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SUMMARY: In order to solve the problem of low precision and shortage of space
information in single sensor system, a new method of 3D object detection based on 4D MMW
radar is presented. The proposed method combines multi-modal feature fusion and
spatiotemporal scaling, and adopts a middle level fusion strategy to model multi-element
features of radar point cloud. The camera branch uses the ResNet-FPN architecture to extract
multiscale semantic features, and the radar branch uses a VoxelNet-based compression
structure to improve the performance of the algorithm. Experiments on the 4D-Drive and
nuScenes data sets show that the proposed algorithm achieves 86.4% detection accuracy
when the loU threshold is 0.7. Compared with the single-modality baseline, there is a 12.8%
increase in performance compared to a camera only mode, and 9.5% in the radar-only mode.
Compared with the monocular vision approach, the absolute displacement error has been
decreased to 0.184 m, and the detection accuracy remains above 85% under challenging
conditions, showing strong robustness and generalization ability. The system achieves real
time performance at 31 FPS on the RTX A6000 and Jetson AGX Orin platforms. This study
has overcome the shortcomings of the existing detection algorithms, such as precision, latency,
and environment adaptability, and provides an efficient way to realize multi-source
collaboration.

KEYWORDS: 3D object detection; Multimodal fusion; 4D millimeter-wave radar; Deep
learning

1 Introduction

In applications such as autonomous driving, intelligent surveillance and industrial detection,
three-dimensional target detection plays an important role.Compared with other sensors,
cameras have many advantages in target identification, such as high resolution and rich
texture. However, when cameras are used in scenarios with interferences, such as low-light
and haze, the localization accuracy of targets will be affected by interferences.
Commillimeter-wave radar has advantages of resistance to interferences and ranging
performance, which can collect three-dimensional information of targets in low-visibility
scenarios, and the application of millimeter-wave four-dimensional radar can obtain target
information in low-visibility scenarios, which provides basis for three-dimensional structural
information. However, due to the characteristics of radar point clouds, such as sparsity and
limited angular resolution, it is difficult to play its advantages when used alone. Therefore, the
development direction of camera and four-dimensional millimeter-wave radar multi-modal
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perception is very important for improving the accuracy and robustness of spatial detection.

Karen Liliane Riedel Hornig et al. (2025) [1] They used vibration isolation testing to
explore problems related to camera stabilization in multi-view imaging and found that
dynamic jitter affects the target detection process in the following link.Hu Liu et al. (2025) [2]
It can eliminate the fake reflection points of radar point clouds and improve the observation
effects. Chunfang Yin et al. (2025) [3] Establish a multi-scale weight fusion model to perform
effective matching of point cloud data. Siyuan Wei et al. (2025) [4] designed the
ST-ConvLSTM network for 3D human keypoint localization under millimeter-wave signals.
Qingyuan Yang et al. (2025) [5] reviewed research progress in visual-millimeter wave fusion
for pedestrian re-identification, identifying cross-modal matching and feature alignment as
current bottlenecks. Zhimin Qiu et al. (2025) [6] achieved road surface recognition through
multi-feature fusion, validating the fusion features' interference resistance. Ye Chen et al.
(2025) [7] employ an improved extended Kalman filter for joint ranging between monocular
cameras and millimeter-wave radar, enhancing depth estimation accuracy in dynamic scenes.
Weigang Shi et al. (2025) [8] utilize mobile least squares to enhance the spatial fitting
capability of 4D radar point clouds. Peicheng Shi et al. (2025) [9] proposed the MPVF
algorithm to enhance global consistency in multimodal detection through point-level and
voxel-level fusion. Rui Zheng et al. (2024) [10] developed a fusion positioning system for
safety inspection robots based on millimeter-wave radar and inertial sensors, achieving
dynamic calibration of multi-source attitude information. Jinghai Xu et al. (2024) [11]
enhanced the accuracy of real-world 3D reconstruction by integrating ground cameras with
drone oblique photogrammetry. Lingsheng Li et al. (2024) [12] designed a multiscale feature
fusion network for gesture recognition. Xusheng Xue et al. (2024) [13] used millimeter-wave
radar arrays for digital modeling of coal mine tunnels and showed the sensor's potential for
3D reconstruction of complex environments. Haodong Liu et al. (2024) [14] built an
improved radar-vision fusion simulation platform for training and validation. Jian Guo et al.
(2024), [15], proposed a multi-modality fusion method to greatly enhance the accuracy of
one-to-one identification of individuals. Yangiu Yang et al. (2024) [16], A robust target
detection algorithm based on monocular is proposed camera and FM CW radar. Matsumoto
Taku et al. (2024) [17], used a SfM — MVS based camera trajectory estimation method to
realize the sequential integration of the local 3D model, and improved the coherence of
multi-view geometry. Mitka Bartosz et al. (2023) [18] generated 3D models to analyze solar
potential in urban areas using multi-source drone data and demonstrated the scalability of
fusion perception in environmental assessment. Liu Yadong et al. (2023) [19] proposed a
rapid 3D reconstruction algorithm based on double RGB-D cameras to realize high precision
plant structure restoration.

