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Abstract— With the rapid development of the low-altitude
economy, accurate detection and localization of UAVs have
become increasingly important. Conventional radar and visual
detection methods have low accuracy, whereas current radar-
camera fusion methods are computationally intensive. To over-
come these issues, we propose a novel 3D UAV detection ap-
proach based on sparse radar-camera fusion, called SRCF-UAV,
to achieve high-precision, low-complexity UAV detection in di-
verse scenarios. Specifically, we first propose an improved query
initialization method that incorporates locations from 2D image
proposals and radar point clouds. Then, we propose a query
update method that sparsely fuses radar and image queries
based on features, velocity, and spatial distance. Furthermore,
we develop a radar-camera multimodal data collection platform
based on real-time kinematic positioning (RTK) and collect a
dataset of centimeter-level precision, comprising over 20,000
UAV instances that cover various scenarios, UAV models,
and lighting conditions. Finally, extensive experiments on this
dataset demonstrate that the proposed approach can achieve
an average precision of up to 91.65% and an inference latency
as low as 17 ms, validating its effectiveness and efficiency. The
dataset and code will be publicly available to support further
research.

I. INTRODUCTION

With the rapid growth in civilian and industrial applica-
tions, unmanned aerial vehicles (UAVs) have been widely
used in various fields such as environmental monitoring,
precision agriculture, public safety, and disaster manage-
ment. Despite their significant benefits, UAVs present crit-
ical challenges, including threats to public safety, privacy
breaches, and unauthorized intrusions into restricted zones.
These challenges demonstrate the importance of developing
effective UAV detection and estimation systems, especially
for low-altitude, small UAVs, which can hardly be achieved
by traditional surveillance technologies.

Object detection can be divided into 2D and 3D ap-
proaches. 2D-based methods [1]–[3] only provide object
positions in the image plane, whereas 3D-based methods [4]–
[21] obtain real-world object locations, sizes, yaws, and
velocities. 3D-based methods have received increasing at-
tention due to their dominating effectiveness over the 2D
counterparts. Existing 3D object detection methods are de-
veloped mainly for autonomous driving [4]–[14], [20], [21]
and rarely for UAVs [15]–[19]. 3D UAV detection is fun-
damentally different from 3D detection of ground objects
in autonomous driving for two main reasons. First, ground
targets are mostly large, slow moving and have small location
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variations, whereas UAV targets are typically small, fast
moving, and have high location uncertainty. In addition,
ground targets, e.g., cars and trucks, have large radar cross
sections (RCSs), whereas UAVs often have small RCSs.
Therefore, 3D UAV detection is more a challenging sensing
and estimation problem, and existing 3D object detection
methods for autonomous driving can hardly be transferred
to UAV detection with consistent effectiveness.

Most existing 3D object detection methods exploit radar
and vision modalities and can be classified into three cate-
gories: radar-based, camera-based, and radar-camera fusion-
based methods. Specifically, radar-based 3D object detection
methods provide estimations of ranges, yaws, and Doppler
velocities [15], [16], [20], [21]. However, the accuracy for
radar-based 3D UAV detection is usually low, due to UAVs’
small RCSs and high speeds. Image-based 3D object de-
tection methods, including BEVFormer, BEVDepth, Sparse-
BEV, Sparse4D, and RayFormer [4]–[8], provide locations,
sizes, yaws, and velocities. Nevertheless, their effectiveness
is highly dependent on lighting conditions and objective
sizes and distances, significantly limiting their 3D detection
accuracy for flying UAVs of small sizes and at far distances.
Exisiting radar–camera fusion-based 3D object detection
methods address the above limitations of single modalities
to a certain extent [9]–[14]. Most of these fusion-based
methods [9]–[12], [14] project image and radar point cloud
into the BEV space and use transformer models to extract
dense features, resulting in intensive computation and slow
inference. Recently, sparse fusion [13] strategies have been
proposed to reduce the computation cost. However, the sparse
method has yet to deeply fuse radar and camera features to
achieve satisfactory accuracy for 3D UAV detection.

