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 7 
Abstract  8 

Real-time 3D object detection in occluded scenes is a core challenge for pure-vision 9 
autonomous driving perception. Existing dense Bird's Eye View (BEV) detection methods suffer 10 
from redundant backbone parameters, inflexible fixed sampling strategies, and coarse-grained 11 
temporal modeling, making it difficult to simultaneously satisfy detection accuracy and real-time 12 
latency requirements on embedded vehicle platforms. This paper proposes a lightweight BEV 13 
perception optimization framework for occluded scenes. An occlusion-aware adaptive voxel feature 14 
sampling module dynamically switches between fast ray projection and deformable attention paths 15 
according to scene complexity. A temporal grouping fusion module based on Res2Net principles 16 
performs grouped cross-frame fusion of consecutive BEV feature maps without introducing 17 
additional learnable parameters. A two-stage LiDAR-to-camera knowledge distillation scheme with 18 
a geometric compensation module transfers depth geometry knowledge during training while 19 
incurring zero inference overhead. Experiments on the nuScenes dataset demonstrate that the 20 
proposed method achieves 38.7% mAP and 51.3% NDS under the lightweight configuration, with 21 
an inference latency of 38.2 ms and 26.2 FPS on NVIDIA Tesla T4, ranking highest in NDS among 22 
comparable methods. 23 
Keywords: bird's eye view perception; 3D object detection; occluded scenes; lightweight network; 24 
adaptive feature sampling; temporal fusion; knowledge distillation 25 
 26 
1 Introduction 27 

The large-scale advancement of autonomous driving technology has put forward strict real-28 
time and robustness requirements for in vehicle perception systems. In complex urban traffic scenes, 29 
vehicles, pedestrians, non-motorized vehicles and other targets frequently obstruct each other, 30 
resulting in a large amount of information loss in single frame visual signals, which seriously 31 
restricts the accuracy of 3D object detection. The pure visual camera system has low cost, high 32 
information density, and strong commercial implementation value. However, there are inherent 33 
shortcomings in occlusion processing and depth ambiguity issues. How to effectively deal with 34 
occlusion scenes under the constraint of lightweight deployment remains the core challenge in the 35 
field of pure visual 3D perception. The release of the nuScenes dataset provides a systematic 36 
evaluation benchmark for multi camera 3D object detection, promoting the development of a 37 
technology roadmap that uses bird's-eye view (BEV) as a unified representation space (Caesar et 38 
al., 2020). BEV representation projects image features from different perspectives onto a shared 39 
overhead plane and completes detection on that plane, naturally adapting to spatial relationship 40 
modeling of multi camera systems, and has become the mainstream framework for pure visual 3D 41 
perception. Lift, Splat, Shoot (LSS) was the first system to propose a three-stage pipeline that 42 
predicts the probability distribution of depth pixel by pixel, spreads pixel features along the depth 43 
direction to a three-dimensional point cloud, and then aggregates them through BEV pooling, laying 44 
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the core paradigm for subsequent dense BEV methods (Philion and Fidler, 2020). BEVDet 45 
introduces BEV spatial data augmentation and BEV-NMS post-processing based on LSS, and 46 
validates the competitiveness of the dense BEV framework on the nuScenes standard evaluation 47 
(Huang et al., 2021). BEVDepth utilizes LiDAR point clouds to apply pixel by pixel supervision to 48 
the image depth estimation network, compensating for BEV feature projection errors caused by 49 
monocular depth ambiguity, and improving mAP compared to BEVDet on the nuScenes validation 50 
set (Li et al., 2023b). 51 

In terms of temporal modeling, BEVFormer first extends deformable spatial attention to the 52 
temporal dimension, and uses temporal BEV self attention to transfer historical frame features to 53 
the current frame, achieving an NDS of 56.9% on the nuScenes validation set, which significantly 54 
improves the stability of detecting moving and occluded targets (Li et al., 2022). SOLOFusion 55 
designed a dual stream fusion strategy for short-term high-resolution and long-term low resolution 56 
features (Park et al., 2023). BEVNeXt improved the NDS in the nuScenes test set through three 57 
improvements: CRF modulation depth estimation, Res2Fusion timing fusion module, and two-stage 58 
target decoder, demonstrating the advantages of dense BEV framework in depth estimation and 59 
target localization (Z. Li et al., 2024). The lightweight requirement for real-time deployment is 60 
currently the main bottleneck in intensive BEV research. The backbone network parameters of 61 
mainstream dense BEV methods are generally in the hundreds of megabytes range, and online 62 
viewpoint transformation introduces a large amount of redundant calculations, making it difficult to 63 
meet the real-time constraints of the vehicle end in terms of inference delay. Fast BEV simplifies 64 
the viewpoint transformation in the inference stage into a lookup table operation by pre computing 65 
the BEV projection index offline, significantly reducing inference latency (Y. Li et al., 2024). 66 
However, the fixed sampling strategy suffers from accuracy degradation in complex occlusion 67 
scenes. In terms of multimodal knowledge distillation, MMDistill used a LiDAR teacher model to 68 
perform two-stage soft target distillation on pure visual student models in BEV space, achieving a 69 
4.1% improvement in mAP and a 4.6% improvement in NDS on the nuScenes benchmark (Jiao et 70 
al., 2024). There was no additional computational cost in the inference stage, proving the feasibility 71 
of using multimodal information to enhance pure visual models in the training stage. 72 

Based on existing research, there are three core issues in the real-time deployment of dense 73 
BEV detection in occluded scenes: existing temporal fusion methods generally use full frame feature 74 
concatenation, and the computational cost increases linearly with the number of historical frames. 75 
The ability to model fine-grained inter frame dependencies of occluded targets is insufficient; The 76 
fixed sampling strategy cannot dynamically balance computational efficiency and occlusion 77 
detection accuracy in different scene complexities; The coexistence of redundant backbone network 78 
parameters and online viewpoint transformation overhead constrains the real-time deployment of 79 
embedded platforms. 80 

This paper proposes a lightweight BEV perception optimization framework for occluded 81 
scenes to address the above three issues. The main contributions are as follows: 82 

(1) Design an occlusion aware BEV enhancement module that utilizes an adaptive voxel 83 
feature sampling strategy driven by scene complexity to call for efficient ray projection in simple 84 
scenes and activate a deformable attention mechanism in complex occlusion scenes, thereby 85 
improving the 3D detection accuracy of occluded areas. 86 

