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ABSTRACT
For precise, efficient, and safe drone landings, ground platforms
should real-time, accurately locate descending drones and guide
them to designated spots. While mmWave sensing combined with
cameras improves localization accuracy, lower sampling frequency
of traditional frame cameras compared to mmWave radar creates
bottlenecks in system throughput. In this work, we replace tradi-
tional frame camera with event camera, a novel sensor that harmo-
nizes in sampling frequency with mmWave radar within ground
platform setup, and introduce mmE-Loc, a high-precision, low-
latency ground localization system designed for drone landings. To
fully leverage the temporal consistency and spatial complementarity
between these modalities, we propose two innovative modules,
consistency-instructed collaborative tracking and graph-informed
adaptive joint optimization, for accurate drone measurement extrac-
tion and efficient sensor fusion. Real-world experiments in landing
scenarios from a drone delivery company demonstrate that mmE-
Loc outperforms SOTA methods in both accuracy and latency.

CCS CONCEPTS
• Computer systems organization→ Embedded systems; •
Information systems→ Location based services.
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Figure 1: Snapshot of drone landing phase, airport, and sen-
sors performance. (a) A delivery drone lands on the platform. (b)
The real-world drone airport is equipped with multiple drones for
package delivery. (c) Integrating mmWave radar with event camera
combines reliable depth sensing and 2D imaging at ultra-high sam-
pling frequencies, enabling high spatial-temporal resolution and
depth sensing, while ensuring compatibility with flight controllers.

1 INTRODUCTION
Projected to soar to a $1 trillion market by 2040 [1], the drone-
driven low-altitude economy is transforming sectors with revolu-
tionary applications such as on-demand delivery [2–4], meticulous
industrial inspections [5–8], and rapid relief-and-rescue [9–11]. Of
paramount importance within this burgeoning sector is the landing
phase, where ground platforms locate drones descending from be-
low 10 meters and guide them to accurately land at designated spots
(Fig.1a) [12, 13]. Situated near populated and commercial zones,
these operations emphasize safety and reliability: our research with
a leading drone delivery company reveals that a landing bias of just
10𝑐𝑚 will result in drones damaging delivery targets or missing
their charging ports [14]. Such inaccuracies disrupt the operational
efficiency of this swiftly growing economic sector, with potentially
severe consequences.

Widely adopted and straightforward approaches involve in-
stalling cameras at the center or edges of drone landing pads and
employing computer vision algorithms for drone localization [15–
17]. However, traditional frame cameras’ Achilles heel is capturing
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only 2D images without depth information, leading to scale uncer-
tainty that limits the 3D localization accuracy [18� 20]. To address
this shortcoming, current practices have incorporated mmWave
sensing to provide the lacked depth information for better localiza-
tion accuracy and reliability in various conditions [21�27].

Albeit inspiring, our benchmark study with a world-leading
drone delivery company in landing scenarios (Fig.1b) reveals an-
other critical drawback (Fig.1c): the exposure times of frame cam-
eras (>20<B) prevent their sampling rates from matching the high
frequency of mmWave radars (e.g., 200Hz). This limitation creates
system e�ciency and throughput bottlenecks, restricting drone
location updates to below 50Hz. In contrast, drone �ight controllers
typically require location input rates over 150Hz to precisely adjust
the drone's �ight attitude for safe landing [28, 29]. The ine�ciency
originates from the inherent physical limitations of conventional
frame cameras and cannot be easily solved by software solutions.
Upgrade frame camera to event camera. Event cameras are
bio-inspired sensors that report pixel-wise intensity changes with
<B-level resolution [30, 31], capturing high-speed motions without
blurring [32], ideal for fast-tracking tasks [33,34]. Event cameras of-
fer<B-level sampling latency, which harmonizes exceptionally with
the high sampling frequencies of mmWave radar. Their 2D imag-
ing capability also complements radars' limited spatial resolution,
similar to how traditional frame cameras operate. Suchtemporal-
consistencyandspatial-complementarityacross both modalities in-
spire us to upgrade frame cameras with event cameras to pair with
radar for accurate and fast drone localization.
Our work. Following the above insight, we presentmmE-Loc, the
�rst active, high-precision, and low-latency landing drone ground
localization system that enhances mmWave radar functionality
with event cameras. mmE-Loc works in scenarios where urban
canyon environments degrade the accuracy of GPS or RTK systems
as altitude decreases, rendering them nearly ine�ective for the land-
ing phase. With mmE-Loc, drones achieve reliable localization even
under challenging conditions (e.g., weak illumination), ensuring
stable and e�cient landing.