Additionally, in contrast to widely accessible large-scale
multimodal datasets for autonomous driving scenarios, such
as nuScenes [22], there are very few multimodal datasets
specifically designed for UAV applications, to date, there
exists only one public radar–camera dataset for 3D UAV,
MMAUD [23]. Unfortunately, MMAUD lacks extrinsic cali-
bration parameters and covers limited illumination scenarios,
restricting its practical value for developing effective 3D
UAV detection methods based on radar–camera fusion.

This paper attempts to bridge these gaps. The main
contributions of our work are summarized as follows. (i)
First, we propose a novel 3D UAV detection approach
based on sparse radar-camera fusion, called SRCF-UAV,
to achieve high-precision, low-complexity UAV detection
in diverse scenarios. Specifically, we propose an improved
query initialization method that incorporates locations from
2D image proposals and radar point clouds. We also propose
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a query update method that sparsely fuses radar and image
queries based on features, velocity, and spatial distance. The
proposed methods improve the convergence speed and reduce
the computational cost for query refinement and enhance
the final query qualities. (ii) Then, we develop a radar-
camera multimodal data collection platform based on real-
time kinematic positioning (RTK) and collect a dataset of
centimeter-level precision that covers various scenarios. In
particular, the dataset comprises over 20,000 UAV instances
covering various UAV models, environments, and lighting
conditions, providing a vital foundation for the advancement
of 3D UAV detection methods based on radar–camera fusion.
(iii) Finally, we conduct extensive experiments to validate the
promising advantages of the proposed SRCF-UAV for 3D
UAV detection in accuracy and inference time over the start-
of-the-art radar-camera fusion-based methods. Specifically,
our gains in accuracy and inference time are up to 91.65%
and decrease to 17ms, respectively.

II. RELATED WORK

A. 3D Object Detection in Autonomous Driving Scenarios

3D object detection in autonomous driving scenarios is
highly challenging due to object diversities, wide location
ranges, and complex conditions. Most research adopts radar-
based, image-based, and radar-camera fusion detection meth-
ods.

Radar-based methods typically use voxel or grid to repre-
sent radar point clouds [20], [21]. SMURF [20] detects 3D
objects using a single 4D imaging radar by voxelizing point
clouds and projecting them to BEV pseudo-images. Scheiner
et al. [21] instead convert radar point clouds into 2D temporal
grids with Doppler and positional information for detection.

Image-based 3D object detection methods achieve supe-
rior performance by using rich texture information. BEV-
Former [4] learns a unified spatial-temporal BEV represen-
tation with a deformable-attention transformer and achieves
image-based 3D detection and map segmentation. Sparse-
BEV [6] replaces dense BEV grids with a fully sparse query
design using scale-adaptive attention and adaptive spatio-
temporal sampling, achieving 23.5 FPS with higher accuracy.
Sparse4D [7] extends this idea by assigning multiple 4D
keypoints per anchor to reduce depth ambiguity, surpassing
earlier sparse detectors on nuScenes [22]. RayFormer [8]
initializes object queries along camera rays and designs ray-
centric feature sampling to reduce ambiguity in multi-camera
3D detection.

To address the limitations of single-modality detection,
recent work has explored radar–camera fusion. Early ap-
proaches fuse radar points and images in the image branch,
such as RRPN [24], which projects radar onto the image
plane for region proposals, and CenterFusion [25], which ap-
plies frustum-based association. Dense BEV-based methods
then enabled deeper cross-modal interaction: CRN [11] con-
structs a unified BEV with cross-modal attention, RCM [10]
aligns features with a radar-guided BEV encoder and grid
refinement, HyDRa [12] enhances occupancy prediction,
and RCBEVDet [9] aligns dual-stream BEV features via

Fig. 1. SRCF-UAV system overview. Image and radar features are
extracted for radar–image-assisted query initialization. A transformer de-
coder refines queries via spatial-temporal sampling and distance–velocity-
aware radar–camera fusion. Detection heads output object classes and 3D
parameters.

deformable attention. RaCFormer [14] corrects depth before
fusion to reduce misalignment. More recently, sparse-query
paradigms have emerged. SpaRC [13] leverages sparse frus-
tum fusion with range-adaptive radar aggregation for efficient
high-accuracy detection.

