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Abstract—The resilient surveillance of cooperative and non-
cooperative aerial targets is critical for the safety and security
of urban air mobility operations. Accurate detection, tracking,
and trajectory prediction are essential to the subsequent tasks,
e.g. tactical conflict prediction and resolution. Meanwhile, the
combination of radar and camera is a classic option to provide
perception services in different challenging environments. In this
paper, a deep semantic association network is proposed for
building relationships between the image detections and raw
radar points, which then contributes to subsequent tasks, e.g.
detecting, tracking, and predicting the small UAV with networked
radar and camera systems. Various flight trials are conducted for
collecting multi-sensor data, finally, training and testing results
on this dataset demonstrate the outstanding performance of
the proposed fusion workflow in comparison to single-sensor
performance. At the same time, the 2D predictions in the sensor
network are reconstructed to 3D trajectories for comparison
and also reveal the improvements of the radar-camera fusion
approach.

Index Terms—sensor fusion, deep association, neural network,
urban air mobility

I. INTRODUCTION

The efficient and safe operation is critical for urban air
mobility (UAM), which enables high-demand services such
as cargo delivery and passenger transit in the low-altitude
airspace. Cooperative unmanned aerial vehicles (UAV) rely on
onboard sensors for communication and sharing their positions
and intentions with the air traffic control system [1]. Whereas
non-cooperative even malicious intruders would be dangerous
for other flights if risks are not recognized and identified in
advance. For the purpose of operation safety and security, all
aerial objects should be detected and tracked in real-time for
assessing risks posed to other airspace users, as well as people
and infrastructures on the ground. In metropolitan regions, the
performance of some cooperative sensors and GPS degrades
because of the blocking of tall buildings and street canyons
[2]. To assist the surveillance of cooperative non-cooperative
targets, non-cooperative sensors, e.g. radar, optical camera,
and infrared sensing are required to provide complementary
information in addition to cooperative sensors. In this paper,
networked frequency-modulated continuous wave (FMCW)
radars and pan-tilt-zoom (PTZ) cameras construct the percep-
tion system. Optical cameras can capture the texture and visual
information of targets, and radars complement the distance,

speed, and additional information when the environment be-
comes challenging for optical cameras.

For fusing the radar and camera data, typical algorithms
can be categorized into three levels: data level, feature level,
and object level [3]. For the data-level fusion, the raw im-
ages and radar data are taken as the input into the same
network and output consistent predictions [4] [5]. At the
feature level, the intermediate features from separated sensors
are concatenated for subsequent networks [6] [7], which can
avoid the heterogeneity of raw data. The object level leverages
the preliminary result of the single detector and additional
strategies for fusion, e.g. evidence theory [8], gradient boosting
[9] and deep association [3]. This work investigates object-
level fusion and enables an efficient and universe pipeline
regardless of the types of sensors.

The synchronized and calibrated data is processed by the
YOLOvVS5-based detector at first. Raw radar points and pro-
cessed image detections are then associated by a deep semantic
association network which is trained with the contrastive loss.
In this way, the correlated points from different sensors work
as the measurements of the Kalman Filter to track and predict
the target trajectory. As the trajectory management of the UAV
must be in three-dimensional spaces, it is not sufficient to only
predict trajectories in 2D image views. To this end, trajectory
predictions in pairwise cameras with overlapping views will
finally be recovered from 2D to 3D following a tracking-
reconstruction scheme [10].

Contributions of this paper can be concluded as follows:

1) A deep semantic association network is designed for fus-
ing radar points and image detections, then benefits the
subsequent tasks, e.g. detection, tracking, and prediction.

2) Networked sensors are used to construct a radar-camera
dataset for UAV flight scenarios, where different flight
trajectories (circle, square, line, etc) at 4-6 meters al-
titude are planned. And the sensor network also con-
tributes to reconstructing 3D trajectories from 2D ob-
servations in pairwise camera views.

II. WORKFLOW OF RADAR AND CAMERA FUSION

In this section, the workflow of multi-sensor fusion is
demonstrated. The radar and camera data are processed at
first. Detection and semantic association networks are then
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illustrated. And the tracking and prediction procedure is simply
described.

A. Multi-sensor Calibration

Timestamp synchronization and spatial transformation are
fundamental procedures for the fusion task. Because of the
higher sample frequency of cameras than that of radars, the
closest camera frame to each radar frame is selected for
timestamp alignment.

In order to map radar points onto images, multi-sensor cal-
ibration is performed. We consider projecting points in radar
frame W’ into image frame W* directly without converting
to world frame W. The radar point (r,0) € W' is firstly
converted from polar to Cartesian coordinate system W™ by
xr =1 sin(0) and y, = 7 - cos(d). z, is set to 0 assuming
the radar image plane is aligned with « —y plane. In this case,
the transformation from radar frame W to pixel (u,v) € W!
can be formulated as:
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where fu, fy, cs,cy represent focal lengths and principal
points of the camera that are calibrated with a checkerboard.
R3«3 and T5y 1 are rotation and translation matrices.

