decreases dramatically. Figure 3(c) illustrates a higher SNR
value in the no-fog scene and a much lower SNR value in the heavy-fog scene.
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Figure 3: (a) clear and foggy images at 100m and 25m visibility distance, (b) the comparison of gray scale for clear and fogqy
images at 100m and 25m visibility distance (c) the comparison of SNR values for clear (no fog) and visibility distance of 25m

(heavy fog).

3.3. The Baseline YOLOuv5 Model

YOLO is a cutting-edge real-time object detection algorithm, and Yolov5 [22] is built
on earlier versions of the YOLO algorithm. YOLO is one of the most effective object
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detection methods available, with a notable performance on the state-of-the-art results on
datasets such as Microsoft COCO [66] and Pascal VOC [67].

The backbone, neck, and head sections are the three fundamental components of the
baseline YOLOV5 network as shown in Figure 4. The functionality of the backbone section
involves extracting relevant feature data from input images. The neck combines the col-
lected features to create three different scales of feature maps used by the head to detect
objects in the image. The YOLOv5 backbone network is CSPDarknet, and the neck consists
of the FPN (Feature Pyramid Networks) structure and PAN structure (Spatial Pyramid
Pooling) structure.

(i) Backbone:

In Yolov5, Darknet [68] was merged with a cross-stage partial network (CSPNet) [69],
resulting in CSPDarknet. The CSPDarknet is made up of convolutional neural networks
that use numerous iterations of convolution and pooling to generate feature maps of var-
ying sizes from the input image. As a solution to the issues caused by the repetition of
gradient information in large-scale backbones, CSPNet incorporates the gradient transi-
tions into the feature map.

Backbone: Neck:
CSPDarknet FPN & PAN Head: YOLO
Scale 3
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4 { Conv |
1
' 76 X 76 X 255
1
1
1
CBL
152x152 | CBL | .
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(Con2D), Batch Normalization, Leaky ReLU)
Figure 4: The baseline YOLOvS5 architecture.

Thus, reducing the model's size, the number of parameters and floating-point operations
per second guarantees fast and accurate inference. For the object detection task in fog, it
is crucial to have a compact model size, fast detection speed, and high accuracy. The back-
bone generates four distinct levels of feature maps, including 152 x 152 pixels, 76 x 76
pixels, 38 x 38 pixels, and 19 x 19 pixels.

The backbone focus module (Figure 5a) is used for slicing operations. The purpose
of the focus is to improve feature extraction during downsampling. Convolution, batch
normalization, and the leaky ReLU Activation Function (AF) are all sub-modules of the
CBL module. YOLOvV5 implements two distinct cross-stage partial networks (CSP) shown
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in Figure 5b. Each has a specific function; one is for the neck of a network, and the other
is for the backbone. The CSP network uses cross-layer communication between the front
and back layers to shrink the model size while preserving accuracy and increasing infer-
ence speed. The feature map of the base layer is divided into two distinct parts: the main
component and a skip connection. These two parts are then joined using transition, con-
catenation, and transition to reduce the amount of duplicate gradient information as ef-
fectively as possible. Regarding CSP networks, the difference between the backbone and
the neck is that the latter uses CBL modules instead of residual units.

Maximum pooling with varying kernel sizes is carried out using the spatial pyramid
pooling SPP module [70], shown in Figure 5c. The features are fused through concatena-
tion. The SPP module undertakes dimensionality reduction procedures to convey image
features at a higher degree of abstraction. Pooling reduces the feature map's size and the
network's computational cost while extracting the essential features.