However, our benchmark study at a real-world drone delivery
airport (Fig.2a) highlights several challenges that have been solved
in making mmE-Loc a viable system outdoors:¹8º How to accu-
rately extract drone-related measurementsgiven the immense noisy
output of event cameras and mmWave radars, which also lack inher-
ent drone semantic information and di�er greatly in dimension and
pattern? Both modalities are sensitive to environmental variations
(e.g., changes in lighting conditions), as shown in Fig.2b. Exist-
ing algorithms [35� 38] are typically designed for single-modality,
resulting in low noise �ltering rates (recall and precision < 65%
in Fig.2c).¹88º How to e�ciently fuse event camera and mmWave
readingsthat are heterogeneous in measurement precision, scale,
and density? Existing EKF (extended Kalman �lter) or PF (parti-
cle �lter) based approaches [39� 41], su�er from cumulative drift
errors, making them insu�cient for precise localization (Fig.2d).
¹888º How to optimize the e�ciency of the fusion algorithmto achieve
high-frequency drone ground localization, given the limited com-
putational resources on landing platforms? Existing methods expe-
rience signi�cant processing delays, rendering them unsuitable for
low-latency localization tasks (Fig.2d) [39�41].

Figure 2: Benchmark study on drone localization. (a) Bench-
mark study at a real-world drone delivery airport; (b) Both sensors
are sensitive to environmental variations; (c) Existing algorithms
su�er from low noise �ltering rates; (d) Existing algorithms experi-
ence cumulative drift errors and delays.

To solve the above challenges, the design and implementation of
mmE-Loc excel in the three aspects of drone ground localization:
� On system architecture front.Upgrading frame camera to event
camera with<B-level latency to pair the mmWave radar, mmE-Loc
improves drone ground localization at data source. The system ar-
chitecture tightly integrates both modalities, from early-stage noise
�ltering and drone detection to later-stage fusion and optimization,
fully leveraging the unique advantages of both sensors (Ÿ2.1).
� On system algorithm front.We introduce a Consistency-Instructed
Collaborative Tracking (CCT) algorithm, which leverages the drone's
periodic micro-motion and cross-modaltemporal-consistencyto
�lter environment-triggered noise, achieving accurate drone detec-
tion (Ÿ3.1). We then present a Graph-Informed Adaptive Joint Opti-
mization (GAJO) algorithm, which fusesspatial-complementarity
with a novel factor graph to boost drone ground localization, result-
ing in a trajectory with minimal bias and low cumulative drift(Ÿ3.2).
� On system implementation front.We further analyze the sources of
latency and propose an Adaptive Optimization method to improve
the e�ciency of the GAJOalgorithm. This approach allowsGAJO
to dynamically optimize a set of locations, maintaining accuracy
while reducing latency (Ÿ4).

We fully implement mmE-Loc using a COTS event camera and
mmWave radar. Over 30+ hours of indoor and outdoor experiments
under various drone �ight conditions assess its localization ac-
curacy and end-to-end latency performance against four SOTA
methods. mmE-Loc achieves an average localization accuracy of
0.083< and latency of 5.15<B, surpassing baselines by >48% and
>62%, respectively, and showing minimal sensitivity to drone type
and environment. We also deploy mmE-Loc at a real-world drone
delivery airport (Fig.2a) for 10 hours, demonstrating its practicality
for commercial-level drone landing requirements.