In recent years, deep learning based multimodal fusion methods have been widely used in
3D detection,but there are still many problems existing in feature alignment,robustness and
real time implementation [20]. To construct a 3D object detection model combining camera
vision and four-dimensional mmWave radar is proposed in this paper. By using the accurate
external parameter calibration,hierarchical feature fusion and attention mechanism,the
detection accuracy and real-time performance of the proposed algorithm are greatly improved.
The whole research process of multi-sensor data modeling,fusion algorithm design,training
experiment and evaluation is completed. The proposed algorithm realizes
high-precision,low-latency target detection in the environment. It provides an extensible
fusion perception framework in autonomous driving and intelligent sensing.
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2 Basic Principles of Cameras and Millimeter-Wave Radar

2.1 Camera Imaging Principle

Camera imaging principle. Camera model in pinhole geometrical optics. Space point P (X,Y,Z)
is projected into point p (x,y) on image plane. Perspective projection relationship can be
written as:
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where f isthe focal length and Z the distance from the target point to the optical center of
the camera.

This viewpoint transformation can map 3-D images onto 2-D images. The distortion of the
lens, the time of exposure, and the response of the sensor also affect the image of the camera.
In practical applications, accurate imaging models can be obtained by calibrating the device's
internal parameters and correcting distortion (as shown in Figure 1).
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Figure 1: Camera Imaging Principle

2.2  Millimeter-Wave Radar Operating Principle

Millimeter-wave radar employs FMCW with continuously varying transmission frequencies
to capture target echoes, thereby obtaining information such as distance, velocity, and bearing
[21].

The transmitted signal can be expressed as:

s,(t)= ACOS(Zﬂ'( fot +§t2D (2)

where A is the signal amplitude, f, is the initial frequency, B is the frequency modulation

bandwidth, andT is the frequency modulation period.
The received signal is mixed with the transmitted signal, and a differential frequency

signal is obtained. The relationship between its frequency f, and the target distance R is:
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whereC is the speed of light. After FFT processing of the differential signals, both range
information and Doppler velocity information of the target can be obtained. Based on this, the
four-dimensional millimeter-wave radar can also invert the azimuth angle through phase
differences between antenna arrays, thereby obtaining the elevation angle and achieving
three-dimensional positioning and identification of the target. The working principle of the
millimeter-wave radar is analyzed theoretically and discussed (see Figure 2).
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Figure 2: Working Principle of Millimeter-Wave Radar

