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Abstract: 3D vehicle detection still remains challenging due to the occlusion, illumination and special weather. This paper proposes a data-level
fusion method to combine the images and LiDAR to achieve 3D vehicle detection in the foggy environment. This method first restores the
corrupted multi-modal data though image defogging and point cloud defogging. Then the pseudo-LiDAR is generated by back-projecting the image
pixels with the estimated image depth. After revisitation and transformation, the pseudo-LiDAR and LiDAR data can be fused in the 3D space.
Finally, the fused point clouds are fed into the BtcDet detection network to obtain detection results. Furthermore, in order to evaluate 3D
detection methods, this paper establishes a multi-modal dataset (images and LiDAR) of the foggy scenarios by simulation algorithms to
compensate for the lack of foggy dataset. Based on the synthetic dataset, the experiments are conducted to evaluate the proposed methods and

other comparative methods. The accuracy of the 3D target detection algorithm is higher than comparative methods.
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1 Introduction

Accurate 3D target perception is a prerequisite for safe driving
of autonomous vehicles. 3D target detection aims to detect the 3D
position, attitude and type of the object from the traffic multi-mod-
al data [1]. However, limited by special weather environments
(e.g., fog) and complex traffic environments, target detection is dif-
ficult to be accurately carried out with impaired data. Therefore,
the study of multi-modal data target detection in foggy environ-
ment has not only fully theoretical significance but also applica-
tion prospects. In fog weather, the abilities of 3D target detection
methods are extremely limited, since the data (such as image, LiD-
AR) are severely corrupted by the fog, which aggravate the the dif-
ficulty of 3D detection through reducing the visibility and increas-
ing a large number of noises. Thanks to the complementary inform-
ation, fusion of multi-modal traffic data is an effective fashion to
improve the vehicle detection in the occlusion situation. The pre-
valent fusion methods consist of feature-level and data-level [2].

In order to improve the detection accuracy in the foggy and oc-
clusion traffic environment, this paper proposes 3D vehicle detec-
tion methods combining the data-level fusion and multi-modal (Im-
age and LiDAR) defogging methods simultaneously. Distin-
guished from the existing methods, our fusion methods convert im-
age to LiDAR rather than LiDAR-to-Image [3], which loss one di-
mension information from 3D to 2D space. The fused dense points
can compensate for sparse LiDAR to improve the detection ability.
Besides, the defogging method for multi-modal data can effect-
ively alleviate the influence of fog and improve the detection ac-
curacy of 3D vehicles.

The major contributions of this paper can be summarized as fol-
lows:

First, this paper proposes a data-level fusion method to integrate
the images and 3D LiDAR for detection. After converting the im-
ages into 3D pseudo-LiDAR, it is fused with the radar data for cor-
rection. The advantages of this approach remain the whole inform-
ation of data as much as possible, enhancing 3D LiDAR point
cloud.

Second, this paper puts forward a dynamic point cloud defog-
ging method based on light intensity. Unlike DROR [4] and FC-
SOR [5] which are based on the distance between points, this meth-
od is based on the intensity value of the “fog point cloud” to re-
move noises.

Third, a novel foggy multi-modal dataset is built for 3D detec-
tion. Although foggy images now exist, there is less 3D LiDAR
data in foggy environment. Foggy environment also has a very ser-
ious impact on 3D LiDAR data. Based on the working principle of
LiDAR, this paper utilizes the method that simulating physically
accurate fog into clear-weather scenes [6] to implement foggy 3D
LiDAR data generation.

2 Experimental

2.1 Introduction to 3D target detection

3D target detection aims to obtain semantic (category) and geo-
metric information of the target in the 3D space. 3D target detec-
tion algorithms can be broadly classified into three categories
based on types of input data (i.e. image, laser point cloud and mul-
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timodal fusion) [7]. However, images do not provide scene depth
directly. The laser point cloud methods cannot solve the problem of
target detection under long-range sparse point clouds. To com-
pensate for the shortcomings of single data, more and more studies
are fusing point clouds and images. More accurate detection res-
ults are obtained by complementing each other with information.
3D-CVF [8] uses an auto-calibrated projection to convert 2D cam-
era features into a smooth spatial feature map with the highest cor-
respondence to LIDAR features in the bird's eye view (BEV) do-
main. MSMDFusion [9] can better utilize depth information and
fine-grained cross-modal interactions between LiDAR and camer-
as, and the framework consists of two important components,
MDU and GMA-Conv. So these characteristic differences lead to
different feature extraction methods. Convolutional neural net-
works [10] are currently the dominant image-based deep learning
method, which can accomplish the extraction of image features and
learning of higher order semantics with a level of abstraction and
learning capability. This paper utilizes a data-level fusion ap-

proach to solve the problem of low accuracy of 3D target detection
in foggy environment. We first defog the image and laser point
cloud. Then we generate pseudo-LiDAR from images and fuse
them with laser point cloud. Finally, the BtcDet [11] network is
used for supervised training to achieve foggy 3D target detection.