In summary, this paper makes the following contributions.
¹1º We explore a fresh sensor con�guration, event camera plus
mmWave radar, that embraces and harmonizes ultra-high sampling
frequencies and propose mmE-Loc, a ground localization system
for drone landings that delivers2< accuracy and<B latency.
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Figure 3: System architecture of mmE-Loc.

¹2º We present��) , which leveragestemporal consistencyand the
drone's periodic micro-motions for precise drone detection; and
���$ , which employsspatial complementaritywith a novel factor
graph to enhance drone localization.
¹3º We implement and extensively evaluate mmE-Loc by compar-
ing it with four SOTA methods, showing its e�ectiveness. We also
deploy mmE-Loc in a real-world drone delivery airport, demon-
strating feasibility of mmE-Loc.

2 SYSTEM OVERVIEW
The mmE-Loc enhances the mmWave radar with an event camera
to achieve accurate and low-latency drone ground localization, al-
lowing the drone to rapidly adjust its location state and perform a
precise landing. Given the critical importance of safety in commer-
cial drone operations, mmE-Loc can work in conjunction with RTK
or visual markers to ensure precise landing performance. In this
section, we mathematically introduce the problem that mmE-Loc
tries to address and provide an overview of the system design.

2.1 Problem Formulation
In this section, we illustrate key variables in mmE-Loc and introduce
the system's inputs and outputs.

Reference systems.There are four reference (a.k.a., coordinate)
systems in mmE-Loc:¹8º the Event camera reference systemE; ¹88º
the Radar reference systemR; ¹888º the Object reference systemO;
¹8Eº the Drone reference systemD. Note that a drone can be consid-
ered as an object. For clarity, before an object is identi�ed as a drone,
we utilizeO. Once con�rmed as a drone, we useDfor the drone and
continue usingOfor other objects. Throughout the operation of
system,EandRremain stationary and are rigidly attached together,
while OandDundergo changes in accordance with movement of
the object and the drone, respectively. The transformation fromR
to Ecan be readily obtained from calibration [42].

Goal of mmE-Loc. The goal of mmE-Loc is to determine 3D
location of the drone, de�ned asCED, the translation from coordinate
systemDto E. Speci�cally, mmE-Loc optimizes and reports 3D
location of drone¹;G• ;~• ;I º at each timestamp8with input from
event stream and radar sample.CEDand (;G, ;~, ;I ) are equivalent
representations of the drone's location and can be inter-converted
with Rodrigues' formula [43]. The former representation is adopted
in the paper, as it is commonly used in drone �ight control systems.

2.2 Overview
As illustrated in Fig.3, mmE-Loc comprises two key modules:
� The CCT(Consistency-instructedCollaborativeTracking) for
noise �ltering, drone detection, and preliminary localization of the
drone. This module utilizes time-synchronized event streams and
mmWave radar measurements as inputs. Subsequently, theRadar
Tracking Modelprocesses radar measurements to generate a sparse
3D point cloud. Meanwhile, theEvent Tracking Modeltakes into the
stream of asynchronous events for event �ltering, drone detection,
and tracking. Finally,Consistency-instructed Measurements Filter
aligns the outputs of both tracking models by leveragingtemporal-
consistencybetween the two modalities. It then utilizes the drone's
periodic micro-motion to extract drone-speci�c measurements and
achieve drone preliminary localization.
� The GAJO(Graph-informedAdaptiveJoint Optimization) for
�ne localization and trajectory optimization of the drone. Based on
the operational principles of two sensors and their respective noise
distributions,GAJOincorporates a meticulously designedfactor
graph-based optimizationmethod. This module employs thespatial-
complementarityfrom both modalities to unleash the potential of
event camera and mmWave radar in drone ground localization.
Speci�cally,GAJOjointly fuses the preliminary location estimation
from theEvent Tracking Modeland theRadar Tracking Modeland
adaptively re�nes them, determining the �ne location of drone
with <B-level processing time.