2.3 Analysis of Advantages and Disadvantages of Cameras and Radar

Cameras provide high resolution and rich textural information for object detection, which can
be used to identify and classify objects. In a well-illuminated and stable environment, a new
approach based on convolutional neural networks has been proposed to achieve high accuracy
recognition and accurate edge location (see Figure 3). Their performance, however, depends
heavily on external lighting and weather conditions. They can easily be exposed, reflected, or
blurred in a complex environment such as bright, dark, dark, or rainy/fog. This leads to
increased errors in target depth estimation and limits spatial perception capabilities.
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Figure 3: Convolutional Neural Network
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4D millimeter-wave radar transmits and receives high-frequency electromagnetic waves to
achieve target information, including distance, speed and angle of sight. Its advantages are
strong penetration ability and all-weather operation. The system can still play a vital role in
low light or poor visibility. It has high ranging accuracy and strong anti-interference ability. It
can effectively detect moving objects and hidden objects. Due to the influence of factors such
as antenna aperture and frequency band, the point cloud point density is sparse and the range
is unclear, which is not easy to reflect the object shape and texture. At the same time, the
complex background often causes multipath reflection and false points [22]. To better
preserve object continuity and structure, bidirectional filtering is commonly used to denoise
and smooth point clouds. This method can effectively eliminate the random noise and retain
the geometric boundaries, thereby improving the quality of point cloud reconstruction. As
shown in Figure 4, filtered and raw point clouds are compared, which visually show the
difference between filtered point clouds and smoothing point clouds, and the corresponding
smoothed surface.

Original Point Cloud Bilateral Filtered Point Cloud z
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Figure 4: Comparison of Raw Point Cloud and Bilateral Filtered Point Cloud

3 Multi-Sensor Fusion Modeling

3.1 Camera and Radar Coordinate System Calibration

Based on the calibration of the camera and millimeter-wave radar, the unified mapping of the
point cloud and the image feature is established. Typically, the transformation relationship
between two coordinate systems can be represented by a stiffness conversion model, whose
formula (4) is:

PC = RCI'PF +TCI' (4)

where P, =[X,,Y,,Z ] denotes point cloud coordinates in the radar coordinate system,
P.=[X.,Y.,Z.] represents point coordinates in the camera coordinate system, R, is the

3>3 rotation matrix, and T, is the translation vector.

By minimizing the reprojection error function, the optimal extrinsic matrix can be
obtained:

2
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where " 7z(-)" is the camera projection function mapping 3D points to a 2D pixel plane.
The camera’s perspective projection relationship can be further expressed as:
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where K is the camera intrinsic matrix, containing parameters such as focal length and
principal point coordinates. Precise pose transformation matrices can be obtained through
joint calibration board experiments or checkerboard matching, enabling accurate projection of
point clouds onto the image coordinate system.

The geometric relationship between the camera and millimeter-wave radar spatial
coordinate systems and the projection mapping process are illustrated in Figure 5 Camera—
Millimeter-Wave Radar Spatial Coordinate System Relationship, demonstrating their
alignment and registration methods in three-dimensional space.

Figure 5: Camera-Radar Spatial Coordinate Systems

3.2 Feature Point Matching and Pose Estimation

Feature points with scale and rotation invariance, such as SIFT or ORB descriptors, are
extracted from images and matched using Euclidean or Hamming distance. Geometrically
salient points, such as curvature singularities or corner reflector enhancement points, are
extracted from radar point clouds to form cross-modal feature pairs. In order to solve the
problem of noise and mismatch, the RANSAC random sampling consistency algorithm is
used to remove anomalous matches [23].

Based on the matching characteristic, the re-projection error of the two sets of space
points is minimized, and the position transformation matrix of the object is determined, whose
formula (7) is:

pe(R = T]r 7)

n
min 2.

where P’ and P° denote corresponding point coordinates in the radar and camera
coordinate systems, respectively, R represents the rotation matrix, and T denotes the
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translation vector.

Using the SVD method or Levenberg-Marquardt iterative method to solve for
high-precision camera pose parameters, point clouds and image textures are uniformly
represented, providing precise geometric constraints for subsequent fusion modeling and
object detection.