(ii) Neck:

The feature maps from each level are fused by the neck (FPN and PAN) network to learn
more contextual information and lessen the amount of data lost in the process. The low-
level structures present in the feature maps near the image layer render them ineffective
for precise object detection. Feature Pyramid Network (FPN) was designed to extract fea-
tures to maximize detection speed and accuracy. FPN enables a top-down mechanism to
generate higher resolution layers from significant robust semantic feature layers. The
PAN architecture effectively transfers localization features in a down-top mechanism
from lower to higher feature maps to improve the position accuracy of objects in the im-
age. Thus, feature maps are generated at three different scales at three feature fusion lay-

ers.
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Operation
Input Image )

Il Slices
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Darknet53
—
\ 4 v
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Figure 5: The illustration of (a) the focus architecture, (b) of CSPDarkNet53 architecture, (c) the SPP architecture.

The low-level structures present in the feature maps near the image layer render them
ineffective for precise object detection. Feature Pyramid Network (FPN) was designed to
extract features to maximize detection speed and accuracy. FPN enables a top-down
mechanism to generate higher resolution layers from significant robust semantic feature
layers. The PAN architecture effectively transfers localization features in a down-top
mechanism from lower to higher feature maps to improve the position accuracy of objects
in the image. Thus, feature maps are generated at three different scales at three feature
fusion layers.

(iii) Detection Head:

The detection head consists of convolution blocks that take the three different scales
of feature maps from the neck layer. With convolution, the detection head yields three
distinct sets of detections with resolution levels of 76 X 76 x 255, 38 x 38 x 255, and
19 x 19 x 255. Every grid unit in a feature map correlates to a bigger portion of the
original image as the feature map's resolution decreases. This implies that the 76 x 76 x
255 and 19 x 19 x 255 feature maps can adequately detect smaller and large objects.

3.4. Attention Mechanism

When deep CNN reaches a particular depth, numerous studies discovered that it de-
generates [71]. Studies have shown that networks' performance does not necessarily im-
prove significantly with depth but can substantially increase computational cost through-
out the training phase [72]. Therefore, the attention mechanism was created to train net-
works to prioritize and devote more focus to relevant feature information while down-
ranking those that are less relevant [73]. The attention mechanism informs CNNs where
to focus attention and improves the feature representational power of the features that
helps with object detection tasks. The human eye provides proof that attention mecha-
nisms are crucial for collecting relevant data [74]. This behavior prompted several studies
[74-78] to improve convolutional neural networks' efficiency in image classification prob-
lems by including an attention mechanism. In 2018, Woo et al. [76] proposed Convolu-
tional Block Attention Module (CBAM) that integrates spatial and channel attention into
a single lightweight mechanism. A considerable performance boost may be achieved with
ECA-Net [78], proposed by Wang et al. in 2020. ECA-Net is an efficient channel attention
mechanism that can collect information regarding cross-channel relationships.

CBAM [76] was designed to simultaneously capture both channel and spatial atten-
tion modules. Since channels of feature maps are treated as feature detectors, the channel
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attention module focuses on the most important features in input images. This makes the
channel attention module an essential application for an image processing task such as
object detection in fog. Average-pooling and max-pooling were employed for aggregating
the spatial information of the input feature to obtain average-pooled and max-pooled fea-
tures. For an input feature map F € R©©*#*W) individual channel weights are estimated.
Such that the number of channels is C, and the length and width of the feature map in
pixels are H and W respectively. The weighted multiplication of channels is useful for
drawing more focus to the primary channel features. A shared network (multi-layer per-
ceptron) with one hidden layer is used on both the average-pooling and max-pooling fea-
ture descriptors. The element-wise summation of the output vector of both descriptors
then generates the channel attention weight map M, € R©**V using equation 7. The
channel-refined feature maps are obtained by an element-wise multiplication of the orig-
inal feature map and M, € R(¢*1*D),

M.(F) = o (MLP(Angool(F)) + MLP(MaxPool(F)))

@)
=0 (W1 (Wo(Ffwg)) + Wl(Wo (Frcnax)))/

where ¢ is the sigmoid activation function, W; and W, are the multi-layer perceptron
weights, Fg,, is the average-pooled features and F,q, is the max-pooled features.