B. 3D Object Detection in UAV Scenarios

3D object detection for UAV scenarios is far less explored
than for the autonomous driving scenario. [15] is the first
work to use micro-Doppler signatures (MDS) for small UAV
detection. It applies an LSTM network for target detection
and an angle-of-arrival (AOA) method for localization. [16]
introduces an integrated detection and tracking strategy to
accumulate non-localized trajectories from radar frames.
[18] achieves 3D detection, localization, and tracking of
malicious MAVs using panoramic stereo camera networks.
[17] proposes a two-stage radar–vision fusion framework,
which combines radar and visual detections to suppress
clutter and accelerate processing and then fuses both for more
accurate tracking.

III. SRCF-UAV

We propose a novel 3D UAV detection approach based on
sparse radar-camera fusion, called SRCF-UAV, to achieve
high-precision, low-complexity UAV detection in diverse
scenarios. As Fig.1 illustrates, SRCF-UAV includes five
modules: Image Encoder, Radar Encoder, Radar and Image-
Assisted Query Initialization, Transformer Decoder (which
includes a key component, namely Distance-Velocity-Aware
Radar-Camera Fusion) and Detection. Specifically, SRCF-
UAV takes image frames and radar points as input and
produces object locations, sizes, yaws, and velocities as
output. We train the entire neural network from end to end
with the same loss function as in SparseBEV [6].
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A. Image Encoder and Radar Encoder

First of all, we extract image and radar features using
Image Encoder and Radar Encoder, respectively. In Image
Encoder, four consecutive image frames are processed by a
ResNet backbone with FPN, producing multi-scale feature
maps, as in most 3D object detection works [4], [6], [7].
In Radar Encoder, the stack of four frames of radar point
clouds is processed by a lightweight MLP, embedding each
radar point into a 256-dimensional vector to capture the
radar context feature in a sparse way. A radar point can be
represented by a 5D vector:

pr =
(
x, y, z, rcs, vr)

Unlike most dense BEV representations [4], [10], [12], this
sparse representation maintains the inherent sparsity of the
radar points and is well suited for sparse fusion with image
features.

B. Radar and Image Assisted Query Initialization

In the Radar and Image Assisted Query Initialization, we
initialize queries using 2D proposals and the stacked radar
point cloud and produce reliable queries. Following most
query-based 3D object detection works [6], [7], [26]–[28],
we model each object with a query and its corresponding
context features, together referred to as a query. Specifically,
a query for an object can be represented by a 10D vector:

pq =
(
x, y, z, w, l, h, sinα, cosα, vx, vy

)
containing the object’s 3D coordinates (x, y, z), width w,
length l, height h, the sine and cosine components of yaw
(sinα, cosα), and 2D velocity (vx, vy) in the x and y
directions.

Most existing work initializes queries by generating (x, y)
in the BEV view uniformly and setting z at a fixed height
value. This query initialization method is reasonable for 3D
object detection on the ground, where objects are abundant
and of similar altitudes. However, they are ill-suited for
3D UAV detection, where objects are highly sparse and
have diverse altitudes. Recently, Rayformer [8] proposed a
query initialization method based on 2D image proposals that
utilizes only 2D coordinates in the world coordinate system.
This query initialization method influences the effectiveness
of capturing height information. In summary, existing query
initialization methods may not fully increase the chance
of covering UAVs in the initial step, reducing the query
refinement efficiency.

To increase query refinement efficiency, we propose an
improved query initialization method that incorporates lo-
cations from 2D image proposals and radar point clouds.
As Fig.2 shows, initial queries consist of radar point cloud-
based initial queries, 2D image proposal-based initial queries,
and uniformly sampled initial queries from the BEV view to
increase the chance of covering UAVs in the initial step.