2.2 Framework

For foggy scenes, this paper proposes a foggy 3D target detec-
tion method by fusing laser point cloud and image, and its frame-
work is shown in Fig. 1. First, the image and point cloud need to be
defogged separately. For foggy image, FFA-Net [12] is used to ob-
tain a clearer fog-free image. For foggy LiDAR data, this paper
proposes a dynamic point cloud denoising method based on the
point cloud light intensity to denoise the laser point cloud. Second,
we generate pseudo-LiDAR from the defogged image data, and de-
noise the pseudo-LiDAR before fusing it with the laser point cloud.
Finally, the fused point cloud data is fed into the BtcDet [11] net-
work for 3D target detection in foggy environment.

Pseudo point Data
I —p cloud = .
: . processing
s generation
Image defogging

,
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Test results

Foggy point clouds Point clouds defogging

Fig. 1

2.2.1 Image defogging
Due to the degradation of the foggy image and the increase in
gray scale, the foggy images need to be defogged in advance for

3D target detection framework in foggy environment.

generating high-quality pseudo-point cloud. Thanks to the simple
structure and good image defogging effect, the FFA-Net [12] is
utilized in this paper for image defogging. The end-to-end struc-
ture of FFA-Net [12] is shown in Fig. 2.
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Fig.2 FFA-Net framework for image defogging.

The network is fed with a foggy blurred image, which is passed
to a shallow feature extraction section. It is then fed into N cluster
structures with multi-hop connections, and the output features of
the N cluster structures are fused together by the feature attention
module. Finally, these features are passed to the reconstruction sec-
tion and the global residual learning structure, resulting in a fog-
free output. The network can retain information from the lower lay-
ers and pass it to the deeper layers. Also, the presence of the
weighting mechanism makes the FFA [12] network more focused
on valid information such as thick fog areas, high frequency tex-
tures and color fidelity.

2.2.2  Laser point cloud defogging
This paper proposes a light intensity-based point cloud defog-
ging algorithm for processing point cloud noise in foggy scenes.

The point clouds collected by LiDAR in foggy environment have a
large number of noises which cannot be effectively removed using
traditional methods such as adiusoutlier removal (ROR), statistical
outlier removal (SOR) and voxel grid filters (VGF). Unlike ROR,
SOR and other algorithms that remove noises based on the dis-
tance between points, our proposed method is based on the fact that
the intensity value of the “fog point cloud” is lower than those of
other points of other points at the same distance. Thus, the noise
points are removed when the intensity values are greater than pre-
setting threshold.

The flow of the point cloud defogging algorithm is shown in
Fig. 3, which consists of two steps. Step 1 identifies and removes
all points whose intensities are lower than the specified threshold.
First, we need to select a suitable intensity threshold /, to distin-
guish the "fog point cloud" from the normal target point cloud. The
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Input:

P(x, y, x, i), Coordinates and distances of 3D point clouds

Function PointCloudDefogging(x, y, z, i):

1: Calculate the distance D, between point p and the LIDAR
origin

2: Calculate the intensity /, of the current distance D, and [, =I,

// judge

3: If 1,>1,, then Non-foggingpoint, depositrightpoint

Else :

4: Suspect point, deposit errpoint

5: Store errpoint in KDTree

6: Calculate the radius search distance R, of the suspected point
P, at the current distance D,

7: Radius Proximity Search

// judge

8: If P, numberofadjacentpoints K>K,,. then
Non-foggingpoint, depositrightpoint

Else:

9: Fog point, delete

return 0

Fig. 3 Point cloud defogging framework.

intensity profile of the laser point cloud needs to be calculated by
Eq. (1) [13] to estimate the intensity value of the laser point re-
turned at each distance. Then the [, for defogging can then be de-
termined based on the intensity value at each distance. For each
point p, if its intensity value / is higher than the /,, the point is re-
garded as a normal point and vice versa as an anomaly p,,.