3 SYSTEM DESIGN
In this section, we introduceCCT: Consistency-instructed Col-
laborative Tracking for noise �ltering, detection, and preliminary
localization of drone (Ÿ 3.1). Subsequently, we delve intoGAJO:
Graph-informed Adaptive Joint Optimization for �ne localization
and trajectory optimization of drone (Ÿ 3.2).

3.1 CCT: Consistency-instructed
Collaborative Tracking

The mmWave radar is prone to signal multipath e�ects, leading to
inaccurate point cloud data. Meanwhile, the event camera captures
per-pixel brightness changes asynchronously, which are frequently
in�uenced by non-drone factors such as shadows. However, the
absence of intrinsic drone semantic information, combined with
signi�cant di�erences in dimension and patterns between these
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Figure 4: Illustration of tracking models in Consistency-instructed Collaborative Tracking algorithm.

Figure 5: Illustration of synchronous frames and asynchro-
nous events. Frame cameras use a global shutter to capture images
at �xed intervals, while each pixel in an event camera responds
independently, generating events asynchronously when intensity
changes exceed a threshold.

two modalities, presents challenges for noise �ltering. This results
in drone detection bottlenecks, which further reduce the e�ciency
and accuracy of localization. Therefore, in this part, we focus on
enhancing noise �ltering and drone detection, while providing
preliminary localization of the drone.

To address this challenge, we explore the operational principles
of both sensors. Our design is based on observations:(i) Event
camera and mmWave radar demonstrate temporal consistency and
distinct response mechanisms.Event camera and mmWave radar
maintain<B-level latency. Additionally, event cameras are unaf-
fected by multipath e�ects, whereas mmWave radar remains im-
pervious to changes in brightness.(ii) Drone exhibits periodic micro
motion features (e.g., propeller rotation),which can serve as stable
and distinctive features of drone. These facilitate e�cient cross-
modal noise �ltering by aligning measurements from the event
camera and mmWave radar and enable drone detection by extract-
ing drone measurements through periodic micro-motions.

To realize this idea, we designCCT, a lightweight cross-modal
drone detector and tracker.CCTincludes several components:¹8º
a Radar Tracking Model (Ÿ3.1.1) providing sparse point cloud indi-
cating distance and direction information of objects;¹88º an Event
Tracking Model (Ÿ3.1.2) for event �ltering, detection, and track-
ing of objects;¹888º a Consistency-instructed Measurements Filter
(Ÿ3.1.3) utilizes temporal consistency between both modalities and
drone's periodic micro-motion features to extract detection and
point cloud of drone, facilitating the preliminary localization.

3.1.1 Radar Tracking Model . In this part, we calculate the dis-
tance� and direction vector®Ebetween the radar and objects, along
with a preliminary estimation of the object's location, as depicted
in Fig.4a and Fig.4b.

Distance calculation. As shown in Fig.4a, the frequency dif-
ference between the transmitted (TX) and received (RX) signals

indicates the signal propagation time, revealing the distance be-
tween the object and the radar. Denoting� 8 as the distance at time
8, TX and RX signals as:

( 8
) - =exp

h
9

�
2c 528¸ c 8 2

� i
• (8

'- =U() -
�
8� 2� 8•2

�
• (1)

whereUdenotes the attenuation rate,52 is the initial frequency, 
represents the chirp slope of the FMCW signal, and2 stands for
speed of light. The TX and RX signals undergo mixing and low-pass
�lter (LPF) to extract intermediate frequency signal (IF signal)B¹Cº:
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The frequency value5� � within ( 8
� � encapsulates distance informa-

tion. After the Range-FFT operation( 8
� � , 5� � is extracted, facilitating

distance calculation� 8 = 25� � •2 .
Direction calculation. Using a �xed antenna array, the mmWave

radar determines the object's direction by employing two orthogo-
nal linear arrays. As depicted in Fig.4b, each linear array captures
an Angle of Arrival (AoA), calculated from the phase di�erence
between adjacent antennas spaced apart by3 as2>B\= � q_•2c3,
where\ represents AoA,_ denotes the wavelength and� q indicates
the phase di�erence. With two orthogonal arrays, the radar obtains
two AoAs,\ G and\ ~. The unit vector indicating the object's direc-

tion at time8is given by®E8 = »cos\ Gcos\ ~

q
1 � cos2 \ G � cos2 \ ~¼T.