For radar point cloud-based initial queries, we first select
high-confidence radar points, filtered by a reasonable velocity
range and the camera Field of View (FoV). Then, we set their

3D coordinates (x, y, z) as the 3D coordinates of the radar
point cloud-based initial queries. For 2D image proposal-
based initial queries, we extract reliable 2D proposals by
a proposal network [29] and project their centers in the
2D space to rays in the 3D space using the intrinsic and
extrinsic properties of the camera. Denote the camera’s
intrinsic matrix by:

T =

fx 0 cx
0 fy cy
0 0 1

 , (1)

where fx, fy represent the focal lengths in pixels, and cx, cy
represent the projection of the optical center in the image
plane. Specifically, for each 2D proposal center, we convert
its image coordinates (u, v) to camera coordinates (xn, yn)
using the intrinsic matrix of the camera T , where

xn =
u− cx
fx

, yn =
v − cy
fy

. (2)

Then, for the corresponding ray, the direction vector in the
camera coordinate system is given by:

dcam =
[
xn yn 1

]
, (3)

and the starting point is the optical center of the camera
(0, 0, 0). Transforming the camera coordinate system to the
world coordinate system, the ray’s direction becomes:

dworld = R · dcam, (4)

where R denotes the camera-to-world rotation matrix. Then,
for each 2D proposal, we uniformly sample points along
each ray in the world coordinate system and set their 3D
coordinates as the 3D coordinates of the 2D image proposal-
based initial queries. Unlike Rayformer [8] which utilizes
only 2D coordinates in the world coordinate system to form
2D image proposed-based initial queries, here we use 3D
coordinates to capture height information. For uniformly
sampled initial queries, we generate (x, y) in the BEV view
uniformly and associate them with a fixed height value as in
most existing works [4], [7], forming the 3D coordinates of
the corresponding initial queries.

Fig. 2. Query initialization in BEV view. Top left: 2D proposals; top right:
radar points; bottom: initial query coordinates from three ways.

Compared to existing query initialization method [8], the
proposed query initialization method offers three key advan-
tages: (1) it introduces extra radar information, potentially
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increasing the overall query quality, especially in visually
degraded scenarios; (2) it utilizes height information in form-
ing 2D image proposal-based initial queries, facilitating the
searching for UAVs at various heights; and (3) it uniformly
utilizes the 3D coordinates offered by radar point clouds
and 2D image proposals, increasing the convergence speed
of query refinement. The more effective proposed query
initialization method is expected to enhance the performance
of query-based 3D object detection.

C. Transformer Decoder

Starting from the initialized queries, Transformer De-
coder iteratively updates queries based on image and
radar features and produces improved queries after a fixed
number of iterations L. It consists of five components:
Self-Attention, Spatial-Temporal Sampling [6], Distance-
Velocity-Aware Radar-Camera Fusion, Adaptive Mixing [6],
and Feed-forward Neural Network (FFN), connected in suc-
cession. The main difference from existing works lies in
Distance-Velocity-Aware Radar-Camera Fusion, which will
be illustrated in detail.

First, Self-Attention, including Query Self-Attention and
Radar Self-Attention, refines the context information of
queries and radar features, respectively, by multi-head at-
tention, and produces enhanced queries and radar features.
Then, Spatial-temporal Sampling [6] efficiently samples
spatial-temporal features from multi-frame image features
produced by Image Encoder and produces updated queries
based on the samples and enhanced queries.

Next, Distance-Velocity-Aware Radar-Camera Fusion
sparsely fuses radar features and queries (which have in-
corporated image and radar features) and produces updated
queries. Existing BEV-based radar-camera fusion meth-
ods [9], [10], [12] typically project radar points onto the BEV
space by CNN or Transformer, requiring intensive computa-
tions and introducing unnecessary spatial mappings. Existing
query-based radar-camera fusion methods [13] alleviate this
problem to some extent, but do not explicitly utilize the
velocity information from the radar points, limiting its ability
to detect UAVs.

Fig. 3. Adaptive weighting of query–radar point pairs. Red circles: K
nearest points; color intensity indicates assigned weight.

To address this issue, we propose a query update method
that fuses radar and image queries based on feature similarity,
velocity, and spatial distance, as Fig.3 illustrates. Specifically,
for each query, we first select the K closest radar points to
its 3D coordinates and perform multi-head attention of the
query and the selected K radar points. The attention weight
between query pq with feature vector fq and each of its
K closest radar points, Pr = (pr,k)k=1,··· ,K , with feature

matrix Fr = (fr,k)k=1,··· ,K is calculated with a multi-factor
softmax gating mechanism that captures feature similarity,
3D spatial distance, and velocity difference:

Attn(pq,Pr) =

softmax
k=1,··· ,K

( fq FT
r√
d

− α ∥lq − lr,k∥2 − β ∥vq − vr,k∥2
)
Fr .