2
ref
D;

I = Leg X X cos(a) (€)]
where, a is the angle of incidence of the laser in the “fog point
cloud”. In order to obtain the intensity profile corresponding to the
LiDAR, the point at 5.5 m is chosen as the reference point. And its
intensity value is the average of the intensity values of all points at
that distance. To determine the variation of the actual intensity with
distance, the incidence angle degree w = 90° is assumed here.

However, some correct target points below the threshold will be
wrongly deleted in the step 1. For example, if a car is located dir-
ectly in front of the LIDAR sensor (within 3 m), some important
points will be lost when applying the laser point cloud defogging in
step 1. Because of the low value of vehicle material strength, it
makes the point cloud that truly represents the car incomplete. To
solve this problem, “non-fog points” carrying important environ-
mental information are selected from the outliers identified in step
1. Then they are re-classified as inner points.

Step 2 is based on the above idea. The density of neighboring
points around the “fog point cloud” is sparse, while the density of
neighboring points around the “non-fog points” of the outliers is
high. Therefore when the number of neighboring points within the
specified search radius R of an outlier k exceeds the threshold 4y, ,
the point can be saved as an inner point. First the distance between
the anomaly P, and the LiDAR sensor Rp is calculated by

Ry = /xpz +yp2e If Rp is lower than the minimum search radius
SR min> then R uses the minimum search radius value SR;,. Other-
wise, R; is defined using Eq. (2) in dynamic radius outlier removal

(4].
SR, =px(R,xa) )

where, £ is a parameter (5>1) that compensates for the increased
interpoint spacing due to object surfaces that are not perpendicular
to the LiDAR beam. In this case, the outlier P, is classified as an
inner point if the number of adjacent points £ within the radius R,
is greater than the threshold k.. Otherwise, it is still an outlier and
is rejected. Finally, the laser point cloud de-fogging process is
completed.

2.2.3  Image and point cloud data fusion

The fusion of the image and point cloud can be mainly divided
into three steps: pseudo-LiDAR generation, pseudo-LiDAR data
processing, and point cloud fusion. The first step requires to use an
image-based pseudo-point cloud generation method. The stereo
parallax method is used to create a depth map corresponding to im-
age pixels. Next, the depth map is back-projected into the 3D space
to generate the pseudo-LiDAR. However, the directly generated
pseudo-LiDAR is too dense and the number of point clouds far ex-
ceeds the number of laser point clouds in the same scene. So a
voxel filter is used to downsample the pseudo-LiDAR. At the same
time, the pseudo-LiDAR has some noises, so it is also necessary to
use the DROR [4] to denoise the pseudo-LiDAR. Finally, the pro-
cessed pseudo-LiDAR P; is fused with the laser point cloud P; to
obtain a dense fused point cloud P.

P=P+Ps 3)

2.2.4 BtcDET

BtcDet [11] is used to improve low target detection accuracy un-
der the situation of missing target point shape by occlusion and sig-
nal loss. The framework of BtcDet [11] consists with three main
parts. The occluded and loss regions (Roc and Rgy) can be distin-
guished firstly. Then shape occupation probabilities P(Og) is gener-
ated. Next, a 3D backbone network is used to extract features,
which are fed into the RPN network to generate 3D region propos-
als. For each region proposal, a local grid covering the proposal
box is constructed and the sparse tensor P(Og) is stitched onto the
feature map. Finally, the local geometric features are pooled onto a
local grid, the grid features are aggregated, and the final bounding
box prediction is generated. The optimized target detection process
can be expressed as follows:

argmé}XP(Osl{Plew' , Pn}sRsm, Roc, 6) “%

argmax P(X,Dl{p1p2,--+, pn}, P(O5),6) (5)

2.3 Foggy dataset construction

The LiDAR foggy datasets available for 3D detection task are
still relatively lacking. In this paper, a physics-based fog simula-
tion method is used to synthetize the foggy laser point cloud. It
uses a standard linear system [14] to simulate the LIDAR impulse
response, converting a real clear-weather LiDAR point cloud to a
foggy laser point cloud. The method has been successfully applied
to semantic segmentation tasks [6], proving its effectiveness in the
field of foggy LiDAR data simulation and 3D target detection.
KITTI [15] is selected as the original sunny dataset. And the im-
ages and laser point cloud data are fogged to create a simulated
foggy dataset.

