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Abstract

3D object detection is fundamental to autonomous driving systems, where efficiently
fusing multi-modal sensor data remains a critical challenge. Although current approaches
predominantly focus on improving detection accuracy through Bird’s Eye View repre-
sentations, they often overlook computational efficiency, a crucial factor for real-world
deployment on resource-constrained automotive platforms. To bridge this gap, we pro-
pose a lightweight plug-in module that enhances feature fusion efficiency through two
key mechanisms: 1) dimensionality inversion of feature extraction outputs, and 2) dy-
namic selection of camera features for optimal fusion with point cloud data. Our ex-
periments on nuScenes demonstrate that this approach maintains competitive detection
performance while significantly reducing computational overhead, offering a practical
solution for real-time autonomous driving applications.

1 Introduction

Autonomous driving systems require precise environmental perception to operate safely in
complex real-world conditions. At the core of this capability lies 3D object detection, which
extends beyond conventional 2D recognition by estimating the complete 3D properties of
surrounding objects. This technology has become fundamental not only for autonomous
vehicles but also for robotics and augmented reality applications [15, 16, 41, 51]. The ability
to accurately determine object positions, orientations, and dimensions in real time enables
critical decision making for collision avoidance and path planning.

The field has witnessed a significant shift toward multimodal sensor fusion approaches
[5, 25] that combine data from complementary sensors such as LiDAR and cameras. Al-
though this fusion paradigm offers substantial improvements in detection accuracy and ro-
bustness, it introduces several technical challenges that must be addressed. With an increas-
ing number of modalities, the complexity in feature extraction and fusion will also increase.
Therefore, the demand for computing power should also be correspondingly increased. How-
ever, in real-world scenarios, 3D multimodal perception is mainly applied to edge devices
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Figure 1: Our model processes camera, LIDAR, and Radar data via an inverted transformer
architecture [9], extracting features along pixel dimensions instead of patches. A depth-
guided sampler dynamically selects camera features using depth from point cloud features
for fusion. This inverted flow and adaptive sampling ensure computational efficiency while
maintaining detection accuracy, differing notably from conventional ViT-based approaches.

with limited computing power. At the same time, several research works [40], [2] have stated
and shown the significance of efficiency in multimodal fusion in 3D Object Detection. How-
ever, they pose challenges, such as limitations in real-time autonomous driving deployment.
Meanwhile, due to the use of different architectures in multi-modal detection models, finding
a universal solution that significantly reduces computational complexity while maintaining
model detection accuracy remains a challenge.

Considering that the main models [4, 27, 30] all follow the feature fusion prediction
paradigm. We plan to achieve this by inserting a plug-in module into the feature extractor,
which will replace the relevant features output by the original feature processor, resulting in
more efficient feature fusion. We also proposed a sampler that can be plugged into the model
before the fusion stage. These two parts make up the module design of our entire plug-in.
The plug-in design enables seamless integration with existing detection pipelines without
requiring architectural modifications. Our approach employs a plug-in module that directly
replaces the original feature extractor while keeping the rest of the architecture unchanged.
This design enables seamless integration with existing detection pipelines, eliminating the
need for architectural modifications.

Our comprehensive evaluations of standard benchmarks demonstrate the effectiveness
of this approach. The system maintains competitive detection accuracy while achieving
substantial improvements in computational efficiency.

To the best of our knowledge, our contributions to the paper are as follows.

* A Plug-in Solution for efficient 3D multi-modal Detection:

We propose a novel plug-in architecture for efficient multi-modal 3D detection that
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integrates seamlessly with existing systems. Unlike methods requiring complete re-
designs, our solution enables portable adaptive fusion based on existing multi-modal
3D Object Detection models.

* Self-Adaptive Sampling for feature fusion:

Our plug-in features a depth-guided sampler that dynamically adjusts fusion rates us-
ing LiDAR depth cues, prioritizing computation for complex regions while maintain-
ing accuracy.