(5)

Here, d is the feature dimension, lq and lr,k represent the
3D coordinates of query pq and the k-th closest radar
point pr,k, respectively, vq and vr,k represent the radial
velocities of query pq and the k-th closest radar point
pr,k, respectively. The hyperparameters α and β control the
influences of distance and velocity. In (5), fq FT

r√
d

represents
feature similarity, and α ∥lq − lr,k∥2 and β ∥vq − vr,k∥2
penalize large 3D spatial gaps and velocity gaps, respectively.
Thus, a larger distance or velocity gap directly lowers the
corresponding softmax attention weight.

The proposed fusion method, encoding the influence of
distance and velocity in radar-camera fusion, has three pri-
mary benefits: (1) it does not rely on computation-intensive
neural networks to introduce additional spatial encoding,
significantly reducing the computation cost; (2) it effectively
utilizes UAVs’ velocity information in fusing radar features
and queries, which is extremely critical for UAV detection
given their small RCSs; and (3) it selects K closest radar
points for each query, reducing the computation cost in
attention weight calculation.

We then employ Adaptive Mixing [6] to enhance query
features at the channel level and the point level. Finally, FFN,
a point-wise two-layer MLP, further enhance query features.
The output of FFN is fed back and input to Transformer
Decoder in the next iteration until termination. FFN’s output
in the last iteration is forwarded to Detection.

D. Detection

Finally, Detection uses queries to determine object classes
and estimate their 3D coordinates, sizes, yaw angles, and
velocities. Following the most advanced 3D detectors [4],
[6], we use two lightweight heads: one classification head (a
few conv and full connected layers) for object classification
and one parallel regression head for 3D parameter estimation.

IV. RADAR-CAMERA MULTIMODAL DATA COLLECTION
PLATFORM

To support robust evaluation and development of 3D UAV
detection in diverse and challenging scenarios, we con-
structed a high-precision multimodal data collection platform
that integrates millimeter-wave radar, camera, and RTK-
assisted UAV tracking system. The tracking system can
acquire the UAV’s real-time position, velocity, and pose,
serving as ground truth. By combining time-synchronized
radar measurements and visual data, our system enables
large-scale and reliable dataset construction for advancing
multimodal 3D UAV detection.
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A. Experimental Platform
We developed a two-stage data collection platform com-

prising (i) a radar-camera module and (ii) an RTK-assisted
UAV Tracking module, as illustrated in Fig. 4. The radar-
camera module integrates a TI IWR6843AOPEVM 60GHz
mmWave radar evaluation board and an Azure Kinect DK
RGB camera, mounted on a tripod. The radar features a
4Rx × 3Tx MIMO array with a 120◦× 120◦ (azimuth ×
elevation) field of view, streaming 3D point clouds in real
time via the TI mmWave SDK [30]. The camera captures
RGB frames at 1920× 1080 px and 30 fps, with a 90◦× 59◦

field of view [31]. Both sensors are connected to a Linux-
based ROS 2 system [32] to ensure temporal synchronization.
High-precision ground truth is obtained using two multirotor
UAVs—DJI Mavic 3/4 Enterprise and DJI Matrice 350
RTK—in conjunction with a DJI D-RTK 3 base station.1

With RTK enabled, the Mavic 3E and Matrice 350 RTK
achieve a precision of 1 cm horizontally and 1.5 cm verti-
cally [33].

Fig. 4. (a): Data collection platform. (b): Collected image. (c): Radar point
cloud. (d): Parsed ground truth from RTK.

B. Data Collection
Our collected dataset consists of about 120,000 time-

synchronized radar-camera samples acquired at 30 fps.
Recordings span 2 outdoor scenes (an open playground
and an rooftop with strong building reflections), 4 lighting
scenarios (sunny-daytime, cloudy-daytime, dusk, and night.),
2 pitch angles (0◦ and 30◦).2 UAV velocity covers 0−
15m/s with yaw angles covering −180◦ to 180◦. During the
experiment, the maximum horizontal and vertical distances
between the UAVs and the data collection platform are 35 m
and 15 m, respectively. To ensure centimeter-level precision,
ground truth poses were retained only when DJI flight logs
reported GPSLevel≥ 5; under these conditions a Mavic 3E
yields 5 valid pose–frame per second, whereas a Matrice 350
RTK logs at 10Hz. Due to this limitation, we sample key
frames at 5 Hz. After quality control, we collected a dataset
with about 20000 samples.