Next, the spatial component uses the channel refined features from the channel sub-
module to generate a 2D spatial attention map. The element-wise multiplication of the
spatial attention weight map and the input channel attention feature map generates the
final refined feature map from the attention mechanism [79]. The spatial attention module
pays the most attention to the object's position in the image frame. This is achieved by
combining the spatial features in individual space using the weighted sum of spatial fea-
tures. The overall refined features are obtained by multiplying the channel refined fea-
tures by the 2D spatial attention map. For a channel-refined feature map F, € R(C*H>*W),
the convolution of the average-pooling and max-pooling using a 7 X 7 filter size gives
the spatial attention weight map M; € R as shown in equation 8:

Fy =T Fe(i) + MEF ()
®)
M;s = o(f7(F,)),

where o is the sigmoid activation function, f7*7 isa convolution with 7 x 7 filter size.

However, to lessen the number of parameters, CBAM uses dimensionality reduction
to help manage the model's complexity. Nonlinear cross-channel relationships are cap-
tured throughout the dimensionality reduction process. The dimensionality reduction can
lead to an inaccurate capture of interaction between channels. We adopted the ECA-Net
approach [78] to solve this problem. ECA-Net uses global average pooling (GAP) to ag-
gregate convolution features without reducing dimensionality. This is accomplished by
increasing the number of parameters by a very modest amount while it successfully gath-
ers details regarding cross-channel interactions and gains a substantial performance im-
provement. To understand channel attention, the ECA module estimates the kernel size
K adaptively, then conducts a 1D convolution, and applies a Sigmoid function . The
kernel size K can be adaptively determined as follows:
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Figure 6: The attention module architecture: The combination of ECA-Net and CBAM attention submodules to

develop a complete channel and spatial attention mechanism.
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©)
odd
where [t|,qq represents the nearest odd number of t, the kernel size K can be deter-
mined using mapping ¥ and the number of channels (channel dimension) denoted by C.
y issetto2, and b issetto 1.

In this work, we combined the ECA-Net and CBAM to achieve a powerful attention
mechanism illustrated in Figure 6. We incorporated the combined ECA-Net/CBAM atten-
tion mechanism into the fusion layers of our proposed camera-radar fusion network (CR-
YOLOnet) in Figure 7. The attention mechanism helps to draw more emphasis and im-
prove the feature representation of the features that helps with object detection. We en-
hanced CR-YOLOnet with an attention framework to detect multi-scale object sizes in
foggy weather conditions. The ECA-Net handled the channel submodule operations,
while CBAM handled the spatial submodule operations. The ECA-Net module trains ef-
fectively on the input feature maps following a 1D convolutional GAP which generates
the updated weight.

The channel-refined feature maps are produced from the element-wise multiplica-
tion of input feature maps and the updated weight. The output of the ECA module is sent
into the CBAM's spatial attention module, which generates a 2D spatial attention map.
The element-wise summation of the original input feature map and 2D spatial attention
map is performed to obtain a residual-like architecture. The ReLU activation function is
applied to the aggregated feature map to generate the final feature map sent to the detec-
tion head layer in Figure 7.

3.5. Proposed Camera-Radar Fusion Network (CR-YOLOnet)

We present our proposed network called CR-YOLOnet in Figure 7, a deep learning
multiple sensor fusion object detector based on the baseline YOLOv5 network. To develop
CR-YOLOnet, we made several adjustments to the baseline YOLOv5 model. Our CR-YOL-
Onet can take input from camera and radar sources compared to the single modal system
in the baseline YOLOVS. There are two CSPDarknet backbone networks with which CR-
YOLOnet extracts feature maps, each for the camera and radar sensors.

The feature information from the backbone network is sent to the feature fusion lay-
ers through two connections illustrated as round dot lines. The concepts of residual net-
works inspired the connections to improve the backpropagation of gradient in our
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network, prevent gradient fading, and minimize feature information loss for relatively
tiny objects in fog.