¢ Pixel attention for multimodal feature extraction:

Our model uses Pixel Attention to replace the vanilla channel attention, enabling more
effective modeling of global temporal dependencies. Reduce computational burden
with minimal computational overhead. Its inherent multi-modal compatibility enables
precise LiDAR-Camera fusion.

2 Related Work

Single-modality 3D Object Detection.The field of single-modality 3D object detection has
evolved through three key phases. Early breakthroughs established foundational architec-
tures: [8] for point clouds and [50] for voxel grids. Modality-specific innovations followed,
with LiDAR methods such as [21] and [36], camera-based approaches, including [35], and
radar systems such as [33]. The transformer era introduced [31] for LiDAR and [26] for
camera detection, while [39] advanced monocular 3D detection through 2D-3D decoupling.
Recent work focuses on deployment efficiency, with [22] enabling edge inference and [46]
proposing a lightweight complementary depth module that achieves state-of-the-art perfor-
mance in [10].

Multi-modality 3D Object Detection. Recent advances in multimodal 3D Object De-
tection have evolved from early fusion approaches like [5] and [20] to sophisticated transformer-
based architectures such as [1] and [26], which leverage cross-modal attention mechanisms
and bird’s-eye-view representations to achieve significant performance gains. The field has
also progressed with innovations such as [45] for improved coordinate encoding, [37] for
Radar-Camera fusion, and [6], which introduced a unified framework for processing RGB,
LiDAR, and radar data via modality-agnostic sampling. Emerging techniques focus on 4D
radar integration [48] and dynamic computation routing [24], collectively pushing the state-
of-the-art to 72.3% NDS on nuScenes while reducing latency to 50 ms for real-time applica-
tions. These developments highlight a clear path to robust, efficient, and scalable multisensor
fusion systems capable of handling various scenarios of autonomous driving. In recent years,
a considerable number of scientific papers have mentioned the efficiency issue of multimodal
feature fusion. [7] claimed that a combination of camera and radar features, while maintain-
ing the fidelity of each modality, is a challenge. They proposed a novel approach that fully
utilizes the depth information from the radar feature to generate the refined fused feature.
[14] addressed the under-utilization of LiDAR data in non-end-to-end monocular 3D de-
tectors by introducing the CMKD network, which distills both feature- and response-level
knowledge from LiDAR to the image modality. [17] addressed the challenge that the overfit-
ting problem will occur when there is an improper annotation method in the data annotation
process, and proposed that optimizing the algorithm structure by regressing the essence of
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data annotation will significantly improve performance. However, researchers rarely address
the challenge of balancing real-time efficiency and precision.

3 Methods

Our proposed PME3D is a novel Plug-in Multi-modal architecture designed for Efficient
seamless integration with existing mainstream 3D object detection models as illustrated in
Figure 1. This modular component can be inserted into current detection pipelines (such as
[6] or [45]).

The general pipeline of our model is illustrated in Figure 1. Our plug-in module is located
after the multi-modal data and before the fusion stage. In detail, the plug-in mainly consists
of three components: 1) Inverted Dimension Feature Extraction. 2) Depth Obtainer and 3)
Sampler. The reason we dub our approach a “plug-in” is that it has been engineered for
seamless drop-in integration into virtually any existing deep learning-based 3D multimodal
fusion detector, for example [45], [6], without the need to redesign the overall architecture
or modify the whole architecture. In practice, our module can be inserted between the frozen
feature extractors of LiDAR and camera branches and the subsequent detection head, im-
mediately inheriting all upstream representations while only fine-tuning a few lightweight
parameters. This plug-and-play characteristic means that practitioners can upgrade their cur-
rent pipelines - whether they are based on BEVFusion[30], BEVDet[16], TransFusion[1]
or other famous frameworks whose architecture is similar to CMT and FUTR3D [45], [6],
simply adding our component, re-optimizing for a handful of epochs.