C. Data Synchronization
Data synchronization includes both temporal and spatial

synchronization. For temporal synchronization, the data ac-

1Our dataset covers most DJI enterprise UAVs with RTK capability [33].
2Rainy-day scenarios are excluded due to UAV flight safety requirements.

quisition platform operates under ROS, which assigns each
radar point cloud and image frame a Coordinated Universal
Time (UTC) timestamp; each DJI UAV stores its flight
log with matching UTC timestamps; and all devices are
synchronized via the Network Time Protocol (NTP). To
further refine time synchronization, a corner reflector marker
is introduced in every recording session, allowing manual
temporal alignment of the sensors. For spatial alignment,
intrinsic parameters of camera are obtained from the official
SDK [31], while extrinsic parameters of camera and radar
are estimated via OpenCV’s solvePnP algorithm with
several pairs of targets. DJI logs 3D coordinates, which
are converted to the universal transverse mercator (UTM)
coordinate system; the UTM coordinate origin is defined
as the location of the data-collection platform. The rigid
transformation from the radar and camera frames to the
UTM coordinate is then derived through the previous spatial
alignment method, ensuring all radar points, camera data,
and UAV poses are consistently represented within a unified
coordinate system.

V. EXPERIMENTS

A. Datasets

All experiments are conducted on our collected multi-
modal UAV dataset, which contains approximately 20,000
samples.3 Each sample consists of a key image frame to-
gether with three historical image frames, and a radar point
cloud formed by stacking four consecutive radar sweeps.
Samples with any missing modality are excluded. The dataset
is split into training, validation, and test subsets and each
subset contains samples from every environment, lighting
condition, and UAV.

B. Evaluation Metrics

We adopt most of the evaluation metrics from the
nuScenes dataset [22], including mean Average Precision
(mAP) and four true positive metrics: ATE (translation error),
ASE (scale error), AOE (orientation error), AVE (velocity
error). Besides, we introduce AHE (Average Height Error)
to evaluate the mean altitude difference between predicted
boxes and ground truth.

C. Implementation Details

During the training process, data augmentation is applied
only to images. The model is trained using AdamW for
36 epochs with a total batch size of 16 on two GPUs.
The learning rate follows a cosine schedule. We evaluate
both ResNet-50 and ResNet-101 variants [34] for base-
lines and proposed models. Specifically, SparseBEV-tiny and
SparseBEV-small [6] are adopted as image-based baselines,
while our models with ResNet-50 and ResNet-101 backbones
are denoted as SRCF-UAV-tiny and SRCF-UAV-small, re-
spectively. All ablation studies and module comparisons are
conducted based on SRCF-UAV-tiny. The ResNet-50 based
models use input images resized to 320 × 832, while the

3No public radar–camera UAV dataset available for 3D object detection.
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TABLE I
3D UAV DETECTION PERFORMANCE COMPARISONS. ↑ INDICATES HIGHER IS BETTER; ↓ INDICATES LOWER IS BETTER. † DENOTES METHODS THAT

LEVERAGE MULTI-FRAME INPUTS. TOP: RESNET-50 BACKBONE; BOTTOM: RESNET-101 BACKBONE.

Methods Modality Backbone mAP(%)↑ ATE↓ ASE↓ AOE↓ AVE↓

CenterFusion Img+Rad R-50 17.66 0.977 0.460 1.800 1.270
BEVFormer-tiny Img R-50 70.10 0.468 0.057 0.898 2.680
SparseBEV-tiny† Img R-50 74.18 0.356 0.317 1.400 2.000
RCM-tiny Img+Rad R-50 74.98 0.408 0.282 1.420 2.910
Racformer-tiny† Img+Rad R-50 76.32 0.333 0.310 1.240 1.454
SRCF-UAV-tiny† Img+Rad R-50 83.20 0.317 0.298 1.090 1.030