As previously mentioned in section 3.4, we included the combined ECA-Net/CBAM
attention mechanism into the fusion layers of CR-YOLOnet. The purpose of the attention
mechanism is to enhance the capacity of CR-YOLOnet to detect multi-scale object sizes in
medium and heavy foggy weather conditions. Especially small objects that are not nearby.

The detection head is made up of convolution blocks and utilizes all three scales of
feature maps in the neck layer. The 2-dimensional convolution allows the detection head
to produce three unique sets of detections, each having a resolution level of
80 x 80 x 12, 80 x 80 x 12, and 20 x 20 X 12, respectively. The depth is 12 be-
cause the number of object classes is 7, the confidence level is 1, and 4 positional parame-
ters. The total sum of which is 12.

Backbone Neck Detection
[(Radar ] Head
Scale 3

Attention 5

| Focus | Focus
i B0 x BO x 12
160 x 160 | CBL Upsample CBL |

[CsP1_1 [ «

CBL |

Scale 2

40 x 40 x 12
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20 x 20 x 12
I:I Concatenation | SPP: | Spalial Pyramid Pooling CSP: | Cross Stage Partial Network

CBL: (Con2D, Balch Normalizalion, Leaky ReLU)

Figure 7: The architecture of our proposed CR-YOLOnet with attention module incorporated.

3.6 Loss Function

The three components comprise the loss function: (i) bounding box (position) loss,
(ii) confidence loss, and (iii) classification loss. The bounding box loss function can be cal-
culated when the intersection of the prediction box and the actual box is larger than the
set threshold. The confidence loss and classification loss calculations are made when the
object center enters the grid.
3.6.1. Bounding Box Loss Functions

We employed the complete intersection of union (CloU) loss for bounding box re-
gression [80]. Because the CloU combines the following: (i) the overlap region between
the predicted bounding box and the ground truth bounding box, (ii) the central point dis-
tance between the predicted bounding box and the ground truth bounding box, and (iii)
the aspect ratio of the predicted bounding box and the ground truth bounding box. The
CloU approach combines these three components to improve the accuracy of average
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precision (AP) and average recall (AR) for object detection while achieving a faster con-
vergence.

The CloU loss function in equation 10 builds on the distance intersection of union
(DIoU) loss [80] by enforcing a penalty term R,y for the box aspect ratio given in equa-
tion 11.

Leroy =1 —10U + Reyoy

(10)
2 b,b‘gt
Retop = Lz) +av (11)
c
_ v

T IoU+u (12)

4 w9t w\®
v=—3 (arctan hot arctan ﬁ) (13)

where «a is the weight function, a trade-off parameter that gives the overlap region factor
a higher priority for regression, especially for non-overlapping cases, v helps to measure
the consistency or similarity of the aspect ratio between the bounding boxes, b and b9*
are the central points of the predicted bounding box B and the ground-truth bounding
box B8, the width and height of the predicted bounding and the ground-truth bounding
boxes are denoted as w and h, and w9" and h9", respectively.

3.6.2. Confidence Loss and Classification Loss Functions

The confidence loss function L,y; is as follows:

SXS b

Loy = ). ) 157 [C:10g(C) + (1 = ) (1 = log(C)}

i=0 j=0

SXS b

= Anaony ) Y 157 [Cilog(€) + (1 = €) (1 — log(C))] 14)

i=0 j=0

The classification loss function L. is as follows:

sXs b
Las= ) DI D" [P 1ogpi(e) + (1+ () log(1 = pu(c))] (15)
i=0 j=0 cEclasses

where Iiojbj represents the object detected by the j* boundary of grid cell, s X s
denotes the number of grid points, b denotes the number of anchors associated with
every grid, ¢ denotes the number of categories, p represents the probability of catego-
ries, C denotes the box confidence score in cell i, C, denotes the box confidence score for
the predicted object, A,,0,; denotes the weight representing the predicted loss of confi-
dence in the bounding box in the absence of an object.