3.3 Sensor Fusion Modeling

The high resolution visual information from the camera is combined with the depth and speed
data of the millimeter-wave radar to achieve accurate and stable 3D objects. The fusion
process employs a feature layer joint modeling approach, combining the camera image feature
vector F, with the radar point cloud feature F, through weighted integration:

Ff = ﬂFc +(1+a)|:r (8)

where @ represents the fusion weight dynamically adjusted based on feature confidence. In
order to enhance the performance of the proposed model, the proposed method is combined
with the convolution and convolution, which gives the model the ability of spatial geometry
and semantic comprehension. The fusion model forms a cross-modal feature mapping layer
within the neural network, enabling unified output of target detection and localization
information. The overall modeling structure and information flow are illustrated in Figure 6
Modeling Diagram, showcasing the end-to-end framework from multi-source inputs to fused
outputs.

Camera Image Image Features
Feature
Fusion
Radar Point Point Cloud
Cloud Features
| Modeng Fusion |

Figure 6: Modeling Diagram

4 Algorithm Design and Implementation

4.1 Deep Learning-Based 3D Object Detection

Deep learning-based 3D object detection automates the process from multimodal inputs to
spatial object recognition through end-to-end neural networks. Models typically process
camera images and millimeter-wave radar point clouds as inputs, completing 3D bounding
box predictions through three stages: feature extraction, fusion, and detection [24].
Convolutional neural networks extract image features F, and point cloud voxel features
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F. . A fusion module then integrates cross-modal information to form a comprehensive feature
map F;

F; = Concat(4(F, ), o(F,)) 9)

where ¢(-) and () represent the image and point cloud feature encoding functions,

respectively.
Subsequently, an Anchor-based 3D detection head outputs target location, size, and
category confidence, with its regression target expressed as:

L= I‘cls + 2:I.Lloc + /12Ldir (10)

where L., denotes the classification loss, L., represents the position regression loss, Ly, is

the orientation constraint term, and 4. A4, is the weight coefficient. Based on multiscale

feature fusion and attention mechanism, the proposed model can improve the precision of
detection in complicated scenes. The fusion detection results are overlaid on the point cloud
scene as a 3D bounding box, demonstrating the comparison of multimodal detection, as
illustrated in Figure7 Visualization for 3D Object Detection Results.
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Figure 7: Visualization Diagram

4.2  Geometric Feature-Based 3D Object Detection

Three-dimensional object detection technology based on geometry utilizes the analysis of
point cloud spatial distribution and morphological features to achieve geometric recognition
and boundary reconstruction of three-dimensional objects. After voxelization of radar point
clouds, a local neighborhood model based on curvature, normal vectors, and point density was
constructed [25].

The normal vectorn, of pointP, is determined by the eigenvector corresponding to the

minimum eigenvalue of the neighborhood covariance matrix C,

Zk: (Pj _5XP1 -p) (11)

j=1

C =

|~

where P denotes the neighborhood center andk represents the number of neighborhood
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points. Furthermore, principal curvature ratio comparison can be used to discriminate three
different geometry types: planes, edges, and corners.

Continuous detection of normal vector fields by using spatial gradient operators is helpful
to segment the outline and border of objects. Define the boundary strength function:

on, ) (on, * (on, Y
E, =[Vn/= gl L 4] = (12)
X oy oz
where E, Indicates the rate of change at edges to obtain higher-level geometric features.

Spatial clustering and morphological operation to obtain 3D edge envelopes Subsequently,
the 3D edge envelopes of objects can be recognized.Effectiveness of employing boundary
vectors to extract geometric features is illustrated in Figure 8.

Figure 8: Geometric Feature Extraction and Boundary Description Diagram

4.3 3D Object Detection Based on Fusion Features

Considering the difficulties of 3D object detection, a novel fusion method is proposed. This
method utilizes the complementary enhancement provided by camera texture information on
3D object detection and millimeter-wave radar geometric characteristics to improve the
precision of spatial target identification. In order to achieve cross-modality coupling, the

fusion network incorporates image convolutional features ( F,) and spatial features (F,) into

the point cloud, employing a weighted adaptive approach to achieve cross-modality coupling.
Feature fusion can be expressed as:

I:fusion = O-(Wl Fc +W2 I:r + b) (13)

whereW,» W, denotes the learnable weight matrix,b represents the bias term, ando(-) is

the nonlinear activation function.
Integrating attention mechanisms into the dynamic weighting of multi-modal features

9
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enhances feature saliency. The definition of attention response is:

o0loK! 13 .
3 o0le,] 4a,) @

where Q-+ K represent the query and key feature matrices, respectively, andd, denotes the

feature dimension. Based on the combination of attention weighted joint feature maps, the
proposed method can improve the detection performance of small and obscured objects in
complicated traffic scenes. Figure 9 Visualization of the Fusion Feature Heatmaps shows the
spatial distribution of the response intensity in the fused features, showing the energy
concentration and perception enhancement of multimodal information.

Intensity

X

Figure 9: Visualization of Fusion Feature Heatmaps

4.4  Algorithm Implementation

This algorithm follows a pipeline workflow of “acquisition-preprocessing-feature extraction-
fusion-detection-release.” Data is acquired using ROS2 camera pre-booking and 4D radar
tasks, with clock synchronization achieved via PPS/hard-wired triggering. Internal and
external parameters obtained in Sections 2.1 and 3.1 are loaded. Image preprocessing includes:
image distortion correction, exposure normalization, and occlusion masking; radar point cloud
bilateral denoising, ground segmentation, and voxel segmentation [26]. Feature extraction
employs ResNet-FPN for image streams; radar streams utilize Pillar/Walker coding with
sparse convolutions. Cross-channel attention and deformation fusion techniques enable
geometric matching and semantic enhancement from side to front views. A center-based
anchorless point detection framework is proposed, considering classification, localization,
direction consistency, and loU metrics. We use AdamW gradient descent, cosine annealing,
and AMP; class balanced sampling and multiscale data augmentation. Directional
transformation will be applied to get orientation aware 3D BB for image postprocessing.
Delay optimization based on TensorRT-FP16/INT8 to accelerate, merge and parallelize
pipeline.Fallback when in abnormal states. Single sensor degradation strateg.

10
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5 Experimental Results and Analysis

5.1 Experimental Environment Configuration

This experiment is base on Ubuntu 22.04 LTS (Kernel 5.15), Python 3.10.13, CUDA 12.1 +
CuDNN 9.0, PyTorch 2.3.1 and TensorRT 10.0. A proposed software-based robotics
middleware is ROS2. Image/point cloud processing libraries included OpenCV 4.8.1,
Open3D 0.17.0, mmcv 2.1.0, mmdetection3d 1.4.0, and spconv 2.3.6. The training system
configuration is as follows: Intel i9-12900K, 64GB DDRS5, 2TB NVMe storage, NVIDIA
RTX A6000 GPU (48GB). Deployment-side validation performed on Jetson AGX Orin (64
GB). Sensors comprised a global shutter camera (1920x<1200@60 fps, 8 mm lens) and a 77
GHz 4D millimeter-wave radar (12Tx><L6Rx MIMO, 20 Hz frame rate). The baseline between
sensors was 0.15 m. Clock alignment was achieved via PPS+hard trigger, IEEE-1588 PTP
unified timestamps; calibration parameters loaded via YAML with startup self-check. The
dataset includes the self-built Fusion4D-Drive (=120k frames) for the main experiment and a
nuScenes-radar subset for cross-dataset comparison. Training employs AMP mixed-precision
with cosine annealing, using random seed 42. The environment is fixed using Docker 24 +
NVIDIA Container Toolkit to ensure reproducibility.