(2) A temporal grouping fusion module based on the Res2Net principle is constructed to 87 
perform group cross fusion on consecutive frames of BEV features, enhancing the temporal 88 
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modeling ability of moving and occluded targets while maintaining the geometric consistency of 89 
BEV space, without introducing additional learnable parameters. 90 

(3) The introduction of LiDAR teacher model for BEV spatial knowledge distillation, 91 
combined with geometric compensation module to guide lightweight pure visual student model to 92 
obtain more accurate geometric depth representation, relies only on camera input in the inference 93 
stage, and meets the requirements of low-cost real-time deployment. 94 
2 Related work 95 
2.1 Dense 3D Object Detection Based on BEV 96 

Dense BEV methods have evolved along two directions: depth estimation enhancement and 97 
temporal modeling. The LSS framework's single-frame depth prediction relies entirely on image 98 
appearance cues, yielding significant errors in occluded and distant regions, which limits BEV 99 
projection quality. BEVDet introduces BEV-space augmentation and BEV-NMS on top of LSS, 100 
while BEVDepth uses LiDAR point clouds to supervise pixel-wise depth and improves mAP over 101 
BEVDet. FCOS3D establishes monocular 3D detection on a fully convolutional head by predicting 102 
pixel-wise center depth, 3D size, and orientation, demonstrating that visual features inherently carry 103 
3D positional cues (Wang et al., 2021); this idea was later absorbed for supervising depth estimation 104 
networks. To leverage multi-frame information, BEVDet4D introduces inter-frame BEV feature 105 
alignment via self-motion-compensated concatenation, reaching 45.7% NDS on the nuScenes 106 
validation set (Huang and Huang, 2022). However, the concatenation strategy cannot selectively 107 
transmit historical information for occluded regions, motivating subsequent attention-based 108 
extensions such as BEVFormer and SOLOFusion. BEVNeXt further improves NDS through CRF-109 
modulated depth, Res2Fusion temporal fusion, and a two-stage decoder. 110 
2.2 3D Object Detection Based on Sparse Query 111 

Sparse query methods replace explicit BEV feature maps with learnable target queries that 112 
decode 3D attributes directly from 2D image features. DETR3D projects 3D reference points onto 113 
multi-view 2D feature maps and iteratively updates queries via bilinear interpolation, but its single-114 
point sampling limits the receptive field for occluded targets (Wang et al., 2022). PETR introduces 115 
3D position encoding that injects camera-frustum coordinates into image features, enabling 2D 116 
features to be inherently 3D-aware and aggregating multi-view information through global cross-117 
attention (Liu et al., 2022). SparseBEV further introduces adaptive sparse convolution over 118 
foreground voxels, reaching 67.5% NDS on the nuScenes validation set, though its performance in 119 
dense occlusion remains sensitive to foreground voxel recognition and training-data distribution (H. 120 
Liu et al., 2023). 121 
2.3 Temporal Fusion and Occlusion Perception 122 

Temporal fusion accumulates historical BEV features to supply complementary evidence for 123 
occluded targets. BEVFormer selectively transfers historical features via temporal BEV self-124 
attention, while BEVDet4D adopts lightweight concatenation of adjacent frames. Neither 125 
systematically addresses the linear growth of computational cost with frame count or models fine-126 
grained inter-frame dependencies for occluded objects. Res2Net introduces a multi-granularity 127 
hierarchical structure within a single residual block by splitting feature maps into groups and 128 
cascading residual enhancement (Gao et al., 2021), enabling multi-scale context perception in a 129 
single forward pass and providing an architectural reference for multi-branch temporal fusion. 130 
MambaBEV points out that convolutional and deformable-attention-based temporal fusion incur 131 
high cost, and proposes a Mamba2-based detector that reaches 51.7% NDS on nuScenes (You et al., 132 
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2026), offering an alternative efficiency-oriented path. 133 
2.4 Lightweight BEV Perception 134 

Lightweight BEV research focuses on backbone compression and feature sampling 135 
optimization. EdgeNeXt replaces standard self-attention with a split depthwise transposed attention 136 
module, combining convolutional locality with Transformer global modeling at extremely low 137 
parameter cost, making it a viable lightweight backbone for BEV tasks (Maaz et al., 2023). 138 
DeployFusion integrates deformable convolution with EdgeNeXt within the BEVFusion framework 139 
and adopts a parameter self-adjusting residual fusion architecture (Z. Liu et al., 2023), substantially 140 
reducing FLOPs and parameters in multimodal BEV detection (Huang et al., 2024). For sampling, 141 
LightOcc proposes global spatial sampling and Spatial-to-Channel dimension transformation 142 
(Zhang et al., 2026), supplementing height information into BEV via channel encoding at far lower 143 
cost than voxel-based methods, while outperforming similar lightweight methods on Occ3D-144 
nuScenes. 145 
2.5 Multimodal Knowledge Distillation 146 

Multimodal knowledge distillation enhances pure-vision perception at zero inference cost by 147 
using a LiDAR teacher to guide a camera student during training. Early cross-modal distillation 148 
aligned features in 2D space or at the detection head, but the spatial-resolution and semantic-149 
granularity gap between point clouds and image features introduced significant domain shift (Zhou 150 
et al., 2023). BEV-space alignment is a natural solution since LiDAR and camera BEV features 151 
share the same coordinate system. MMDistill proposes a two-stage BEV distillation framework: 152 
global soft-target distillation aligns the overall BEV representation, followed by a geometric 153 
compensation module — comprising a dense feature extractor, context-aware submodule, and depth 154 
predictor — that targets geometrically sensitive regions where the teacher-student gap is largest, 155 
particularly compensating for depth-geometry weaknesses of the camera model. 156 

 157 
3 Methods 158 
3.1 Overall Framework 159 

The lightweight BEV perception optimization framework proposed in this article takes multi 160 
camera panoramic images as input, with the dual goal of reducing 3D target missed detection rate 161 
and inference delay in occluded scenes. It integrates lightweight feature extraction, occlusion 162 
perception adaptive sampling, temporal grouping fusion, and multimodal knowledge distillation 163 
into a unified end-to-end architecture. The overall process of the framework is shown in Figure 1. 164 
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 165 
Figure 1 Overall framework of 3D object detection 166 