Therefore, the overall loss function is given as follows:

SXS

Loss = Z Leiow + Lopj + Leis (16)

i=0
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4. Experimental Results

4.1 Dataset

In this work, we used the CARLA [81] simulator to create a simulated environment
for autonomous driving from which we collected camera and radar data. Seven (7) differ-
ent types of common road participants were included in our datasets. Since the camera
observations and radar detections were associated, the radar detections were sparsely
overlapped in white dots on the camera image, as shown in Figure 8.

Figure 8: Camera and radar data obtain from CARLA simulator with radar data overlayed in white dot.

Figure 9: A Sample of our CARLA dataset showing clear day in the far-left column and varying level of fog in both columns to the right.
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Figure 9 illustrates a sample of our CARLA dataset showing clear-day and varying
fog levels. The visibility distance of fog ranges from 50m to 300m. The total number of
images is 25000, with 80% (20000) belonging to the training set and with the remaining
5000 for testing and verification. We use clear and foggy weather conditions for CR-YOL-
Onet and YOLOVS5 training and testing evaluations. Figure 10 shows the distribution of
various object classes, including bicycle, bus, car, motorcycle, person, traffic light, and
truck.
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Figure 10: The distribution of various objects classes.

Table 1:Training parameters with clear only, fog only and clear + fog training sets.

Model Model Size  Optimizer Le;:::lg Weight Decay Batch Size Momentum  Epoch
YOLOvVS Small Adam 0.0001 0.00025 64 0.821 300
YOLOvVS Medium Adam 0.0001 0.00025 64 0.821 300
YOLOvVS Large Adam 0.0001 0.00025 64 0.821 300

CR-YOLOnet Small Adam 0.0001 0.00025 64 0.821 300
CR-YOLOnet Medium Adam 0.0001 0.00025 64 0.821 300
CR-YOLOnet Large Adam 0.0001 0.00025 64 0.821 300

4.2 Experimental platform and training parameters

The PyTorch framework was used to conduct the experiment in Python program-
ming. The hardware and software settings are as follows: Graphics card: Nvidia GeForce
RTX 2070 with Max-Q Design; RAM: 16 gigabytes of memory; CPU: Intel Core 17-8570H
2.2 GHz 6 cores. Table 1 illustrates the parameters for the three different model sizes
(small, medium, and large) CR-YOLOnet and baseline YOLOv5 models were trained.
With only about 7.5 million parameters, YOLOv5s is a small but fast model, making it
well-suited for inference on the central processing unit.

The YOLOv5m model is considered medium-sized with its 21.5 million parameters
because it strikes an outstanding balance between speed and accuracy. Among the
YOLOVS5 derivatives, YOLOV5] is the largest, with a total of 46.8 million parameters. It is
efficient for the detection of small objects. The CR-YOLOnet was trained on both the image
and radar data and only image data for YOLOVS5. To begin with, the rate of learning stead-
ily increases, and then it gradually decreases. The network's utilization of the pre-training
rate causes the increased learning process at the beginning. Each model was trained using
clear only, fog only, and clear + fog datasets for 300 epochs with a batch size of 64, weight
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decay of 0.00025, alearning rate of 0.0001, and a learning rate momentum of 0.821 using
Adam optimization.

4.3 Evaluation Metrics

Deep learning can be evaluated using a variety of metrics, including accuracy, con-
fusion matrix, precision, recall, average precision, mean average precision (map), inter-
section union ratio, and average precision. In this work, we use the same set of evaluation
metrics as the COCO dataset [66], precision, recall, and average precision (AP) for small
(APs), medium (APm), and large (API) object areas. Also, we estimated F1 score and mean
average precision (mAP) thresholds at 0.5. We compared the performance of our CR-YOL-
Onet to the baseline YOLOVS5 in clear, light, medium, and foggy environments for small,
medium, and large model sizes. Equations 17 to 21 describe the evaluation metrics.