With the corresponding point set in the radar and image
coordinate frames, it is convenient to obtain the rotation and
translation vectors from the SolvePnP algorithm [11].

B. Detection and Association

The overall architecture of radar-camera fusion is drawn in
Fig. 1.
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Fig. 1: Framework of camera and radar fusion.
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1) Camera Detection: In the fusion framework, a YOLOVS
model is trained as the image detector, owning to its fast-speed
inference and high accuracy. In the practical fusion procedure,
each image is fed into the detector and generates detected
bounding boxes. Depending on the image quality and target,
not all targets can be correctly detected. And some false-
positive results might be produced. As a result, single-camera
detection is not so reliable. The features of detected bounding
boxes (z and y coordinates of the center, and class prediction
confidence) are collected for the next fusion task.

2) Radar Perception: The radar used in this work returns
Range-Azimuth-Doppler information. The in-phase element
and the quadrature element of the radar return can be converted
to the magnitude in the Range-Azimuth image. In addition, the
velocity can be obtained based on Doppler information. It is
difficult to identify the real target based on the magnitude
or velocity due to the noisy background objects, reflective
characteristics, and target motion. To cope with this, the
denoised map D is generated by stacking the magnitude map
M and velocity map V with a speed limitation:

where the point whose speed is less than v,,;, will be
ignored. ©® represents the element-wise multiplication. A de-
noised sample is shown in Fig. 2, we can observe objects
obviously after removing noises. In this module, there is no
radar detection approach applied. All possible points in the
denoised map, whether false alarms or real object points, will
be fed into the network for the point-level association.

(a) Magnitude map.

(b) Velocity map.

(c) Denoised map.

Fig. 2: Radar data denoise.

3) Semantic Association: The semantic association network
is displayed in Fig. 1. The features of the bounding box
and radar points are fed into the two-stream long short-term
memory (LSTM) networks, respectively. Each branch outputs
the 2d position in a special coordinate frame. To associate
the correct radar point with the corresponding bounding box,
the contrastive loss [12] is utilized as a loss function as in
Eq. (3). Contrastive learning works for clustering data from
heterogeneous sensors.

Lcontrastwe (mcl 9 x’f‘] ) y 7:1/ ||f xcl - f(xrj ) HZ (3)
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where y is the binary label. If the camera bounding box
T, (in the image coordinate system) and radar point x,,
(in the radar coordinate system) are from the same object,
we set y = 1, and the distance between encoded features
f(xc;) and f(x,;) is minimized. Otherwise, y = 0, and
the different-class radar points and the bounding box will be
separated by the network. As a consequence, the radar points
and image bounding boxes are clustered according to the
attribute. Especially, the network outputs f(z.,) and f(x,;)



are located in a special two-dimensional embedding space R?
learned by the network.

Another important purpose of the semantic association is
cross-validation. If the bounding box is predicted accurately,
the radar points nearby will reinforce the confidence of de-
tections, otherwise, the real detection should be assessed by
tracking and prediction components.

Finally, the nearest distance is used to find the closed radar
points to target camera point in the embedding space R2. The
indices of all points will be recorded to retrieval the original
data. For instance, if points f(z.,), f(z,,) and f(x,,) in the
embedding space R? are related. Then indices ¢, 71 and 79
help to obtain the associated camera detection x., and raw
radar points z,,(j = 1,2). The associated raw data will be
used for tracking and forecasting in the next stage.

C. Tracking and Prediction

With reliable detection results, the typical Kalman Filter
(KF) is leveraged to estimate target states and predict the
trajectory. From the deep semantic association in the previous
section, the associated radar point z,(j 1,...,n) and
image bounding box z. can be obtained. Raw radar points are
projected to the image view and denoted by x’cj g=1...,n).
The fused measurement x; is calculated by the weighted
distance between the center of valid radar points and the target
box center:

Tf=a- %Z?ﬂ z, +(1—a)- . 4)
where o = max (O, P — xc) is determined by the
distance value. The weight changes dynamically according to
the distribution of radar points and the target bounding box.
It is necessary to mention that the KF here works only as the
tracker and predictor instead of fusion, as fusion is achieved
by the deep association and weighted distance.

III. EXPERIMENTS

In this section, the radar-camera dataset is collected for
training and testing. And the training accuracy of YOLOvV5S
detection and semantic association are presented. The per-
formance of trajectory prediction is also evaluated in test
scenarios.