5.2 Comparative Experiment Design

The comparative experiments adopt a "three-baseline + ablation” approach. Baseline 1
(Camera-only): FPN + Center-based 3D head, utilizing monocular depth priors. Baseline 2
(Radar-only): Pillar/\oxel + sparse convolutions. Baseline 3 (Early concatenation fusion). The
evaluated model is the mid-stage fusion (BEV/Front dual-domain alignment) with
cross-modal attention proposed in this paper. All models were fairly compared under identical
data splits (8:1:1), training iterations, and data augmentation, with controlled parameter
counts and FLOPs at comparable scales. Evaluation metrics include AP3D (loU=0.5/0.7),
NDS, mATE/mASE/mAOE, FN/FP, latency, and power consumption (RTXT and Orin).
Scenarios are categorized by day/night/fog, near/mid/far distance, occlusion level
(light/medium/heavy), and dynamic/static targets. Ablation studies include: removing
cross-modal attention, disabling BEV alignment, replacing bilateral filtering, altering fusion
weight o, and injecting external parameter noise (+£0.5°/+1 cm). Statistical significance is
validated through three independent reproducible experiments and t-tests (p < 0.05), with
speed-accuracy tradeoff curves reported.

5.3 Experimental Results Analysis

A comparison was conducted between the single-camera model, pure radar model, early
fusion model, and mid-term fusion model. Unified experiments were performed on these three
models, and their performance was evaluated based on metrics including AP3D, mATE,
mMASE, mAOE, frame rate, and latency. The results are presented in Table 1.

Table 1: Model Performance Comparison

AP3D@ | AP3D@ | mATE | mAS | mAOE Latenc

Model Type 05(%) | 07(%) | (m) | E 3 |PPS| e
Camera-only (FPN) 84.2 73.6 0.243 | 0.162 7.82 49 20.4
Radar-only (VoxelNet) 82.7 76.9 0.218 | 0.157 6.94 57 18.7
Early Fusion 85.6 78.1 0.211 | 0.153 | 6.32 52 19.8
Proposed (Mid-Fusion) 92.3 86.4 0.184 | 0.141 5.47 55 17.5
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As shown in Table 1, the proposed method achieves the best overall performance. At
loU=0.7, the detection accuracy (AP3D) of this algorithm reaches 86.4%, which is 12.8%
higher than the pure camera model and 9.5% higher than the pure radar model. By refining
existing algorithms, the system achieves an absolute translation error reduced to 0.184 m, an
absolute attitude error diminished to 5.47< and a detection latency of only 17.5 ms, attaining
near-real-time high precision.

The adaptability of the method was assessed in four typical scenarios (clear sky, night,
rain/fog, and night rainfall). The results of the measurements under different conditions are
shown in Table 2.

Table 2: Detection Performance Comparison Under Different Weather Conditions

Environment Precision (%) Recall (%) F1-score loU@0.5 (%)
Daylight 94.6 93.2 0.939 90.8
Night 90.4 88.7 0.895 86.1
Rain/Fog 87.8 85.6 0.868 83.4
Night + Rain 84.9 82.1 0.835 80.6

As shown in Table 2, this model maintains high accuracy even under conditions of low
illumination and significant occlusion. In night scenes, the accuracy is 90.4 percent, which is
just 4 percent lower. In wet and foggy conditions, the F1 score is still around 0.868.
Experiments show that multimodal feature fusion is effective in reducing the performance of
single sensor systems.

5.4 Model Performance Evaluation

Inference testing was carried out on desktop and embedded devices to verify the real-time
ability and deployability of each algorithm. The evaluation criteria included FPS, inference
latency, GPU and memory utilization. The RTX A6000, RTX 4090 and Jetson AGX Orin
were used for evaluation to check the generality of the model in high-performance and
low-power scenarios, respectively. The experimental results are shown in Table 3.

Table 3: Inference Performance

Avg Inference GPU Memory
Platform GPU EPS | Latency (ms) | Utilization (%) |  (GB)
RTX AG000 48 GB GDDR6 | 55.2 17.5 82.4 10.3
(Desktop)
RTX 4090 24 GB GDDR6X | 52.7 18.1 85.1 9.7
Jetson AGX Orin | 64 GB LPDDR5 | 31.4 28.9 78.6 6.8

As shown in Table 3, when running on the RTXA6000 platform, the inference frame rate
of the algorithm reached 55.2 FPS, satisfying the real-time requirement. When running on the
built-in Jetson AGX Orin platform, the frame rate remained at 31.4 FPS, and the latency was
only 28.9 ms, which is a remarkable improvement compared with the 45 ms of traditional
methods. Keeping the GPU utilization above 80% clearly shows that the model has
lightweight and highly parallel characteristics. Therefore, the model can be deployed online
for inference in autonomous driving and edge computing applications.