2.3.1 Foggy image dataset generation and construction

We use the approach in the literature [16], which uses an atmo-
spheric scattering model to establish the generation process of
foggy images.

I(x,y) = 1(x,y) - J(x,9) + [1 = 1(x, )] - A 6
where, (x, y) are the pixel coordinates; / is the synthetic fog-sky im-
age; J is the original clear image; 4 is the atmospheric light value;
t(x, y) is the transmittance, which indicates the amount of transmit-
tance of the scene reaching the camera. Under uniform medium
conditions, #(x, y) depends on the distance from the scene to the
camera and is defined as:

1(x,y) = e P )

where, f is the atmospheric scattering coefficient; d(x, y) is the nor-
malized distance of the scene at pixel (x, ).
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2.3.2 Foggy laser point cloud dataset generation

Based on the operating principle of LiDAR, the method [17]
models the laser transmission and received signal power. The vari-
ous environment such as sunny, foggy weather is determined by
the impulse response of the atmospheric optical channel.

In clear weather, the targets detected from LiDAR are solid ob-
jects, referring to this type of targets as hard targets. For both sunny
and foggy data in the same 3D scene, the same hard target still ex-
ists. However, the scattering of light in foggy days produces ex-
cess target data, and this type of targets is referred to as soft targets.
The total impulse response function HH(RR) in the fog can be ex-
pressed as:

exp(—2aR)&(R)
R2
where, Hid (R) = 56(R-Ro) is the impulse response of the hard
target and B, denotes the differential reflectance of the target;
HM (R) = BU (Ry —R) is the impulse response of the soft fog target
and g is the scattering coefficient. The response received by the
LiDAR in the fog can then be decomposed into:

H(R) = X[BU(Ry = R) + o6 (R = Ro)] ®)

P tog (R) = PR, (R)+ PR, (R) Q)

where,

exp(—2aRy) (2tH
R% 0

exp(—=2aRo) PR clear(R);

| exp|-2a(R- 4
R ()= Capop [ sn’ (s W

. . 't
RIS (R)=Cy Pysin® (#z)ﬁod(le -5 —Ro)dt =

2tH
ct
R+ —|dt
2)

According to the above equations, the sunny laser point cloud is
converted into a foggy laser point cloud by setting the parameters
of attenuation coefficient o and scattering coefficient  and hard
target reflectivity y. And corresponding to the conversion paramet-
er f for image foggy simulation, the simulated foggy dataset is cre-
ated.

3 Results and discussion

The experiment is the comparison experiment, including the
comparison of the proposed foggy 3D target detection method and
existing detection methods in three scenarios: light fog, medium
fog and dense fog.

3.1 Experimental settings

The experiment was conducted in python with a 64-bit operat-
ing system, ubuntu 16.04. The deep learning framework is Pytorch

1.10; hardware configuration is CPU Intel Xeon(R) E5-2 678 v3 @
2.50GHz octa-core and Nvidia GeForce GTX 3060 Ti; calling
GPU acceleration with CUDA 10.2 and cuDNN 8.0.5.

The algorithm is used to build a foggy dataset using the KITTI
[15] open source dataset as a benchmark. The dataset is divided in-
to three classes: light fog, medium fog, and dense fog, with the
same data scenarios for different concentration classes. And each
dense fog class dataset contains 3,712 training sets and 3,769 test
sets. Then three levels of easy, medium, and difficult were determ-
ined based on target size, occlusion status, and truncation level.
Table 1 shows the parameters in the three fog levels. § is atmo-
spheric scattering coefficient, a is laser point cloud attenuation
coefficient, y is hard target reflectance and r is actual detection
range.

Table 1 Parameters of the three fog levels.
Parameters Light fog Medium fog Dense fog
g 0.04 0.06 0.08
a 0.075 0.1 0.125
y 36*0,6 26*0.6 C*O 6
r 40m 30m 20m

3.2 Comparison experiments with existing testing methods

In this paper, we follow the official KITTI [15] evaluation pro-
tocol and evaluate the vehicle detection results at three concentra-
tion levels: light fog, medium fog, and dense fog at LoU = 0.7.
AVOD [18], PointRCNN [19], F-Pointnet [20], and SECOND [22]
were also trained at three fog concentrations. These are used as the
comparison objects to verify the effectiveness of the 3D target de-
tection method in fog in this paper. Table 2 shows the comparison
results of the detection performances of different 3D target detec-
tion methods trained with light fog, medium fog, and dense fog
data.