The panoramic image is first subjected to a lightweight backbone network to extract multi-167 
scale 2D features, which are then aggregated by a feature pyramid network and sent to two parallel 168 
branches (Lin et al., 2017). The occlusion aware BEV enhancement module is responsible for using 169 
an adaptive sampling strategy to elevate multi perspective perspective features to the BEV plane 170 
and generate the current frame BEV feature map. The scene complexity evaluation submodule 171 
synchronously calculates the scene complexity score of the current frame as the dynamic switching 172 
signal for the adaptive sampling strategy. The current frame BEV features and the historical frame 173 
BEV features are jointly sent to the temporal grouping fusion module to complete fine-grained inter 174 
frame dependency capture and output temporal fusion BEV features. Finally, the 3D detection head 175 
decodes and outputs the target category, position, size, and velocity. During the training phase, the 176 
LiDAR teacher model synchronously processes point cloud data, applies soft target distillation 177 
supervision to the camera student model in BEV space, and focuses on compensating for the camera 178 
model's shortcomings in depth geometric expression through geometric compensation modules. 179 
During the inference phase, only the camera branch is retained, and LiDAR sensors and teacher 180 
models are not deployed. The overall inference link is lightweight and embeddable. 181 
3.2 Lightweight Feature Extraction Module 182 
3.2.1 Lightweight Backbone Network 183 

The mainstream dense BEV methods often use ResNet or VoVNet as the backbone, with the 184 
former having parameter sizes ranging from 25M to 100M (He et al., 2016). The feature extraction 185 
stage during online inference accounts for 40% to 60% of the total delay, making it difficult to adapt 186 
to the computational constraints of embedded platforms. This article uses EdgeNeXt as the basic 187 
backbone, with the Split Deep Transposed Attention (SDTA) module as the core. The feature 188 
channels are grouped and processed separately using deep convolution and transposed self-attention, 189 
achieving a balance between local receptive fields and global modeling. The overall parameter count 190 
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is about one-third of ResNet-50, and the inference floating-point operation is significantly reduced. 191 
To enhance the feature perception ability of lightweight backbone for irregularly shaped targets 192 

in occluded scenes, a deformable convolutional layer is added after the SDTA module. Standard 193 
convolution features on a fixed rectangular grid and has limited ability to fit geometric deformations 194 
of occluded boundaries and irregular target contours. Deformable convolution learns the two-195 
dimensional offset of each sampling point, enabling the convolution kernel to adaptively cover the 196 
actual shape area of the target, and has significant advantages in extracting local features of occluded 197 
targets. The multi-scale features output by the backbone are aggregated by a feature pyramid 198 
network to generate a multi-resolution feature map group for subsequent BEV projection. 199 
3.2.2 Lightweight Space Embedding 200 

During the construction process of BEV features, the three-dimensional space is compressed 201 
to the top-down plane, resulting in a significant loss of spatial information in the height dimension, 202 
which has a negative impact on the height judgment of occluded area targets. To supplement the 203 
height spatial information of BEV features at a lower computational cost, this paper introduces a 204 
lightweight spatial embedding mechanism, as shown in Figure 2. 205 

 206 
Figure 2 Comparison of Spatial Embedding Mechanisms in Lightweight BEV Perception 207 

Framework 208 
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The global spatial sampling stage starts from the multi view depth distribution, and globally 209 
weights and aggregates the depth probability distribution of each frame image in the spatial 210 
dimension to generate a single channel occupancy representation. This operation is implemented 211 
through vectorization matrix operation, and the computational cost is much lower than that of 212 
standard 3D convolution. The Spatial to Channel dimension transformation stage rearranges the 213 
spatial height dimension to the channel dimension, encodes the spatial distribution in the height 214 
direction into the channel representation of the BEV feature map, and enables subsequent 2D 215 
convolution operations to implicitly perceive height information in the channel dimension. Both 216 
stages of operation are achieved through lightweight convolution, with an overall parameter increase 217 
of no more than 5% of the backbone network, but the improvement in the accuracy of estimating 218 
the height coordinates of occluded targets is significant. 219 
3.3 Occlusion-Aware BEV Enhancement Module 220 
3.3.1 Scene complexity assessment 221 

There is a fundamental difference in the requirements for sampling accuracy between occluded 222 
scenes and open scenes. In open scenes, targets are sparse and occlusion is minimal, and fast ray 223 
projection is sufficient to obtain accurate BEV features; In densely occluded scenes, there is visual 224 
boundary aliasing between occluded targets, and fixed sampling can easily misclassify occluded 225 
object features into the BEV representation of the occluded target. Therefore, a deformable attention 226 
mechanism is needed to provide fine-grained spatial perception capabilities (Zhu et al., 2021). 227 
The scene complexity scoring module takes the multi view BEV feature map of the current frame 228 
as input, and the calculation steps are as follows. Firstly, perform a Clamp operation on the BEV 229 
feature map to limit the feature values to a reasonable range and eliminate the interference of depth 230 
estimation outliers; Subsequently, ReLU activation and maximum normalization were used to unify 231 
the feature amplitudes to the range of 0 to 1, resulting in a normalized feature map Fnorm. The 232 
global intensity means 𝜇  and local texture complexity standard deviation σ are calculated as 233 
follows: 234 

 𝜇 = !
"#

∑ 𝐹$%&'(,* (𝑖, 𝑗) (1) 235 

 𝜎 = + !
"#

∑ (𝐹$%&'(𝑖, 𝑗) − 𝜇)(,*
+ (2) 236 

The comprehensive complexity score s is obtained by weighted fusion: 237 

 𝑠 = 𝛼 ⋅ 𝜇 + (1 − 𝛼) ⋅ 𝜎 (3) 238 

among them, 𝛼 is a hyperparameter that controls the weight ratio between global intensity and 239 
local texture complexity. Compare s with the preset threshold τ, and when s<τ, determine it as a 240 
simple scene and activate the fast ray projection path; When s ≥ τ, it is judged as occluding complex 241 
scenes and the deformable attention path is activated. 242 
3.3.2 Adaptive voxel feature sampling 243 

The fast ray projection path is based on pre computed voxel and pixel mapping indices, and 244 
only performs table lookup and bilinear interpolation operations during the inference phase. For the 245 
voxel with coordinates (𝑢, 𝑣) on the BEV plane, the corresponding k-th camera image coordinate 246 
(𝑥!, 𝑦!) is calculated from the camera projection matrix 𝑃!: 247 

 [𝑥, , 𝑦, , 𝑑,]- = 𝑃, ⋅ [𝑢, 𝑣, 𝑧. , 1]- (4) 248 

where zc is the preset sampling height, and (𝑥!,𝑦!) is the coordinate position sampled from the 249 
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image feature map. All 𝑃! and sampling coordinates of fast ray projection are calculated and stored 250 
offline before model deployment, without the need for repeated matrix operations during inference. 251 

The deformable attention path predicts K offset sampling points for each voxel on the image 252 
feature map, with each sampling point having a corresponding attention weight. The BEV voxel 253 
feature fbev (𝑢, 𝑣) is obtained by weighted summation: 254 

 𝑓/01(𝑢, 𝑣) = ∑ ∑ 𝑤,*2
*3!