BEVFormer-small Img R-101 75.67 0.374 0.063 0.880 2.120
SparseBEV-small† Img R-101 76.35 0.336 0.319 1.340 1.920
RCM-small Img+Rad R-101 76.56 0.367 0.277 1.350 2.600
Racformer-small† Img+Rad R-101 80.22 0.300 0.342 1.270 1.102
SRCF-UAV-small† Img+Rad R-101 91.65 0.213 0.318 1.030 0.770

ResNet-101 models use input images of size 640 × 1664.
The transformer decoder is set to L = 5 layers. In the radar–
camera fusion module, the number of nearest radar points
is set to K = 32, and the distance and velocity weighting
factors are set to α = 0.5 and β = 0.5. For fairness, some
LiDAR-dependent methods [7], [11] are excluded from com-
parison. As the codes of SpaRC [13] and RayFormer [8] are
not public, we re-implemented key modules for comparison.

D. Experimental Results

a) Comparison with the State-of-the-art Methods: Ta-
ble I compares 3D UAV detection results on our dataset:
our radar–image fusion models, SRCF-UAV-tiny and SRCF-
UAV-small, achieve the highest mAP scores—83.20 % and
91.65 %, respectively—outperforming all image-based and
prior radar-camera fusion based methods. By leveraging
the distance and velocity of radar point cloud, SRCF-UAV
sharply reduces localization error (ATE) and velocity error
(AVE) than all baselines, confirming the benefit of proposed
initialization method and radar–camera fusion in challenging
UAV scenarios.

Among image-based baselines, BEVFormer [4] stands out:
its high-capacity backbone and dense BEV grid capture the
limited size variation of UAVs, leading to the lowest ASE and
a slight AOE edge; yaw estimation depends mainly on image
features, and radar offers little extra help here. In contrast,
CenterFusion [25] performs worst because UAVs’ low RCS
yields very sparse radar point cloud, making its frustum-to-
point matching unreliable. Finally, both AOE and AVE are
higher on our UAV dataset than on driving datasets such
as nuScenes [22], mainly because UAV yaw is less visually
salient, especially under poor lighting or fast maneuvers, and
UAVs are small and fast, making velocity estimation more
difficult.

b) Height Estimation: Table II further compares height
estimation. SRCF-UAV attains the lowest mean height error
(0.212 m), improving upon RCM [10] and SparseBEV [6]
by 13% and surpassing BEVFormer [4] by over 31%, con-
firming its effectiveness in accurate UAV height prediction.

c) Inference Time: As shown in Table III, under iden-
tical hardware and input settings, our sparse fusion design

TABLE II
MEAN ALTITUDE ESTIMATION ERROR (AHE, IN METERS).

Method mAHE (m)↓

BEVFormer 0.308
SparseBEV 0.243
RCM 0.245
SRCF-UAV 0.212

TABLE III
PER-SAMPLE INFERENCE LATENCY ON AN RTX 4090 (BATCH = 1,

SINGLE VIEW, SAME INPUT RESOLUTION).

Methods Image Frames Latency (ms)

BEVFormer-tiny 1 21
RCM-tiny 1 30
SparseBEV-tiny 4 19
RaCFormer-tiny 4 32
SRCF-UAV-tiny 4 17

attains the shortest forward-pass latency among comparable
methods, realizing real-time 3D UAV detection. Although
SRCF-UAV processes images with four consecutive frames
together with the aligned radar point cloud, the inference
time is still lower than other single-frame detectors. Mea-
sured latency is the average forward time over 500 samples
under NVIDIA RTX 4090, excluding disk I/O and post-
processing, to ensure fair comparison.

E. Ablation Studies

Table IV presents a comprehensive summary of mod-
ule ablations. The complete SRCF-UAV achieves the high-
est accuracy of 83.2% mAP with the lowest ATE (0.32)
and AVE (1.03). Removing Radar+Image Assisted Ini-
tialization reduces mAP to 78.8%, while excluding the
Distance–Velocity-Aware Fusion leads to the largest drop
(75.5% mAP, 1.27 AVE), confirming the necessity of in-
tegrating Doppler and spatial cues. Omitting radar self-
attention also causes performance degradation.