3.1 Multi-modal Data

The system accepts three sensor modalities as input, with RGB images from vehicle-mounted
cameras being mandatory while operating with either LiDAR or Radar point clouds, depend-
ing on availability. These raw inputs are processed through dedicated backbone networks:
for camera data, ResNet-50 [12] with the Feature Pyramid Network (FPN) [28] is used to ex-
tract multiscale visual features, while for LIDAR/Radar point cloud processing, [47] is used
to generate point cloud feature maps. The backbone networks output hierarchical feature
representations at multiple scales, enabling the detection of objects across varying sizes and
distances.

3.2 Feature Extractor

Our novel feature extraction module builds upon the standard Vision Transformer (ViT)
framework [9] and introduces significant modifications to enhance efficiency. Pixel attention
[43] focuses on the relationship between pixels within each patch, while traditional Vision
Transformers (ViT) [9] concentrate on the relationship between different patches. In the
context of radar or lidar perception, the primary targets are surrounding vehicles, which tend
to be concentrated in one or several patches. Therefore, focusing on the relationship between
pixels within a patch makes it more effective to extract vehicle characteristic information.
The core innovation lies in the introduction of an inverted dimension processing scheme to
achieve Pixel Attention via [29], thereby drastically reducing computational complexity. The
specific implementation details are shown in the pixel attention section of Figure 1. Given
an input tensor X € R7*N where T represents the number of image patches and N denotes
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the number of pixels per patch, we strategically restructure the input as X € RV*7 . This
dimensional inversion transforms the computation so that the complexity of self-attention
is reduced from O(T?) to O(N?). For a typical configuration with 9 patches and 4 pixels
per patch, this approach effectively decreases the computational load from O(81) to O(16)
operations, representing a substantial efficiency improvement while maintaining the model’s
representational capacity.

3.3 Depth Estimation, Sampling and Fusion

The depth estimation module processes three parallel BEV feature streams from camera,
LiDAR/Radar sensors. Based on the frameworks established in [6] and [26], we compute
depth values through the coordinate transformation of the raw sensor data. The rotation ma-
trix R and the translation vector ¢ as shown in Equation | are derived using the pyquaternion
library, enabling precise spatial alignment of multimodal features.

/

X X
Y] =R|y]|+t (1)
4 z

S .

—

14

Our self-adaptive sampling mechanism dynamically adjusts feature fusion rates based
on scene depth complexity, the average depth d shown in Equation 1, effectively balancing
computational efficiency with detection accuracy. The sampler preserves the native spatial
precision of LiDAR and radar features while selectively resampling camera features accord-
ing to the sampling rate ¢(d) shown in Equation 3, where d,,,, means the maximum depth
set in the current BEV coordinate, to improve semantic understanding. Zero-padding with
PyTorch masking ensures efficient processing of unsampled regions.

o(d)=1- (")2 @)

dmax

The fusion module integrates the processed features through a multistage pipeline com-
bining cross-modal attention mechanisms with spatial concatenation in BEV space. We
evaluated both the conventional [6] fusion approach and our enhanced attention variant to
demonstrate the effectiveness of our architectural improvements.

3.4 Loss Function

Our composite loss combines three key components: (1) a focal loss (y =2, o = 0.25) to
handle class imbalance, (2) Smooth L1 regression loss [11] for bounding box refinement, and
(3) an IoU loss term (weight=1.0) for precise spatial alignment. Following the set predic-
tion paradigm [41, 51], we employ bipartite matching with non-object padding to establish
optimal prediction-to-ground truth assignments. This formulation maintains full compati-
bility with the host detectors [6, 45], while ensuring balanced gradient flow and real-time
efficiency, as demonstrated in our ablation studies (Section 4).
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Evaluation speed Comparison (Total Frames: 6008)
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Figure 2: Evaluation speed comparison derived from the 6008-frame benchmark. (6008
indicates the total number of key frames in the nuScenes test set). Our method achieves
129 seconds in inference time (29.4% improvement) in LIDAR+Camera configuration when
FUTR3D is integrated. Also, there is a 15.3% improvement when CMT is integrated. Per-
centages indicate inference efficiency gain over baselines.