Using the distance and angle information obtained above, along
with the spatial relationship between radar and event camera, we
can determine the preliminary 3D location estimation of the object
in Eas%� = � ®E¸ C�' . We then leverage the mmWave radar for
object 3D location tracking, estimating the translationCEOof the
object fromOto Eat time8:

C8
EO= C8� 1

EO ¸ * 8
E ¸ F 8 ¸ F 8� 1

= C8� 1
EO ¸

�
%8

E � %8� 1
E

�
¸ F 8 ¸ F 8� 1”

(3)

* 8
E is discrepancy between two radar calculation results at times8

and8� 1 in E. F8 andF8� 1 signify the measurement noise.
While mmWave radars excel at estimating object depth along the

radial direction, they struggle to accurately capture horizontal and
vertical (tangential) motion [44, 45]. To address this issue, we in-
troduce the event camera, which has similar latency but a di�erent
sensing principle. With high spatial resolution, the event camera
detects objects and compensates for mmWave radars' limitations
in the tangential direction.

3.1.2 Event Tracking Model . In this part, we demonstrate the
process of noise �ltering from a stream of asynchronous events,
and how to detect and track objects with the �ltered events, as
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Figure 6: Step-by-step �ltering performance. TheCCTmodule in mmE-Loc eliminate noise events, mmWave point cloud and erroneous
detection by employingtemporal-consistencyof both modalities.
depicted in Fig.4c. Compared to frame cameras that use a global
shutter to capture images at �xed intervals, event cameras record
pixel-wise intensity changes with<B-level resolution and sampling
latency, enabling high-speed motion capture without blurring but
adding complexity to noise �ltering and object detection (Fig. 5).

Similarity-informed event �ltering. Event cameras are prone
to noise from transistor circuits and other non-idealities, requiring
pre-processing �ltering. For the8C� event48

¹G•~º with the timestamp

C8
¹G•~º , we assess the timestamp (C8

=¹G•~º) of the most recent neigh-
boring event in all directions. Events with a time di�erence less
than the threshold) = are retained, indicating object activity, while
those exceeding it are discarded as noise (Fig.6b, Fig.6c). We utilize
the Surface of Active Events (SAE) [46] to manage events, mapping
coordinates¹G•~º to timestamps¹C; • CAº. Upon a new event's arrival,
C; updates accordingly, andCA updates only if the previous event at
the same location occurred outside the time window) : or had a
di�erent polarity. Events that update value ofCA are retained. The
event stream, segregated by polarity, is processed with distinct
SAEs. This method ensures precise spatial-temporal representation,
reducing events and conserving computational resources.

Filter-based detection and tracking. We employ a grid-based
method to cluster events to facilitate object detection. The cam-
era's �eld of view is partitioned into elementary cells sized2F � 2� .
For each cell, we compare the event count within a speci�ed time
interval (2� C) to an activation threshold2C�A4B. Cells surpassing
2C�A4Bare marked as active and connected to form clusters, serv-
ing as object detection results, including those generated by the
drone. For tracking, we deploy Kalman �lter-based trackers with
a constant velocity motion model, as the Kalman �lter provides
low-latency estimates with minimal computational cost. A tracker
predicts the state of the current object and associates it with the
input cluster that has the largest Intersection Over the Union area.
The input cluster corrects tracker state, generating bounding boxes,
and e�ectively tracking moving objects, including the drone.