Classify four kinds of objects, vehicles, pedestrians, bicycles and trucks.Accuracy, recall,
AP3D and error rate are listed in Table 4.
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Table 4: Class-wise Detection Accuracy

Class Precision (%) | Recall (%) | AP3D@0.7 (%) | False Pos. (%) | Time (ms)
Car 95.8 94.6 90.3 2.1 18.2
Pedestrian 91.7 90.2 87.5 3.5 19.6
Cyclist 89.4 88.1 84.2 4.1 20.3
Truck 92.6 91.8 86.7 2.8 19.2

From Table 4, we can see that the target recognition accuracy can achieve 95.8%, and the
recall rate of AP3D@0.7 can achieve 90.3%, which means that the target can be detected with
high reliability as long as the target is intact. In addition, the detection accuracy of pedestrians
and bicycles are 90.2% and 88.1%, respectively. Compared with the single modality detection,
the accuracy improves by 7%-10%.High efficiency for multi-class and multi-scale target
recognition.

5.5 Discussion of Results

AP3D achieves 86.4% AP at loU < 0.7. Compared with the camera-only and radar-only
baselines, AP3D improves 12.8% and 9.5%, which suggests that geometric alignment and
attention mechanism can reduce the influence of depth uncertainty and angular drift in
single-modality perception.

Under day—night and rainy conditions, loU@0.5 can still stay at 80.6%, and the F1 score
is 0.835. Therefore, AP3D has a good robustness to visibility degradation and noise
interference. However, under rain and fog conditions, the accuracy is only 87.8%, and recall
reaches 85.6%. Most of false positive and missed detection happen in small and distant
sparse-point targets.

RTX A6000 can achieve 55.2 FPS, and Orin platform can achieve 31.4 FPS. Both of them
can meet the requirement of real-time deployment with low resource consumption and
latency.

AP3D@0.7 for vehicle and pedestrian is 90.3% and 87.5%, respectively. As bicycle has
long shape and high speed, AP3D for it is only 84.2%.

There are still some problems in current method: 1) high sensitivity to extrinsic parameter
(#0.59Hcm, lead to boundary jitter); 2) false alarm in multipath interference; 3) data
distribution is long-tailed.

1) Use temporal-domain fusion and trajectory prior for online extrinsic self-calibration.

2) Design adaptive threshold based on uncertainty.

3) Use high-precision MIMO sparse-reconstruction BEV occupancy networks combined
with distillation—quantization optimization. This method will further improve generalization
performance and edge computing efficiency.

6 Conclusions

As for multi-modal fusion technology in the field of 3D object detection, its advantages are
reflected in the following aspects: Through the spatial calibration model establishment of
camera and four-dimensional mmWave radar, the collaborative spatial calibration map of
multi-source information at geometric and semantic level is constructed. On this basis, this
project proposes joint detection method based on depth and geometric feature. The method
improves the accuracy of object recognition and spatial adaptability in the case of field of
view overlap and complex scene. The method shows strong robustness in low light, fog and
occlusion environment. Experimental results show that the proposed fusion model has a good
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balance of accuracy, latency and real-time performance, and has strong engineering
application value. Technical novelty: Adaptive weighting method for cross channel feature
and spatiotemporal collaborative correction method.

Drawbacks: 1) External parameter drift; 2) Sparseness of point cloud data; 3) Long-term
distribution factors. Research plans: Focus on key issues of dynamic temporal fusion,
uncertain feature weighting, lightweight network structure and self-calibration. These
technologies can improve the generalization ability of the algorithm and enhance the
adaptability to the edge computing environment, so as to provide more stable and accurate 3D
detection solution for autonomous driving and other fields.
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