4 Experiments

4.1 Dataset and Evaluation Protocol

We perform comprehensive evaluations on the nuScenes benchmark [3], a large-scale dataset
that contains 1000 annotated scenes (700/150/150 split for train/val/test) with multimodal
sensor data. Each 20-second sequence includes 40 keyframes with precise 3D annotations,
allowing a rigorous assessment of temporal detection performance.

Table 1: The comparison experiments following the experiment above. We added the exper-
iment on FPS and memory in the training stage for comparison.

Method FPS-500 FPS-3500 FPS-5000 FPS-full
UVTR [23] - - - 1.77
SparseFusion [24] - - - 4.38
BEVFusion [30] - - - 9.58
TransFusion [1] - - - 6.51
DAL-Base [18] - - - 10.69
CMT-R50 [45] - - - 10.72
CMT-OURS 15.82 15.5 16.44 24.90

4.2 Evaluation Metrics

Our analysis employs only one official nuScenes metric: NDS, which evaluates the perfor-
mance, error rate, and inference efficiency of the model. When evaluating the efficiency of
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Figure 3: Inference time comparison between baseline methods and our approach. Nega-
tive percentages indicate the improvement over corresponding baselines. FUTR3D-OURS
achieves 22.6% faster inference than FUTR3D in LiDAR+Camera configuration. Note that
OURS indicates the model with our plug-in integrated into the baseline models.

each model, we introduce inference time. Inference time refers to the period that starts from
the initiation of a test until the moment when the bounding boxes are successfully generated.
Suppose that the model can perform the corresponding results in detection tasks, but gives
a lower inference time. In that case, the model has lower complexity in detection tasks and,
therefore, can be more adapted to real-time driving scenarios.

4.3 Implementation Details

All experiments were carried out on NVIDIA RTX 4090/3090 and A100 GPUs using CUDA
12.3. Only one GPU is used each time we train or test the model. We evaluated two state-
of-the-art baseline architectures. CMT (Cross-modal Transformer) [45] and FUTR3D [6],
selected for their representative fusion approaches.

Backbone Selection. All models employ ResNet [13] series backbones to ensure a
fair comparison, leveraging their well-established advantages, including effective gradient
flow through residual connections, robust multiscale feature extraction capabilities, balanced
computational efficiency, and reproducible benchmarking through widespread adoption in
the literature. This consistent selection of the backbone isolates the impact of our architec-
tural innovations while maintaining compatibility with existing detection frameworks.

Sensor Configuration. Our experimental setup employs six 1600x900 RGB cameras
(front/rear/left/right views), simulated 4-beam LiDAR point clouds via angular subsampling
(range 7, inclination 0, azimuth ¢), and filtered radar data (200-300 points/frame containing
spatial coordinates, velocity, and intensity). Following [3]” methodology, all radar data was
pre-processed using official filtering tools.
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4.4 Training Details

We conducted experiments on nuScenes using [6] and [45] as our integration models. For
[6], we trained separate LiDAR+Camera and Radar+Camera models (20 epochs each) on
4090/A100 hardware (Table 3), employing AdamW (Ir= 1.0 x 10~%), ResNet-101 backbone
(256x704 input), and BEVDet-style augmentation [16]. For [45], we used ResNet50 with a
learning rate equal to 3.5 x 107> (20 epochs per configuration), obtained based on the ratio
of the original initial learning rate to the batch size of the training processes, following their
original learning policy.

Table 2: Comprehensive Evaluation of Sensor Fusion Algorithms for 3D Object Detection
on the nuScenes Test Dataset. CMT/FUTR3D-OURS indicates the model with our Plug-in
module integrated.