Using bounding box proposals and the pinhole camera model
with projection functionc , we estimate the preliminary 3D loca-
tions of objects. Speci�cally, the projection functionc transforms
a 3D pointXE in Einto a 2D pixelGin the image plane as:

G=c ¹XEº= »5G- E•/ E¸ 2G• 5~. E•/ E¸ 2~¼) •XE= »- E• .E• / E¼) • (4)

where»5G• 5~¼) is the focal length of the event camera, and»2G•2~¼)

denotes the principal point, both being intrinsic camera parameters.
Then, the object's preliminary location at time8is estimated using
the center point of bounding box proposalG8 as:

G8 = c ¹X8
Eº ¸ E8 = c ¹X8

O¸ C8
EOº ¸ E8• (5)

whereX8
Orepresents the corresponding 3D point of center point

G8 in the object referenceO, E8 denotes the random noise. When
extracting center points from bounding box proposals, we �rst
undistort their coordinates.
3.1.3 Consistency-instructed Measurements Filter . TheEvent
Tracking Modeldetects drones and other objects causing light
changes, such as indicator lights or shadows. The system must
distinguish the landing drone from these objects. Similarly, the
Radar Tracking Modeloutputs a 3D point cloud containing both
the drone and noise from multipath e�ects, requiring extraction of
the drone's relevant points.

Consistency-instructed alignment. Utilizing the temporal-
consistencyfrom the event camera and radar, and their distinct
mechanisms respond to dynamic objects, we �lter event camera
results a�ected by lighting variations on stationary objects and vice
versa for radar points in�uenced by multipath e�ects. Speci�cally,
we align synchronized radar points (Radar Tracking Model) to each
event bounding box (Event Tracking Model) (Fig.6d). Using event
camera's projection, we determine that object's location lies along
the ray from the camera's optical center through bounding box
center. The system then identi�es the nearest radar points along
this ray to isolate the object-associated points. If no radar point is
detected, the bounding box is treated as noise and disregarded.

Periodic micro motion-aid measurements extraction. Since
each platform supports one drone landing at a time, we need to
identify a distinguishing feature of the landing drone, which ef-
fectively di�erentiates the drone from noise, and use it to extract
landing drone-speci�c measurements from the aligned tracking
results. Our �nding is that drones exhibit periodic micro-motions
(e.g., propeller rotation), which can serve as stable and distinctive
features of the drone. We transform the spatio-temporal distribu-
tion of events into a heatmap and apply statistical metrics to isolate
drone measurements leveraging this feature. Speci�cally, within
a time window »8• 8̧ X8¼, events are binned into a 2D histogram
where each bin corresponds to a spatial region (e.g..,5 � 5 pixels).
Bins containing propeller rotation tend to accumulate more events
due to rapid light intensity changes. Meanwhile, these propeller
rotations generate bipolar events within a bin, while background
motion and noise typically result in unipolar events (e.g., from �y-
ing birds). Therefore, we select bins with propeller rotation based on
event counts and the proportion of positive events, favoring those
with higher counts and a more balanced ratio. Finally, we identify
event tracking results with the most bins indicative of propeller
rotation and corresponding point clouds (C�$ ), designating them as
drone tracking results (C�� ) for preliminary localization from two
models as shown in Fig.6e. When multiple drones are scheduled to
land, they descend and land sequentially. This method accurately
identi�es the landing drone and extracts relevant measurements.



SenSys '25, May 6�9, 2025, Irvine, CA, USA Haoyang Wang, et al.

3.2 GAJO: Graph-informed Adaptive
Joint Optimization

The preliminary drone location estimations from the event and
radar tracking models su�er from biases. Speci�cally, event camera
estimations face scale uncertainty, while radar estimations struggle
with limited spatial resolution, scatter center drift, and accumu-
lating drift. Additionally, estimations from di�erent models are
heterogeneous in precision, scale, and density, complicating the fu-
sion and optimization. Therefore, in this part, we prioritize accurate
drone ground localization and trajectory tracking.

Our design is founded on the insight thatthe Event Tracking
Model and Radar Tracking Model provide distinct features that are
spatial-complementarity to each other.As a result, the 2D imaging
capability of event cameras and the depth sensing capability of
mmWave radar mutually enhance each other when combined, as
demonstrated in Fig.7. Since both the event stream and mmWave
samples are drone-related, fully leveraging thespatial- complemen-
tarity of these two modalities through joint optimization o�ers
the potential to signi�cantly improve performance. This leads to a
trajectory with reduced bias and minimized cumulative drift.