Precision P can be expressed as:

TP

P=TrvFp (17)
Recall R can be expressed as:

TP

R=Trvrn (18)
The F1 score can be expressed as:
2(P X R)

“P+R (19)

where TP denotes the outcome that occurs when the category of an object is accu-
rately identified in an image, FP represents the outcome that occurs when the category of
an object is inaccurately identified in an image, FN is the outcome that occurs when an
attempt to identify an object in an image failed.

The average precision (AP) is the area under the Precision — Recall curve with val-
ues between 0 and 1, and it is expressed in equation 17:

1
AP = f P(R)dR (20)

The mean average precision (mAP) is the mean for all N categories evaluated in the
dataset, and it can be estimated as follows in equation 18:

N
1
mAP = Nz AP, (21)
i=1

4.4 Training Results and Discussion

To ensure the algorithm's detection efficiency, our improved method (CR-YOLOnet)
is compared to the baseline YOLOv5. A contrast of the changes in mAP that occur
throughout the training process for our CR-YOLOnet and the YOLOVS5 (small, medium,
large) models can be seen in Figure 11. Each CR-YOLOnet model was trained on radar
and image (clear only, fog only and fog + clear) training sets. When compared to the
YOLOV5 network, the rise in mAP experienced by the CR-YOLO network was stable and
much quicker due to the multi-sensor integration advantage.

The CR-YOLOnet large model, as shown in Table 2, clearly achieves the highest per-
formance, with a F1 of 0.861, recall of 0.885, the precision of 0.914, and mAP of 0.896.
However, the network that strikes a balance between accuracy and speed best is our CR-
YOLOnet small model with an mAP of 0.849 and 69 frames per second.
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Figure 11: Comparison of mAP (0.5) for CR-YOLOnet and YOLOvS.
Table 2: Performance Comparison of our CR-YOLOnet and YOLO©wS.
Model Model Size F1 Recall Precision mAP(0.5) FPS
Contrast
YOLOvVS Small 0.714 0.719 0.705 0.685 baseline 98
YOLOvS Medium 0.692 0.776 0.738 0.771 10.086 46
YOLOvS Large 0.756 0.813 0.792 0.795 10110 25
CR-YOLOnet Stall 0.821 0.805 0.839 0.849 10.164 69
CR-YOLOnet Medium 0.829 0.830 0.844 0.862 10177 52
CR-YOLOnet Large 0.861 0.885 0.914 0.896 T0.211 27

4.4 Testing Results and Discussion

Observing the model's performance in various clear-day and foggy weather condi-
tions is essential for establishing its reliability. Tables 3 to 5 show the comparison of de-
tection AP for small, medium, and large object areas and mAP at IoU = 0.5. The compar-
ison was made for large (Table 3), medium (Table 4), and small (Table 5) model sizes un-
der clear, light, medium, and heavy fog conditions.

In Table 3, CR-YOLOnet trained on clear-day datasets performed best under clear
weather conditions with APs of 0.928 and API of 0.989. However, CR-YOLOnet trained
on clear + fog datasets performed better than the other five models, with the highest mAP
of 0.892 for clear and foggy conditions. An improvement of 11.78% in mAP and when
compared to YOLOVS5 trained on clear + fog with mAP of 0.798. Table 4 shows that CR-
YOLOnet with APs of 0.912 and API of 0.975 performs best in clear weather when it was
trained on clear-day datasets. Out of the six models tested, CR-YOLOnet trained on clear
+fog datasets had the most significant (mAP) of 0.867. An improvement of 13.33% in mAP
when compared to YOLOv5 trained on clear + fog with mAP of 0.765.