Method Modality NDS 1
3D-CVF[49] L+C 62.3
PointPainting[38] L+C 61.0
FUTR3D[6] L+C 66.1
FUTR3D-OURS L+C 66.3
MVP[42] L+C 70.5
FusionPainting[44] L+C 71.6
TransFusion[1] L+C 71.7
CMTI[45] L+C 70.1
CMT-OURS L+C 62.0
TransCAR[34] C+R 52.2
CRAFT[19] C+R 48.3
FUTR3DI[6] C+R 50.3
CenterFusion[32] C+R 449
FUTR3D-OURS C+R 48.5

We initially trained the model with both the fusion sampler and the iTransformer (using
dimension inversion). Our ablation study removed these components to assess their indi-
vidual contributions. Following [6], we set a depth limit of 50 m for LIDAR/Radar data
based on the detector ranges. For CMT [45], we integrated our Self-adaptive Sampler and
iTransformer, using the original data set splits. Inference benchmarks were conducted on the
6008-frame test set using trained checkpoints.

4.5 Results

Inference efficiency. As shown in Figure 2 (6008-frame benchmark) and 3, our method
achieves substantial efficiency gains in all sensor configurations. For LIDAR+Camera (LC)
fusion, we observe a 29.4% frame rate improvement over FUTR3D (129 vs. 103.3, along
with a 22. 6% reduction in processing time (50.9s vs. 65.8s). For Camera+Radar (CR)
mode, performance remains stable with a gain in evaluation speed of +3.0%. In particular,
LC consistently outperforms CR in both metrics (129 vs. 40.7; 50.9s vs. 167.2s), under-
scoring LiDAR’s value for real-time tasks.

To address inference-time inaccuracies caused by data loading, we introduce FPS as a
new metric and evaluate on four nuScenes test subsets (500, 3500, 5000, 6000 key frames, se-
lected sequentially to mitigate noise). As shown in Table 1, our CMT-OURS model achieves
FPS values of 15.82, 15.5, 16.44, and 24.90 in subsets - ranking first among all methods. Un-
like baselines that rely on key frames, CMT-OURS leverages full-frame data, demonstrating
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superior efficiency without sacrificing accuracy. Although a slight performance drop is ob-
served in Table 2, our model maintains competitive accuracy while providing state-of-the-art
efficiency (SOTA). These results validate our architecture’s ability to balance temporal op-
timization and cross-modal compatibility, outperforming SOTA methods in both inference
time and FPS.

Performance. Our approach achieves competitive LIDAR+Camera performance (66.3
NDS, comparable to FUTR3D 66.1 NDS) with 22.6% faster inference (50.9 s vs. 65.8 s). For
CMT, we almost retain performance while accelerating by 12.3%. We selected FUTR3D
and CMT for their balanced fusion strategies, excluding TransFusion [1] (LiDAR-centric
limitations) and FusionPainting [44] (computationally intensive two-stage fusion). Using
attention-based fusion without auxiliary networks, we balance accuracy and efficiency.

Performance drops during integration arise from real-time depth estimation errors and
BEV-world coordinate misalignment. In camera-radar fusion, our plug-in module matches
the accuracy of FUTR3D (38.9 NDS) with 2.8,s faster inference (167.2s vs. 172s). The 1.8-
point NDS trade-off (48.5 vs. 50.3) represents a relative loss of 3.6% for efficiency gains.
For LiDAR camera setups, we maintain +0.2 NDS accuracy with 22.6% faster inference
(50.9s vs. 65.85).

As shown in Table 2, TransCAR [34] is excluded due to its distinct early-level fusion
(triple transformer decoders vs. single cross-modality decoders in CMT/FUTR3D), avoiding
architectural incompatibility biases. These results validate our method’s ability to optimize
efficiency across sensor modalities with minimal accuracy trade-offs.

Table 3: We benchmark our plug-in module against FUTR3D and CMT baselines on the
nuScenes test dataset, analyzing inference time and detection metrics. Controlled exper-
iments ensure fair comparison by using identical hardware configurations. In this table,
OURS means the model with our plug-in integrated. L+C represents LIDAR+Camera con-
figuration, while C+R represents Camera+Radar configuration.