To realize this idea and push the limit of localization accuracy
while minimizing latency, we introduce aGAJO, a factor graph-
based location optimization framework designed for low-latency
and accurate drone 3D localization (Ÿ3.2.1).GAJOincludes two
parallel tightly coupled modules:¹8º short-term (inter-SAE track-
ing) and¹88º long-term (local location optimization) optimizations,
collectively enhancing location tracking precision (Ÿ3.2.3). Beyond
the capabilities ofEvent Tracking modelandRadar Tracking model,
GAJOassimilates prior knowledge of drone's �ight dynamics to
re�ne the trajectory for enhanced smoothness and accuracy (Ÿ3.2.2).

3.2.1 Factor graph-based Optimization . A factor graph com-
prises variable nodes, indicating the states to be optimized (e.g.,
C8
�� ), and factor nodes, representing the probability of certain

states given a measurement result. In mmE-Loc, measurements
are derived from the Event Tracking (ET) model (G8) and Radar
Tracking (RT) model (� 8, ®E8, and* 8

� ). To estimate the values of
a set of variable nodesX = fC8

�� j8 2 T g given measurements
Z = fG8• � 8•®E8• * 8

� j8 2 T g, GAJOoptimizes all connected factor
nodes based on maximum a posteriori estimation:

X̂ = arg max
X

?¹X j Z º = arg max
X

?¹Xº ?¹Z j Xº

= arg max
X

?¹Xº
Ö

82 T

?
�
G8 j C8

��

�
?

�
� 8•®E8• * 8

� j C8
��

�
•

(6)

which follows the Bayes theorem.?¹Xº is the prior information
over X = fC8

�� j8 2 T g, which is inferred from drone �ight char-

acteristics. The?
�
G8 j C8

��

�
is the likelihood of the ET model mea-

surements. The?
�
� 8 j C8

��

�
, ?

�
®E8 j C8

��

�
and?

�
* 8

� j C8
��

�
are like-

lihood of the RT model measurements.

3.2.2 Probabilistic Representation . Inferring the drone's loca-
tion requires prior term and likelihood term in Eqn.(6).

Prior term. The prior term,?¹C8
�� º, represents the drone's lo-

cation probability distribution at time8una�ected by current mea-
surements. Derived from a constant velocity model, it suggests the

Figure 7: Illustration of relationship between GAJOand CCT.
The GAJOmodule harness thespatial-complementarityof both
modalities through a join optimization.
drone maintains steady speed over short intervals, allowing us to
predict the prior location using:

�C8
ED � C8� 1

ED = C8� 1
ED � C8� 2

ED ” (7)

ET model likelihood. The likelihood?¹G8jC8
�� º from ET model

represents the center point distribution at a given drone location.
In many tracking systems [47], center point noiseE8 is assumed
Gaussian, proving e�ective. Thus, likelihood of ET model is:

?¹G8jC8
�� º � N ¹ c ¹X8

� º• f �) º• (8)

wheref �) is the center point standard deviation.
RT model likelihood. The likelihood of the RT model?¹� 8 j

C8
�� º, ?¹®E8 j C8

�� º and?¹* 8
� j C8

�� º indicates the distribution of the
measured distance, angle, and motion at a given drone location.
The distance, angle, and motion from RT model likelihood are:

?¹� 8 j C8
�� º � N ¹jj C8

�� j j• f � º• ?¹®E8 j C8
�� º � N ¹®EC8

��
• f ®Eº•

?¹* 8
� j C8

�� º � N ¹ C8
�� � C8� 1

�� • f* � º•
(9)

wheref � , f ®E andf * 8
�

are the standard deviation of distance, angle,
and motion measurements respectively.

3.2.3 Fusion-based Tracking . In mmE-Loc, two fusion schemes
are employed for sensor fusion and optimization, as depicted in
Fig.8. The �rst, inter-SAE tracking, aims for instant drone location
estimation by minimizing errors across di�erent tracking models
simultaneously. The second, local location optimization, enhances
overall trajectory accuracy through the joint optimization of a
selected set of locations.