Table 3: Comparison of detection AP for small, medium, and large object areas and mAP(0.5) using large model size

Model (size: large) | Trained on clear Light Fog Medium Fog Heavy Fog mAp (0.50) Frame Rate
APs APm APl | APs APm APl | APs APm APl | APs APm APl (tps)
CR-YOLOnet clear 0.928 0957 0982 | 0903 0928 0936 |0.808 0817 0871 [0.791 0727 0.833 0.815 22
YOLOvS clear 0.833 0.856 0877 | 0698 0727 0783 |0.679 0693 0728 [0.611 0505 0613 0.745 28
CR-YOLOnet fog 0.845 0.864 0885 | 0816 0.863 0872 |0.802 0815 0833 |0.709 0.735 0.792 0.766 19
YOLOvS fog 0.625 0.721 0741 | 0594 0650 0716 | 0711 0725 0.743 | 0.682 0.667 0.676 0.717 25
CR-YOLOnet clear + fog | 0.921 0.965 0972 | 0912 0923 0949 |0.833 0.884 0.920 | 0.851 0.877 0.893 0.892 23
YOLOVS clear + fog | 0.795 0.869 0.883 |0.717 0.739 0755 [0.748 0.769 0806 |0.740 0632 0677 0.798 25
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Table 4: Comparison of detection AP for small, medium, and large object areas and mAP(0.5) using medium model size.

Model (size: medium) | Trained on clear Light Fog Medbum Fog Heavy Fog mAp (0.50) Frame Rate
APs  APm APl APs  APm APl APs  APm APl APs  APm APl (fps )
CR-YOLOnet clear 0.912 0938 0975 |0.847 0.864 0914 |0.758 0.768 0.822 |0.740 0.676 0.784 0.770 36
YOLOvS clear 0.820 0830 0.858 | 0.698 0.680 0.737 |0.643 0636 0665 |0.557 0451 0.560 0.632 65
CR-YOLOnet fog 0.850 0877 0890 |0.785 0.821 0827 |0.767 0790 0.794 | 0.658 0.084 0.741 0.745 40
YOLOvVS fog 0.655 0694 0737 | 0.625 0651 0.675 |0.670 0674 0681 |0.630 0615 0.624 0.696 59
CR-YOLOnet clear + fog | 0.903 0945 0959 | 0.866 0.899 0917 |0.826 0.852 0.889 | 0.819 0.845 0.861 0.867 48
YOLOvS clear + fog | 0.791 0802 0843 |0.718 0.703 0746 [0.717 0711 0744 | 0.689 0.579 0.625 0.765 54

Table 5: Comparison of detection AP for small, medium, and large object areas and mAP(0.5) using small model size.

Model (size: small) | Trained on clear Light Fog Medium Fog Heavy Fog mAp (0.50) I—'mn?c Rate
APs APm APl | APs APm APl | APs APm APl | APs APm APl (fps)
CR-YOLOnet clear 0.841 0877 0911 (0732 0751 0855 (0693 0701 0743 [0627 0679 0714 0.751 68
YOLOWS clear 0.785 0798 0819 (0661 068 0730 (03587 0598 0628 [0433 03528 0530 0.572 92
CR-YOLOnet fog 0.849 0883 0802 (0745 0753 0754 [0.723 0758 0738 [0.612 0.634 0680 0,722 71
YOLOVS fog 0.682 0.744 0.752 | 0.644 0.695 0725 | 0.614 0.626 0.643 [0.577 0.584 0590 | 0.673 88
CR-YOLOnet clear + fog | 0.853 0.895 0902 | 0.833 0.867 0.894 [ 0.816 0.841 0.872 | 0.784 0.818 0.843 0.847 72
YOLOWS clear + fog | 0.695 0765 0,792 | 0.674 0745 0.751 [0.645 0661 0692 |0.546 0585 0638 0.682 a8

Table 6: Comparison of detection AP per object class.