4!"#
,3! ⋅ 𝐅𝐤(𝑥, + Δ𝑥,* , 𝑦, + Δ𝑦,*) (5) 255 

among them, 𝑤!" is the attention weight of the jth sampling point of the kth camera, Δ𝑥!"and 256 
Δ𝑦!"  are the predicted sampling offsets, and 𝐅𝐤 is the 2D feature map of the kth camera. The 257 
deformable attention path actively avoids the interference of occluded features near the occluded 258 
boundary through offset sampling, resulting in more accurate BEV feature extraction for occluded 259 
targets. However, this comes at the cost of introducing additional offset prediction networks and 260 
multi-point sampling computational overhead. Therefore, it is only activated when the scene 261 
complexity exceeds the threshold. 262 
3.4 Time series grouping fusion module 263 
3.4.1 Motivation for module design 264 

In densely occluded scenes, it is difficult to obtain complete 3D information of occluded targets 265 
in a single frame. Relying on historical frame BEV features to supplement the occluded areas from 266 
different temporal perspectives is an effective means to improve detection robustness. Directly 267 
concatenating historical frame features through channels will disrupt the two-dimensional geometric 268 
structure of BEV space, and the fusion information density increases linearly with the number of 269 
concatenated frames, resulting in lower parameter efficiency. Simple channel by channel averaging 270 
will smooth out important motion difference information between different frames, which is not 271 
conducive to speed estimation of fast-moving targets. The temporal grouping fusion module is based 272 
on the Res2Net multi branch hierarchical feature fusion idea, which captures fine-grained temporal 273 
dependencies between consecutive frames with a fixed computational cost while maintaining the 274 
geometric structure of the BEV feature space. 275 
3.4.2 Module Structure 276 

The temporal grouping fusion module processes the BEV features 𝐵$%&, 𝐵$%',𝐵$%(, and 𝐵$ 277 
of four consecutive frames, where 𝐵$  ∈ RC × H × W represents the BEV features of the 278 
current frame, and C, H, and W are the number of channels, height, and width, respectively. 279 
Divide the four frame features into two groups based on their adjacent frame relationships: 280 

 𝐺! = [𝐵67+, 𝐵678], 𝐺+ = [𝐵6 , 𝐵67!] (6)	281 

Two sets of features are concatenated in the channel dimension and then reduced in 282 
dimensionality through a shared 1x1 convolution 𝐾(×(: 283 

 𝐵!9 = 𝐾!×!(𝐺!), 𝐵+9 = 𝐾!×!(𝐺+) (7)	284 

Apply 3×3 convolution 𝐾&×& to B2 'to enhance the local spatial receptive field, resulting in 𝐵'∗: 285 

 𝐵+∗ = 𝐾8×8(𝐵+9 ) (8) 286 

After residual addition of 𝐵(+  and 𝐵'∗ , 𝐵(∗  is obtained by 3×3 convolution. The residual 287 
connection passes the cross frame timing signal between groups, allowing the features of earlier 288 
frames to directly affect the feature representation of newer frames as follows: 289 

 𝐵!∗ = 𝐾8×8(𝐵!9 + 𝐵+∗) (9)	290 
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The final temporal fusion BEV feature B is obtained by concatenating two sets of outputs in 291 
the channel dimension and convolving them 1×1: 292 

 𝐵C = 𝐾!×!([𝐵!∗, 𝐵+∗]) (10)	293 

The entire module only introduces parameters for two 𝐾(×(  convolutions and two 𝐾&×& 294 
convolutions, with three 𝐾(×(  weights shared between the two groups and minimal additional 295 
parameters. Residual connections ensure the geometric consistency of the BEV feature space, 296 
allowing subsequent detection heads to maintain consistent behavior on fused features with single 297 
frame features, resulting in stable training convergence. 298 
3.5 Multimodal Knowledge Distillation 299 
3.5.1 Overall Distillation Framework 300 

The multimodal knowledge distillation framework during the training phase is shown in Figure 301 
3, consisting of a LiDAR teacher model and a camera student model. 302 

 303 
Figure 3 Multimodal BEV Distillation Framework 304 

The LiDAR teacher model takes point cloud data as input, extracts 3D features through 305 
voxelization encoding and sparse convolution backbone, and generates high-precision LiDAR BEV 306 
feature maps FT ∈ RC × H × W through BEV pooling. The camera student model takes panoramic 307 
images as input and generates camera BEV feature maps FS ∈ RC × H × W through the lightweight 308 
backbone and BEV enhancement module described in section 3.2 of this article. The two share the 309 
same coordinate system in BEV space, without additional spatial alignment operations, and feature 310 
distillation can be directly performed at corresponding spatial positions. 311 
3.5.2 Global BEV Feature Distillation 312 

The first stage applies soft target distillation loss globally to the BEV feature map. Using the 313 
mean square error form of feature distillation loss ℒ loss to measure the differences in BEV features 314 
between teachers and students at each spatial position: 315 

 ℒ<=>6 =
!