Table V further provides external comparisons to validate
our design. For drone type, the larger M350 RTK achieves
95.4% mAP with lower localization and yaw errors than
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Fig. 5. Qualitative results across sunny, cloudy, and night. Top: 2D image view; bottom: BEV view. Green boxes: ground truth; red boxes: prediction.

Fig. 6. Qualitative comparison of BEV detection results. Green boxes: ground truth; magenta: SRCF-UAV (ours); blue: BEVFormer; yellow: RCM;
indigo: SparseBEV.

TABLE IV
ABLATION ON SRCF-UAV MODULES.

Modules mAP (%)↑ ATE↓ AVE↓

Full model 83.2 0.32 1.03
w/o Radar+Image Init 78.8 0.37 1.16
w/o Dist–Vel–Aware Fusion 75.5 0.41 1.27
w/o radar self-attention 80.8 0.34 1.07

TABLE V
COMPARISONS ACROSS UAV SIZE AND LIGHTING CONDITIONS.

Setting mAP (%)↑ ATE↓ AVE↓

Drone Type
M350 RTK (large) 95.4 0.20 0.83
Mavic 3E (small) 80.6 0.30 0.84

Lighting Condition
Daytime 90.2 0.22 0.66
Night 68.3 0.55 1.98

the smaller Mavic 3E, benefiting from a larger radar cross
section. Under different lighting, all metrics degrade at
night, with mAP dropping by over 20% and AVE tripling,
highlighting the difficulty of low-light UAV detection.

Table VI presents the ablation results on query initializa-
tion and radar–camera fusion strategies. For query initializa-
tion, uniform sampling yields 78.8% mAP, while RayFormer-
style initialization slightly improves to 79.1%. Leveraging
2D image proposals (79.5%) and radar points (80.8%) pro-
vides stronger 3D priors, and combining both achieves the
best performance at 83.2%. For fusion strategies, conven-
tional cross-attention reaches 76.5%, while range-adaptive
aggregation (RAR [13]) increases accuracy to 80.5%. Our
proposed Distance–Velocity-Aware Fusion further boosts

TABLE VI
ABLATION ON QUERY INITIALIZATION AND FUSION METHOD.

Methods mAP (%) ↑

Query Initialization
Uniform initialization 78.8
RayFormer initialization 79.1
2D image proposal initialization 79.5
Radar-based initialization 80.8
Radar+Image assisted initialization 83.2

Radar–Camera Fusion
Conventional cross attention 76.5
RAR 80.5
Distance–Velocity-Aware Fusion 83.2

performance to 83.2%, showing that incorporating Doppler
velocity improves radar–camera association.

F. Qualitative Results

Fig. 5 presents the qualitative detection outcomes of
SRCF-UAV, with the top row showing 3D detection results
projected in the 2D image view and the bottom row in the
BEV. These examples demonstrate robustness across diverse
scenarios, including sunny daytime, cloudy daytime, and
night conditions. The UAVs on the left and right are the
smaller Mavic 3E models, while the center shows the larger
M350 RTK UAV. From the BEV results, it can be observed
that the detection accuracy declines in the night scenario,
which can be attributed to weak lighting conditions.

As shown in Fig. 6, we qualitatively compare the BEV
detection outputs of four detection methods. Green boxes in-
dicate ground truth annotations, while magenta, blue, yellow,
and indigo boxes correspond to SRCF-UAV, BEVFormer [4],
RCM [10], and SparseBEV [6], respectively. In general,
SRCF-UAV’s predictions tend to align more closely with
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the ground truth. Moreover, in low-light scenes where image
quality degrades, the radar-assisted methods, SRCF-UAV and
RCM, maintain higher localization accuracy, highlighting the
benefit of incorporating radar measurements.

VI. CONCLUSIONS

We proposed a novel 3D UAV detection approach based on
sparse radar–camera fusion, SRCF-UAV, which effectively
utilizes radar and camera data for reliable and efficient UAV
detection. We first initialized queries using 2D image propos-
als and radar points and then fused radar and image features
via distance-velocity-guided cross-attention. The proposed
approach achieves high precision with significantly lower
computational cost than dense BEV methods. Extensive
experiments confirmed the effectiveness of SRCF-UAV in
various scenarios. In addition, we produced a centimeter-
level radar–camera UAV dataset with over 20,000 instances,
providing a valuable foundation for future research.
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