Model ) . . Traffic
. Model Size  Bicycle Bus Car Motorcycle Pedestrians . Truck

Trained on: clear + fog l y Light
CR-YOLOnet Small 0.711 0.742 0.747 0.729 0.736 0.751 0.725
YOLOvS Small 0.595 0.606 0.634 0.596 0.609 0.632 0.597
CR-YOLOnet Medium 0.779 0.835 0.821 0.809 0.827 0818 0815
YOLOv3 Medium 0.683 0.692 0.715 0.684 0.695 0.713 0.685
CR-YOLOnet Large 0.886 0.857  0.890 0.885 0.901 0.863 0.847
YOLOvS Large 0.761 0.745 0.763 0.695 0.790 0.748 0.756

In Table 5, CR-YOLOnet trained on clear + fog datasets outperformed the other five
models in almost all metrics. In Table 6, we illustrate the comparison of detection AP per
object class. The CR-YOLOnet trained on clear + fog datasets outperformed the other five
models for each object class. However, compared to the large (Table 3) and medium (Table
4) models, the CR-YOLOnet trained on clear + fog datasets in Table 5 struck a balance
between accuracy and speed with mAP of 0.847 and speed of 72 FPS for both clear and
foggy circumstances. This implies that our CR-YOLOnet small model trained on clear +
fog datasets has the best capacity to accurately detect small objects in fog without trading
off speed.

As a result, in Figure 12, we compare the qualitative results of our small CR-YOLO-
net and mediumYOLOv5 models, with both models trained on clear + fog datasets. We
selected the medium YOLOV5 model trained on clear + fog datasets because it struck a
balance between speed and accuracy, as illustrated in Table 4. Figure 12 (a) shows the
input data with varying visibility and proximity of close objects at about 50m and most
distant objects at 300m. Figure 12 (b) and 12 (c) show the detection results of medium
YOLOV5 and small CR-YOLOnet models, respectively. Both models could detect objects
in close proximity. However, only our small model CR-YOLOnet trained on clear + fog
datasets could detect objects beyond 100m in medium and 75m heavy foggy conditions.
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Figure 12: Comparison of the qualitative results of our CR-YOLOmnet and baseline YOLOuv5 (a) input data with varying visibility and

proximity: from clear (top) to heavy fog (bottom (b) results of Medium YOLOv5 model trained on clear + fog, (c) results of small CR-
YOLOnet model trained on clear + fog.

5. Conclusion

In this paper, we introduced an enhanced YOLOv5-based multi-sensor fusion net-
work (CR-YOLOnet) that fused radar object identification with camera image bounding
box to locate and identify small and distant objects in fog. We transformed the radar de-
tections by mapping them into two-dimensional image coordinates and projected the re-
sulting radar image onto the camera image. Using image data, we demonstrated that at-
mospheric distortion has a negative impact on sensor data in fog. We showed that our
CR-YOLOrnet. In contrast to the single-modal system used in the baseline YOLOvV5, we
showed that our CR-YOLOnet is capable of receiving data from both the camera and radar
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sources. The CR-YOLOnet utilized two different CSPDarknet backbone networks feature
maps feature extraction, one for the camera sensors and another for the radar sensors.

We emphasized and improved critical feature representation required for object de-
tection using attention mechanisms and introduced two residual-like connections to re-
duce high-level feature information loss. We simulated autonomous driving instances un-
der clear and foggy weather conditions in the CARLA simulator to obtain clear and multi-
fog weather datasets. We implemented our CR-YOLOnet and the baseline YOLOV5 in
model configurations of three sizes (small, medium, and large). We found that both small
CR-YOLOnet and medium YOLOV5 trained on clear + fog datasets struck a balance be-
tween speed and accuracy with a mAP of 0.847 and a speed of 72 FPS. There was an im-
provement of 24.19% in mAP compared to YOLOvV5 trained on clear + fog with a mAP
of 0.765. However, the performance of CR-YOLOnet was significantly improved, espe-
cially in medium and heavy fog conditions. Since the large YOLOv5 model is more effi-
cient for the detection of small objects, in the future, we can optimize the speed of our
large CR-YOLOnet by reducing the dimension of the input data, using half-precision
floating points that lower the memory usage in neural networks, enhance the backbone
network with attention mechanism, etc. without trading off its accuracy.
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