A. Dataset

To fulfill the radar-camera fusion, the dataset is fundamen-
tal for the study. We conducted several flight trials with a
small UAV over the Multi-User Environment for Autonomous
Vehicle Innovation (MUEAVI) road at Cranfield University.
A set of heterogeneous sensors including radar, camera, and
camera are integrated into the MUEAVI system. And we can
easily collect the flight data with this system. In our flight
trials, 3 radars and 7 cameras are used, and the layout of these
sensors is displayed in Fig. 3. The camera has nearly infinite
view distance, whereas the radar can detect objects within 150
meters.
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Fig. 3: Parts of radars and cameras layout on MUEAVI road.

The radar and camera can be used for fusion only if they
have a common perception area. For instance, radar 17 only
has the intersecting region with camera 19. In this case, we
can just fuse the aligned data between radar 17 and camera
19, and there is no valid data for fusing radar 17 and camera
09. Data from radar 11 can be used for fusing with multiple
cameras because it has overlapped observation areas with
6 different cameras. The advantage of overlapping views is
the convenience of recovering 3D position from pairwise 2D
views.

To this end, the realistic flight is performed by a single UAV
to collect the data. We then select some data sequences from
the flight trials to construct the dataset. Only those frames in
which the target simultaneously appears in camera and radar
are used. As shown in TABLE II, the dataset consists of
4201 camera and radar frames in total for all radar-camera
combinations.

TABLE I: Frame number of each radar-camera combination

Radar Node 11 14 17
Camera Node

09 89 - -
10 657 728 -
12 501 452 -
13 70 - -
15 773 673 -
17 102 84 -
19 - - 72

The initial update rate of the radar is 15.625 Hz assuming
128 Doppler bins and then downgraded to 5-6 Hz to increase
the Doppler resolution. And the camera capture frequency is
30 Hz. As the radar and camera are temporally aligned based
on the radar sampling frequency, the synchronized data finally
works in 5-6 frames per second.

B. Image Detector Training Result

The first step in our fusion framework is training an image
detector with YOLOVS. And all 4201-frame images captured
from different cameras are randomly split into train sets and
test sets. It is expected to obtain a generalized model without
considering the specific camera information.



The pre-trained image detector is then applied to the test
set for evaluation. We can observe the 97.7% accuracy from
TABLE II. And the means average precision (mAP) for an
IoU (intersection over union) threshold of 0.5 achieves 94.8%,
in addition to the 60.2% mAP over different IoU thresholds,
from 0.5 to 0.95. Thus the trained model can be regarded as
an accurate image detector for the fusion task.

TABLE II: Test results of trained YOLOvVS5 model

Recall
0.901

mAP@.5
0.948

mAP@.5:.95
0.602

Precision
0.977

Epoch
300

C. Semantic Association Training Result

The semantic association is the critical component in the
fusion framework. The idea is to cluster the camera and radar
points from the same target. After training, we can view the
distributions from Fig. 4 that the projected features of radar
(green color) and camera (blue color) points belonging to the
drone are initially separated remotely. In contrast, radar and
camera features in the right subplot can be pushed to be closed
after the association. Especially, the long-tailed distribution
of radar features arises from the performance difference of
various radar configurations. Especially, = and y axes in Fig. 4
are determined by the 2D embedding space R? of the network
and show the distribution distinction.
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Fig. 4: Feature distributions before and after training the deep
association network.

The semantic association can determine the class of all
radar points. As is depicted in Fig. 5, all radar points from
radar 11 and the image bounding box from camera 9 can be
associated semantically, and the correct points from the drone
are clustered. Those points are then drawn in the image frame
for visualization.
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Fig. 5: Association example (left: association result; right:
points in image frame).

D. Case Studies

With the performance of the image detector and semantic as-
sociation guaranteed, the tracking and prediction performance
after fusion is also necessary for evaluation with the Kalman
Filter.

The root-mean-square error (RMSE) metric is calculated
for measuring the difference between estimated trajectory and
manually annotated ground truth, which is formulated by:

N 1/2
RMSE = |> (pi — 0,)*/N 5)

=1

where p; and o; are estimated positions and corresponding
ground truth of the ¢-th point in the trajectory. The unit of
RMSE here is pixel in the image coordinate system.

Besides the KF predictor (Fusion_KF) with fused measure-
ment input, as a comparison, another two KF predictors are
also applied for single-sensor measurement, i.e. Cam_KF for
camera prediction and Rad_KF only for radar input.

1) Evaluation in 2D image views: We start from evaluating
the trajectory prediction in 2D image frames. In the plotting
such as Fig. 6, the term “Measurement” in the figure denotes
the fused input to Fusion_KF. Predicted trajectories from
Fusion_KF, Cam_KF , Rad_KF and ground truth are drawn
in the left coordinate frame and the right image frame. The
x and y coordinates in these figures are pixel positions in the
original image coordinate.