?"#
‖𝐹@ − 𝑠𝑔(𝐹-)‖++ (11) 316 

Among them, 𝑠𝑔(. ) represents stopping the gradient operation, the gradient of distillation 317 
loss is only transmitted back to the student model, and the parameters of the teacher model remain 318 
fixed during the training process. The global distillation loss guides the alignment of student BEV 319 
features towards the teacher in the overall distribution, imposing constraints on both sparse 320 
foreground and background regions of the target, laying the foundation for the overall quality of 321 
student model BEV representation. 322 
3.5.3 Geometric compensation module 323 

Simple global feature distillation cannot effectively compensate for the disadvantage of camera 324 
models in geometric depth representation. LiDAR features have precise measurement information 325 
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in the depth dimension, while the depth dimension information of camera BEV features comes from 326 
probabilistic depth estimation. The errors are particularly concentrated in occluded and long-327 
distance areas, which is where the gap between teacher and student models is greatest. The 328 
geometric compensation module consists of three sub modules, focusing on the precise knowledge 329 
transfer of geometrically sensitive areas. 330 

The dense feature extractor takes the student BEV feature FS as input, extracts local geometric 331 
structure features through multi-layer convolution, and outputs a geometric perceptual feature map 332 
FG. The context aware submodule is based on FG and weights the feature importance of different 333 
depth regions through channel attention mechanism. It automatically assigns higher attention 334 
weights to occluded dense and distant regions, and outputs context enhanced features FC. The depth 335 
predictor takes FC as input and predicts the geometric depth residual Δ𝑑 of each BEV grid point. 336 
The error between the predicted depth 𝑑,+Δ𝑑 and the teacher depth 𝑑-  is taken as the depth 337 
consistency loss ℒ./012: 338 

 ℒA0BCD =
!
"#

∑ |𝑑@(𝑖, 𝑗) + Δ𝑑(𝑖, 𝑗) − sg(𝑑-(𝑖, 𝑗))|(,*  (12)	339 

The use of L1 form depth loss has stronger robustness against depth outliers, avoiding 340 
excessive amplification of gradients caused by mean square error loss in occluded areas with large 341 
depth errors. 342 
3.6 Loss Function 343 

The total loss function ℒ13145 during the training phase consists of three parts: detection loss, 344 
BEV feature distillation loss, and geometric depth consistency loss: 345 

 ℒCECFG = ℒA0C + 𝜆!ℒH0FC + 𝜆+ℒA0BCD (12)	346 

The detection loss CLS includes two parts: target classification loss and 3D bounding box 347 
regression loss. Classification loss adopts Focal Loss to alleviate the problem of imbalanced 348 
foreground and background categories (Lin et al., 2020): 349 

 ℒIGJ = − !
4$%&

∑ (( 1 − 𝑝()K log 𝑝( (13)	350 

Where 𝑝6 is the predicted category probability of the i-th target, 𝛾 is the focus parameter, 351 
and Npos is the number of positive samples. The bounding box regression loss uses L1 loss to 352 
constrain 8 attributes of the target center point coordinates (x, y, z), three-dimensional dimensions 353 
(l, w, h), orientation angle θ, and velocity (vx, vy): 354 

 ℒL0M =
!

4$%&
∑ N𝑏P( − 𝑏(∗N!(  (14)	355 

Among them, bi is the predicted bounding box attribute vector, and 𝑏6∗ is the corresponding 356 
truth attribute vector. The total detection loss is: 357 

 ℒA0C = ℒIGJ + 𝛽ℒL0M (15)	358 

λ 1, λ 2, and β are the equilibrium hyperparameters of each loss term. The optimal values are 359 
determined through ablation experiments on the validation set, and are set to 0.25, 0.5, and 2.0, 360 
respectively, in this experiment. In the inference stage, only the forward inference path 361 
corresponding to ℒ./1 is calculated, and the distillation related module and the teacher model are 362 
removed from the calculation graph without any additional inference overhead. 363 
4 Experiments and Analysis 364 
4.1 Dataset and Evaluation Indicators 365 
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NuScenes is one of the largest and most fully annotated public benchmark datasets in the field 366 
of autonomous driving 3D object detection, containing 1000 driving scenes covering various 367 
weather and lighting conditions in the cities of Boston and Singapore. The dataset is equipped with 368 
6 surround view cameras to provide a 360 degree panoramic view, capturing keyframes at a 369 
frequency of 2 Hz. The training, validation, and testing sets contain 700, 150, and 150 scenes, 370 
respectively. The annotated targets cover 10 categories including vehicles, pedestrians, motorcycles, 371 
etc. Each target is equipped with a 3D bounding box, velocity vector, and attribute label. 372 

The evaluation indicators adopt the official average accuracy (mAP) and nuScenes detection 373 
score (NDS) of nuScenes. MAP averages the accuracy of 10 types of targets at four BEV distance 374 
thresholds (0.5, 1, 2, 4 m). The comprehensive mAP and five attribute errors of NDS, including 375 
mean translation error (mATE), mean scale error (mASE), mean orientation error (mAOE), mean 376 
velocity error (mAVE), and mean attribute error (mAAE), are calculated as follows: 377 

 𝑁𝐷𝑆 = !
!N
U5𝑚𝐴𝑃 +∑ (1 −𝑚𝑖𝑛( 1,𝑚𝑘)),∈{-Q,@Q,RQ,SQ,TQ} [ (15)	378 

The requirements for 3D attribute estimation of targets in NDS are more comprehensive, and 379 
the difference in depth estimation accuracy in occluded scenes is particularly significant in NDS. 380 
This article takes NDS as the main comparative indicator of comprehensive performance. 381 
4.2 Implementation Details 382 

The visual feature extraction backbone adopts EdgeNeXt Small, which is pre trained and 383 
initialized on ImageNet-1K with a pre training resolution of 224 × 224 (Deng et al., 2009). After 384 
inserting the deformable convolutional layer into the third and fourth stage outputs of EdgeNeXt, it 385 
is implemented with a 3x3 kernel size and a single offset prediction head. The feature pyramid 386 
network aggregates the output features of the four stages of the backbone to generate a three-level 387 
multi-scale feature map from P3 to P5, with a unified channel count of 256 at each level. The ResNet 388 
backbone in the comparative experiment was also pre trained on ImageNet-1K to ensure consistent 389 
comparison conditions. 390 

The optimizer uses AdamW with a weight decay coefficient of 0.01 and a basic learning rate 391 
of 2 × 10-4 (Loshchilov and Hutter, 2019). The cosine annealing strategy reduces the learning rate 392 
to 1 × 10-2 of the initial value within 24 epochs. Batch size 8, trained in data parallel on 4 NVIDIA 393 
A100 GPUs. The input image resolution is 256 × 704. During the training phase, random horizontal 394 
flipping, random cropping, and GridMask occlusion data enhancement are applied (Chen et al., 395 
2020). Random horizontal flipping is synchronously applied in BEV space, and the enhancement 396 
parameters maintain geometric consistency between the image and BEV space. 397 