Method NDS NDS Gap Modality GPU Time(s) Time Gap (%)
FUTR3D 66.1 - L+C 4090 65.8 -
FUTR3D-OURS  66.3 +0.30 L+C 4090 50.9 -22.6
CMT 70.8 - L+C 3090 146.5 -
CMT-OURS 62.1 -12.1 L+C 3090 129 -12.3
FUTR3D 50.3 - C+R A100 172 -
FUTR3D-OURS  48.5 -3.58 C+R A100 167 2.8

Table 2 benchmarks our plug-in against FUTR3D and CMT on nuScenes, with controlled
hardware. For LiDAR + camera (L + C): FUTR3D-OURS gains +0.30% NDS (66.3 vs 66.1)
and -22.6% time (50.9s vs 65.8s, GPU 4090); CMT-OURS sacrifices 12.1% NDS (62.1 vs
70.8) for 12.3% time improvement (129s vs 146.5s, GPU 3090). For Camera+Radar (C+R,
GPU A100): FUTR3D-OURS sees -3.58% NDS (48.5 vs 50.3) but -2.8% time (167s vs
172s). These show that our method balances efficiency (up to 22.6% speedup) and accuracy
trade-offs, validating generalization ability across modalities and hardware, with NDS gaps
quantifying precision-efficiency trade-offs.

4.6 Ablation Study

In this section, we discuss the impact of the Self-Adaptive Sampler (S) and the iTransformer
(i) on the detection performance of our model, using ResNet50 (CMT) and ResNet101
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(FUTR3D) as the backbone.

Table 4: Overall detection performance metrics, including NDS, and Time for models uti-
lizing ResNet101 and ResNet50 backbones, conducted on the validation set, under different
configurations of Self-adaptive Sampler (S) and iTransformer (i).

Modality ~ BaselineModel S i  NDS | Time(s) Evaluation Speed (1/s) |
L+C FUTR3D X X 662 65.8 91.31
L+C FUTR3D x v 6710 49.6 121.35
L+C FUTR3D v v 663 50.9 118.25
R+C FUTR3D x x 503 80.8 74.49
R+C FUTR3D x v 458 58.0 103.77
R+C FUTR3D v v 485 77.2 78.0
L+C CMT x x 703 146.5 41.1
L+C CMT x v 634 132 45.6
L+C CMT v v 621 129.6 452
L+C CMT v  x 615 129.1 46.4

Table 4 presents the overall detection performance (NDS) and efficiency metrics (time,
evaluation speed) of the models, tested on the validation set under different configurations of
S and i. For LiDAR + Camera (LC) fusion, the baseline FUTR3D achieves 66.2 NDS with
neither S nor i, while allowing i alone increases NDS to 67.0 and cuts time from 65.8s to
49.6s; combining S and i slightly drops NDS to 66.3 but further reduces the time to 50.9 s.
For Radar + Camera (R + C) fusion, FUTR3D sees the NDS fluctuate—from 50.3 (no S/i) to
45.8 (only 1) and 48.5 (both S/i), with corresponding time changes (80.8, 58.0, 77.2 s). For
CMT-based L + C models: The baseline (no S/i) hits 70.3 NDS but takes 146.5s; enabling
i reduces NDS to 63.4 but cuts the time to 132s. Combining S and i further adjusts NDS
(62.1/61.5) with a marginal time change (129.6s/129.1s). In general, iTransformer shows
significant time saving potential in all modalities, while the interaction between S and i im-
pacts NDS differently for the FUTR3D and CMT backbones, highlighting trade-offs between
detection accuracy and inference efficiency under varying architectural configurations.

5 Conclusion and Future Work

We present a plug-in architecture for efficient multimodal 3D object detection fusion, com-
bining a self-adaptive sampler with dimension-inverted transformers. Experimental results
on nuScenes demonstrate that our method maintains competitive detection accuracy while
achieving significant speed improvements across different sensor configurations and hard-
ware platforms. The approach shows particular effectiveness in LiDAR-based detection
while maintaining robust performance with radar data. Although improvement is limited,
these advances in balancing accuracy and efficiency represent an important step toward prac-
tical real-time perception systems for autonomous driving. Future work includes extending
to more datasets and real-scene applications. Also, we are considering extending the idea of
self-adaptive sampling to a broader range of baseline models.
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