Quantity values of RMSE in TABLE III demonstrate the
prediction performance of single-type sensors and various
combinations of radar and camera. We can observe the better-
fused results than predicting with the single-type sensor. An
important reason is that the single sensor misses the object in
some frames, and the KF predictors are not updated in these
frames. Whereas the fused measurements can avoid this issue
to some extent except the target signals of different sensors
are lost at the same time.

TABLE III: RMSE Comparison (unit: pixel in image frame)

Camera Node | Radar Node Cam_KF Rad_KF Fusion_KF
09 11 54.536 59.075 54.170
10 11 82.501 109.993 82.134
10 14 86.307 101.737 86.103
12 11 72.418 97.935 72.156
12 14 76.341 101.811 76.186
13 11 87.572 179.072 88.075
15 11 78.827 82.835 78.837
15 14 38.519 41.438 38.559
17 11 53.773 54.773 53.845
17 14 71.685 72.948 71.675
19 17 111.191 199.352 110.826

For visualization, predicted trajectories from camera 10,
camera 12 and radar 14 are demonstrated in Fig. 6 and Fig.
7. The drone moves along with a circular path. Radars fail to
get reflective signals at critical turning points. As a result, we
can see that the predicted radar trajectories are not of good



quality. The fusion is then managing the advantage of camera
measurements to improve the prediction performance.

When fusing the camera 15, radar 11 and radar 14, we get
worse fusion results in contrast to Cam_KF in TABLE III. In
these two scenarios, the error from radar measurements affects
the final fusion quality. Similar issue also happens when fusing
camera 17 and radar 11 as in in TABLE IIl. The enlarged
radar projection error is caused by the drone movement relative
to the radar. The radar is not capable of detecting the drone
well at specific angle and altitude. However, for camera 17
and radar 14, as well as camera 19 and radar 17, the fused
performances still surpass the single-sensor prediction.

2) Evaluation in 3D space: Then we assess the perfor-
mance after trajectories are predicted in 2D image frames. The
corresponding trajectories in pairwise 2D camera views are
then reconstructed to 3D space following the workflow in [10].
Three scenarios different maneuvering scenarios are selected
to explain the performance. For Scenario 1, flight trajectories
in Fig. 6 and Fig. 7 are observed from the same flight trial.
In other words, corresponding trajectories in camera 10 and
camera 12 can be reconstructed to 3D space as plotted in
Fig. 8. For Scenario 2, corresponding predictions in camera
10 (Fig.9) and camera 15 (Fig. 10) can be rebuilt to the 3D
trajectory in Fig. 11. Similarly, for Scenario 3, 2D trajectories
in Fig. 12 observed from camera 15 and Fig. 13 from camera
12 view contribute the recovered 3D trajectory in Fig.14.

In this way, predictions from single sensor and fusion are
all reconstructed to 3D space, the RMSE in the realistic scale
are compared in TABLE. IV. It is convenient to find that the
fused trajectory in the three scenarios are still closer to the
ground truth.

Finally, we can conclude that the fusion framework is effec-
tive to perform drone detection, tracking, and prediction tasks
in different camera and radar views. And various combinations
of radars and cameras in the sensor network are effective for
the surveillance of UAM .
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Fig. 6: Predictions in image frame (camera 10 and radar11).
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Fig. 9: Predictions in image frame (camera 10 and radar14).
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Fig. 12: Predictions in image frame (camera 15 and radarl4).
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Fig. 13: Predictions in image frame (camera 12 and radar14).

IV. CONCLUSIONS

In this work, the detection, tracking, and trajectory predic-
tion of the small UAV are studied with the radar-camera fusion,
to promote the surveillance of cooperative and non-cooperative
aerial objects, as a consequence, ensuring flight safety and
security in urban air mobility. A fast fusion framework is
illustrated, with a YOLOv5-based image detector, a semantic
association network, and the Kalman Filter for tracking and
prediction. Especially, the deep association network is the
kernel component for relating the correct points in radar and
camera frames. Without correct association, the prediction will
be polluted by error-fused measurements. And the results from
different flight trials and various combinations of camera and
radar can prove the effectiveness of the fusion framework.

There are still some improvements to be performed in the
future. For instance, current short-term trajectory prediction
is not able to be used by tactical conflict detection since the
drone in the urban environment can maneuver fast, and the
intention-based long-term trajectory prediction is required to

Measurements

KF prediction (fusion)
KF prediction (camera)
KF prediction (radar)
Ground truth

Fig. 14: Predictions in 3D frame (scenario 3).

TABLE IV: RMSE Comparison of 3D trajectories (unit:
meter)
Scenario 1 2 3
Camera Node 1 10 10 15
Radar Node 1 11 14 14
Camera Node 2 12 15 12
Radar Node 2 11 14 14
Cam_KF 0.145 0.211 0.096
Rad_KF 2.035 0.428 1.477
Fusion_KF 0.122 0.200 0.067

forecast the trajectory conflict in advance.
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