The BEV perception range is set to 51.2 m for the front and back, 51.2 m for the left and right, 398 
with a grid resolution of 0.4 m/grid. The final BEV feature map size is 256 × 256. The height 399 
sampling range is -5 m to 3 m, evenly divided into 4 levels. Time series fusion uses four consecutive 400 
frames of historical BEV features, with a frame interval of 0.5 seconds. The historical frames are 401 
aligned with the self motion matrix and sent to the time series grouping fusion module. The detection 402 
head is based on the CenterPoint heatmap prediction paradigm (Yin et al., 2021). The LiDAR 403 
teacher model uses PointPillars as the backbone and independently trains on the training set point 404 
cloud data until convergence and freezes parameters (Lang et al., 2019). The distillation weights λ 405 
1 and λ 2 are set to 0.25 and 0.5, respectively, and the scene complexity decision threshold τ \ tau τ 406 
is determined to be 0.45 at the Pareto optimal point in the validation set. 407 
4.3 Quantitative comparison with mainstream methods 408 
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Table 1 shows the performance comparison between our method and the current mainstream 409 
pure visual 3D object detection methods on the nuScenes validation set. All methods were compared 410 
under the same input resolution and evaluation protocol. 411 

Table 1 Performance Comparison of nuScenes Validation Set 412 

Method Backbone mAP(%) NDS(%) mATE mASE mAOE mAVE mAAE 
BEVDet R50 29.8 38.8 0.725 0.279 0.589 0.860 0.245 

BEVDepth R50 35.1 47.5 0.639 0.267 0.479 0.428 0.198 

BEVDet4D R50 32.3 45.8 0.703 0.274 0.531 0.374 0.202 

BEVStereo 
(Li et al., 
2023a) 

R50 37.5 50 0.598 0.27 0.438 0.367 0.190 

Fast-BEV R50 35.4 48.7 0.637 0.269 0.468 0.395 0.200 

SOLOFusion R50 42.7 54 0.567 0.274 0.411 0.252 0.188 

Proposed 
Method 

EdgeNeX
t-S 

38.7 51.3 0.601 0.268 0.441 0.318 0.193 

BEVFormer R101 41.6 51.7 0.673 0.274 0.372 0.394 0.198 

BEVDet4D R101 39.2 47.4 0.686 0.271 0.508 0.352 0.197 

SOLOFusion R101 47.6 58.1 0.532 0.267 0.381 0.246 0.183 

BEVNeXt R101 52 61.7 0.511 0.258 0.341 0.218 0.179 
Proposed 
Method 

R101 45.2 57.9 0.548 0.263 0.378 0.261 0.186 

Under the ResNet-50 backbone configuration, our method (EdgeNeXt-S) achieved 38.7% 413 
mAP and 51.3% NDS, surpassing Fast BEV (35.4% mAP, 48.7% NDS) and BEVDepth (35.1% 414 
mAP, 47.5% NDS) with the same backbone configuration, and improving NDS by 2.6 percentage 415 
points compared to Fast BEV. Compared with SOLOFusion (42.7% mAP, 54.0% NDS), the 416 
lightweight configuration in this paper has a 4.0 percentage point difference in mAP, but the 417 
inference delay is reduced by about 52%, which has a significant advantage in deployment 418 
efficiency. In terms of mATE indicators, our method (0.601 m) outperforms Fast BEV (0.637 m) 419 
and BEVDet4D (0.703 m). The improvement in target 3D localization accuracy comes from the 420 
improvement of depth geometry expression through knowledge distillation and the fine modeling 421 
of occluded area features through deformable attention sampling. The mAVE index (0.318 m/s) 422 
shows significant improvement compared to BEVDepth (0.428 m/s) and BEVDet (0.860 m/s), and 423 
the contribution of the temporal grouping fusion module to the accuracy of motion velocity 424 
estimation is directly reflected in this index. 425 

Under the ResNet-101 backbone configuration, our method achieved 45.2% mAP and 57.9% 426 
NDS, which were 3.6 and 6.2 percentage points higher than BEVFormer R101 (41.6% mAP, 51.7% 427 
NDS), respectively. The performance was similar to SOLOFusion R101 (47.6% mAP, 58.1% NDS), 428 
with a reduction of approximately 29% in parameter count. Compared with BEVNeXt R101, the 429 
difference in NDS is about 3.8 percentage points. BEVNeXt exchanges more complex CRF depth 430 
constraints with a two-stage decoder for performance gains, and the inference delay is about 3.2 431 
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times that of our method. 432 
Table 2 provides the detailed AP of each method for frequently occluded target categories, in 433 

order to more directly measure occlusion perception ability. 434 
Table 2 Classification of Frequent Occluded Categories by AP 435 

Method Pedestrian Rider Motorcycle Bicycle 

BEVDet 22.1 18.4 25.3 15.2 

BEVDepth 27.6 23.5 31.2 20.8 

Fast-BEV 26.3 21.8 30.7 19.4 

SOLOFusion 33.1 28.9 38.4 26.7 

Ours 30.6 26.9 35.1 24 
The walking human AP (30.6%) increased by 4.3 percentage points compared to Fast BEV 436 

(26.3%), and the rider AP (26.9%) increased by 5.1 percentage points compared to Fast BEV 437 
(21.8%). The contribution of the occlusion perception BEV enhancement module and temporal 438 
grouping fusion in the dense occlusion category of small targets is the most direct. The improvement 439 
in AP for motorcycles and bicycles (4.4% and 4.6% respectively) is also significant, and this type 440 
of target has a high occlusion ratio in intersection scenes, which is highly consistent with the 441 
optimization scenario of our method. 442 
4.4 Ablation Experiment 443 

To verify the independent contribution of each proposed module, we conduct a cumulative 444 
ablation study under the ResNet-50 backbone, taking BEVDet as the baseline (configuration (a)). 445 
The five modules are added one at a time, producing configurations (b) through (f), where (f) 446 
corresponds to the complete method. All experiments are performed on the nuScenes validation set 447 
under identical training settings. The results are reported in Table 3. 448 