Fig. 4 plots the PR curves of different 3D target detection meth-
ods under light fog, medium fog and dense fog, respectively.

First, from Fig. 4, it can be visualized that the detection accur-
acy of various 3D target detection algorithms decreases as the fog
concentration rises. As the fog concentration increases, the image
becomes more blurred so that the target feature information from
the image is gradually reduced. Meanwhile, the detection distance
of LiDAR decreases with the increase of fog concentration, and the
useful point cloud information collected also gradually decreases,
and the useless noise information increases. All these factors will
reduce the target detection accuracy.

Second, Table 2 shows that the F-pointnet [20] and AVOD [18§]
algorithms based on image and laser point cloud fusion methods
have better detection results than the PointRCNN [19] and
SECOND [22] algorithms based on pure laser point clouds under

Table 2 Comparison of vehicle detection performance under light, medium and dense fog conditions: average accuracy (%).

Easy Medium Difficult
Methods Fog conditions
BEV 3D BEV 3D BEV 3D

PointRCNN [19] 84.34 71.06 66.33 54.21 58.79 48.60
AVOD [18] 88.86 76.46 79.53 64.47 69.05 57.02
F-pointnet [20] Hight 87.31 79.50 75.86 61.40 66.95 53.52
SECOND [22] 83.92 68.35 60.04 50.71 53.47 43.86
Ours Method 88.96 80.01 81.35 68.63 73.51 63.89
PointRCNN [19] 83.24 67.65 65.88 53.40 58.54 46.77
AVOD [18] 84.71 71.17 75.97 54.53 66.81 52.79
F-pointnet [20] Medium 85.34 73.81 72.49 52.44 64.01 48.60
SECOND [22] 83.15 65.24 58.91 49.62 53.07 42.98
Ours Method 86.53 76.64 76.80 62.19 69.45 58.93
PointRCNN [19] 81.99 65.74 64.08 51.85 58.08 45.41
AVOD [18] 82.53 65.98 67.83 5191 59.26 45.65
F-pointnet [20] Dense 81.36 66.09 63.46 45.95 55.09 40.43
SECOND [22] 81.64 63.45 57.02 47.39 52.46 41.75
Ours Method 84.79 71.34 71.95 57.32 62.83 50.17
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Fig. 4 PR graph for each result under light, medium and dense fog environment. (a) Light fog with easy, medium and difficult modesg. (b) Medium fog with easy, medium

and difficult modes. (¢) Dense fog with easy, medium and difficult modes.

light fog. However, Table 2 shows that the difference in detection
accuracy between the two types of methods is reduced under medi-
um and dense fog. As the fog concentration increases, the image
becomes so blurred that cannot provide effective target feature in-
formation for the fusion-based detection method, resulting in a sig-
nificant decrease in detection accuracy.

At last, the following conclusions can be drawn. The perform-
ance indexes of the 3D target detection algorithm proposed in this
paper are higher than those of the comparison algorithms in all
types of fog concentration levels and detection difficulty levels,
which also proves the effectiveness of the algorithm. In this paper,
the image-based pseudo-point cloud is fused with the original point
cloud, and the point cloud density is enhanced so that it can repres-
ent the appearance of the target more effectively. Then the laser
point cloud is defogged using the defogging method proposed in
this paper to further improve the accuracy of target detection under
light fog. Compared with the F-pointnet [20] and AVOD [18], this
paper defogs the images to make them clearer and more realistic,
which is more conducive to data fusion.

4 Conclusions

For the problem of low accuracy of 3D target detection in fog,

this paper proposes a 3D target detection method that fuses image
and LiDAR data. First, the image and point cloud data are de-
fogged to solve the problem of low data quality due to the pres-
ence of a large amount of “noise” in the foggy image and point
cloud data. Then a dynamic point cloud defogging method based
on light intensity is proposed, which is different from the filtering
method using “radius”, but using “intensity + radius”, which has
better point cloud defogging effect. After the defogging process is
completed, the images are fused with the point cloud data and put
into the BtcDet [11] target detector. The experiment proves that
this method can effectively remove the influence of fog on the im-
age and point cloud data, and improve the detection accuracy of 3D
vehicles in fog.
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