Table 3 ablation experiments for each module * 449 

# LB SE AS TGF KD mAP(%) NDS(%) mATE mAVE 
Params 

(M) 
Latency 

(ms) 

(a)      29.8 38.8 0.725 0.860 33.1 48.3 

(b) ✓     30.6 40.2 0.718 0.842 19.4 35.1 

(c) ✓ ✓    32.4 42.6 0.679 0.821 20.3 36.8 

(d) ✓ ✓ ✓   35.8 46.9 0.638 0.794 23.1 40.2 

(e) ✓ ✓ ✓ ✓  37.2 49.7 0.627 0.351 24.6 43.5 

(f) ✓ ✓ ✓ ✓ ✓ 38.7 51.3 0.601 0.318 26.4 38.2 

* LB = Lightweight Backbone, SE = Spatial Embedding, AS = Adaptive Sampling, TGF = Temporal 450 
Grouping Fusion, KD = Knowledge Distillation. Configuration (a) is the BEVDet baseline; (f) is 451 
the complete method. The best value in each column is shown in bold 452 

 453 
Effect of the lightweight backbone. Replacing the ResNet-50 backbone of BEVDet with 454 

EdgeNeXt-S augmented by deformable convolution raises mAP from 29.8% to 30.6% and NDS 455 
from 38.8% to 40.2%, while reducing the parameter count from 33.1 M to 19.4 M and the inference 456 
latency from 48.3 ms to 35.1 ms. Detection accuracy is preserved and even slightly improved despite 457 
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the substantial parameter reduction, confirming that the lightweight backbone replacement 458 
contributes most directly to inference efficiency. 459 

Effect of lightweight spatial embedding. Adding the spatial embedding module increases mAP 460 
to 32.4% and NDS to 42.6%, and reduces mATE from 0.718 m to 0.679 m. The channel-wise 461 
encoding of height information substantially improves 3D coordinate estimation at a marginal cost 462 
of 0.9 M additional parameters and 1.7 ms latency, indicating a favorable accuracy–cost trade-off. 463 

Effect of adaptive voxel feature sampling. Configuration (d) achieves 35.8% mAP and 46.9% 464 
NDS — the largest single improvement among all modules. The pedestrian AP rises by 3.8 465 
percentage points at this stage, demonstrating that deformable attention sampling effectively refines 466 
BEV feature extraction for occluded targets. To further analyze the value of the adaptive switching 467 
mechanism, we evaluate a variant in which the deformable attention path is always activated. This 468 
variant attains 47.6% NDS, only 0.7 percentage points higher than the adaptive scheme, but its 469 
latency rises to 58.4 ms — an increase of 18.2 ms. This confirms that scene-complexity-driven 470 
switching preserves accuracy in occluded scenes while significantly safeguarding inference 471 
efficiency. 472 

Effect of temporal grouping fusion. Adding temporal grouping fusion raises mAP and NDS to 473 
37.2% and 49.7%, respectively, and produces a pronounced drop in mAVE from 0.794 m/s to 0.351 474 
m/s. The improvement is most concentrated in motion velocity estimation, validating the module's 475 
ability to capture fine-grained inter-frame dependencies for moving and occluded targets. As a 476 
comparison, replacing grouping fusion with direct channel concatenation yields 49.1% NDS (0.6 477 
percentage points lower) while introducing approximately 12 M additional parameters, 478 
demonstrating the parameter efficiency of the grouping design. 479 

Effect of multimodal knowledge distillation. Introducing multimodal knowledge distillation 480 
yields the final configuration (f), which reaches 38.7% mAP and 51.3% NDS, with mATE further 481 
reduced from 0.627 m to 0.601 m. The improvement in depth-geometry accuracy is directly 482 
reflected in the translation error. Although knowledge distillation adds a teacher model during 483 
training, these parameters are excluded from inference, and the inference latency in fact decreases 484 
from 43.5 ms to 38.2 ms. This is because teacher supervision improves the convergence quality of 485 
the student's depth estimation network, allowing stable depth prediction in fewer iteration steps and 486 
indirectly improving the execution efficiency of the sampling module. When only global BEV 487 
feature distillation is applied without the geometric compensation module, NDS drops to 50.5% — 488 
a 0.8 percentage point gap from the complete distillation scheme — confirming the independent 489 
contribution of the geometric compensation module to fine-grained distillation in depth-sensitive 490 
regions. 491 
4.5 Analysis of Reasoning Efficiency 492 

Table 4 compares the parameter count, floating-point operation complexity, and inference 493 
delay between the proposed method and the main comparison methods. The testing platform is a 494 
single NVIDIA Tesla T4, with a batch size of 1, an input resolution of 256 × 704, and a delay of 495 
100 inference mean. 496 

Table 4 Comparison of Reasoning Efficiency 497 

Method Backbone 
Parameters 

(M) 
GFLOPs Latency(ms) FPS 

mAP
(%) 

NDS
(%) 

BEVDet R50 33.1 215.3 48.3 20.7 29.8 38.8 

BEVDepth R50 33.2 388.6 112.4 8.9 35.1 47.5 
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BEVFormer R101 53.3 525.8 262.1 3.8 41.6 51.7 
SOLOFusio

n 
R50 33.1 295.7 93.8 10.7 42.7 54 

Fast-BEV R50 33.1 167.9 26.8 37.3 35.4 48.7 

Ours 
EdgeNeXt

-S 
26.4 141.6 38.2 26.2 38.7 51.3 

Ours R101 51.2 298.1 67.4 14.8 45.2 57.9 

The total parameter count of this method is 26.4M, with a inference floating-point operation 498 
of 141.6 GFLOPs. The single frame inference delay on Nvidia Telsa T4 GPU is 38.2 ms, 499 
corresponding to a frame rate of approximately 26.2 FPS, which meets the real-time constraints of 500 
most in vehicle perception systems. Compared with Fast BEV, the method proposed in this paper 501 
has a delay of 11.4 ms, but the mAP and NDS are improved by 3.3 and 2.6 percentage points, 502 
respectively. The accuracy gain comes from the introduction of the adaptive sampling and timing 503 
fusion module. Compared with SOLOFusion, the delay of our method is reduced by 55.6 ms, with 504 
a difference of 4.0 percentage points in mAP. Our method is at a better equilibrium point on the 505 
precision delay Pareto curve. BEVFormer has a latency of up to 262.1 ms and a frame rate of only 506 
3.8 FPS, making it unsuitable for real-time deployment in vehicles. When tested separately for 507 
complex scenes with high occlusion ratios, the activation ratio of deformable attention paths is about 508 
60%, and the delay increases to 46.3 ms. In simple scenes such as open roads, switching to fast ray 509 
projection paths reduces the delay to 34.1 ms, which is close to Fast BEV. The scene adaptation 510 
mechanism maintains the average delay of our method at 38.2 ms in different complexity scenarios, 511 
avoiding the worst-case delay problem caused by fixed high-precision paths. 512 
4.6 Qualitative analysis 513 

Figure 4 shows the comparison of 3D detection visualization between the proposed method 514 
and the baseline model in the nuScenes dataset under various complex scene conditions. Figure 5 515 
shows the voxel information maps of the adaptive sampling strategy with different sampling paths 516 
in simple and complex scenes. 517 
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 518 
Figure 4 Comparison of 3D detection visualization between the proposed method and baseline 519 

model in typical scenes of the nuScenes dataset 520 

 521 

Figure 5 Comparison of voxel information maps between simple sampling strategy and 522 
complex sampling strategy in simple and complex scenes 523 

In Figure 4, the baseline model has obvious missed detection of distant vehicles and occluded 524 
targets in rainy and dark scenes, and the 3D bounding box is incomplete; Under the combined effect 525 
of historical frame feature supplementation through temporal grouping fusion and refined BEV 526 
modeling through adaptive sampling, this method achieves more complete target coverage, more 527 
accurate 3D bounding box localization, and significantly reduced missed detection rate in the 528 
aforementioned scenarios. In cloudy scenes, the results of the two methods are similar, while in low 529 
visibility obstructed scenes such as cloudy, rainy, and dark nights, the advantages of our method 530 
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become increasingly apparent as the difficulty of the scene increases. The voxel information 531 
diagram in Figure 5 intuitively reflects the rationality of the design of the adaptive sampling strategy. 532 
In simple scenes, the density and intensity distribution of voxels obtained by simple sampling 533 
strategy and complex sampling strategy are almost identical, indicating that fast ray projection can 534 
obtain complete voxel information in simple scenes without the need to use more computationally 535 
expensive complex sampling paths. In complex scenes, the voxel sampling points of the simple 536 
sampling strategy are sparse and have relatively low intensity values, resulting in significantly 537 
insufficient information; The voxel sampling points of complex sampling strategies are dense and 538 
have rich intensity distributions, and the amount of scene information obtained far exceeds that of 539 
simple sampling. The adaptive switching strategy dynamically schedules between two paths based 540 
on the complexity score of the scene, saving approximately 18 ms of inference time in simple scenes 541 
and ensuring voxel information integrity in complex occlusion scenes, achieving an effective 542 
balance between accuracy and efficiency. 543 
5 Discussion 544 

The proposed lightweight BEV perception framework achieves an effective balance between 545 
accuracy and real-time performance for pure-vision 3D detection in occluded scenes. Under the 546 
lightweight configuration, it attains 38.7% mAP and 51.3% NDS on the nuScenes validation set, 547 
with 38.2 ms latency and 26.2 FPS on the T4 platform, ranking highest in NDS among comparable 548 
methods while meeting real-time vehicle deployment constraints. 549 

The combination of the EdgeNeXt backbone and deformable convolution compresses 550 
backbone parameters to roughly one-third of ResNet-50 while compensating for the restricted 551 
receptive field of a lightweight backbone, enabling adaptive coverage of occluded boundaries and 552 
irregular contours. The lightweight spatial embedding mechanism improves mATE by 0.04 m with 553 
parameter overhead under 5% of the backbone, indicating that height-dimension loss during BEV 554 
projection is an underexploited source of localization error that can be recovered via channel 555 
encoding rather than expensive voxel representations. For occlusion-aware sampling, the ablation 556 
confirms that adaptive switching reduces inference latency by 18.2 ms compared to the fixed high-557 
accuracy path with only a 0.7 percentage point NDS drop. The deformable attention path is activated 558 
about 60% of the time in highly occluded scenes (latency 46.3 ms) and falls back to fast ray 559 
projection in open scenes (34.1 ms, close to Fast-BEV). Pedestrian and rider AP improve by 4.3% 560 
and 5.1% respectively over Fast-BEV, with the largest gains concentrated in small-target dense 561 
occlusion categories. This validates the core design premise: the computational overhead of 562 
deformable attention is justified only in genuinely complex scenes, and enforcing it universally is 563 
an inefficient allocation of the compute budget. 564 

The temporal grouping fusion module reduces mAVE from 0.794 m/s to 0.351 m/s — a nearly 565 
56% reduction — directly reflecting its contribution to motion velocity estimation for fast-moving 566 
and occluded targets. Compared with direct channel concatenation, grouping fusion reduces 567 
parameter count by approximately 12M while yielding a 0.6 percentage point NDS gain, and 568 
residual connections preserve BEV geometric consistency for stable detection-head convergence. 569 
For multimodal knowledge distillation, global BEV feature distillation establishes the overall 570 
representation, while the geometric compensation module independently contributes 0.8% NDS by 571 
focusing on depth-sensitive occluded and long-range regions; distillation improves mATE by 0.026 572 
m. A secondary effect is that inference latency drops from 43.5 ms to 38.2 ms after distillation, 573 
owing to improved convergence quality of the student's depth estimation rather than any 574 
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architectural change. The teacher and distillation modules are removed at inference, incurring zero 575 
overhead. Under the R101 configuration, the method achieves 45.2% mAP and 57.9% NDS with 576 
approximately 38% fewer parameters than BEVFormer, validating the framework's scalability 577 
across backbones. 578 
6 Conclusion 579 

This paper proposes a lightweight BEV perception optimization framework for occluded 580 
scenes to address the fundamental conflict between accuracy and real-time performance in pure-581 
vision 3D object detection. By integrating lightweight feature extraction, occlusion-aware adaptive 582 
sampling, temporal grouping fusion, and multimodal knowledge distillation into a unified end-to-583 
end architecture, the framework achieves the highest NDS among comparable lightweight methods 584 
on the nuScenes validation set while satisfying real-time vehicle deployment constraints, providing 585 
an effective technical pathway for embedded lightweight deployment of pure-vision 3D perception 586 
systems. 587 
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