Inter-SAE tracking. Once the measurements of ET model and
RT model¹G8• � 8•®E8• * 8

� º received, the prior factor, ET factor and
the RT factor are formulated as follows:

� 8
Prior = � log?

�
C8
��

�
/




 C8

�� � �C8
��




 2
f C��

•

� 8
ET = � log?

�
G8 j C8
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� º
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� �
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� 8
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¸




 ¹C8

�� � C8� 1
�� º � * 8
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 2
f * �

•

(10)
wherek4k2

� �
= 4) � � 14. The symbol� � represents the covariance

matrix associated with the event camera measurements.
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Figure 8: Long-short term optimization based on the factor graph.
On this basis, the inter-SAE tracking in Fig.8a is performed to

give an instant location result based on Eqn.(6) as follows:

Ĉ8
�� =arg max

t i
KJ

?¹C8
�� jC8� 1

�� • C8� 2
�� º?¹G8jC8

�� º ?¹� 8•®E8• * 8
� jC8

�� º

= arg min
t i
KJ

� log
�
?¹C8

�� jC8� 1
�� • C8� 2

�� º?¹G8jC8
�� º?¹� 8•®E8•* 8

� jC8
�� º

�

= arg min
t i
KJ

�
� 8

prior ¸ � 8
ET ¸ � 8

RT

�
”

(11)
Local location optimization. To mitigate cumulative drift, pe-

riodic local location optimization is conducted, correcting estimated
locations based on multiple consecutive SAEs. This optimization
entails jointly optimizing the locations of a SAE set denoted as
X =

Ð

82 T

�
C8
��

	
, as shown in Fig.8b, where, = jT j. The optimiza-

tion problem formulation is as follows:

X̂ = arg max
X

?¹Xº
Ö

82 T

?
�
G8 j C8

��

�
?

�
� 8•®E8• * 8

� j C8
��

�
•

= arg min
X

Õ

82 T

�
� prior

8 ¸ � ET
8 ¸ � RT

8

�
”

(12)

It is worth noting that ¹8º when the local location optimization is
triggered,¹88º what is the size ofT (, = jT j), and¹888º how to solve
the inter-SAE tracking and local location optimization problems
a�ect the latency and accuracy of localization. Hence, we enhance
the e�ciency of GAJOthrough an adaptive optimization method.

4 IMPLEMENTATION
4.1 Push the Limit of Accuracy and Latency
Factor graph solving. We represent the estimation problems
Eqn.(11)and Eqn.(12)using a factor graph model. To solve the non-
linear least-squares problems, we linearize the observation model
and solve the least-squares formulation:

X̂ = arg min
X

k� X � bk2• (13)

where� 2 R< � = is the measurement Jacobian andb 2 R< is the
right-hand side vector. We then utilize QR matrix factorization
[48] as� = & »'• 0¼) and solve the least squares problem' X̂ = d
through backsubstitution to obtain optimized locationŝX , where
' 2 R=� = is the upper triangular square root information matrix,
& 2 R< � < is an orthogonal matrix, andd 2 R= [49]. Although
re-linearizing and regenerating' with new measurements can
help mitigate errors, applying this approach to problem(12)can

be computationally expensive, as it requires frequent updates and
increased processing overhead, limiting real-time performance.

Algorithm 1: Adaptively Optimization method

Data: Original factor graph� ; New measurements
� 8•®E8• * 8

� ; square root information matrix'
Result: Updated locationŝX

1 �  AddFactorToGraph¹� 8• � 8•®E•*8
� º;

2 '  IncrementalUpdate ¹� º;
3 X̂  Backsubstitution ¹' º;
4 !  ; ; •Set of nodes need to be linearized;
5 for all C8

�� 2 X and allĈ8
�� 2 X̂ do

6 if Ĉ8
�� � C8

�� � X then
7 !  ! [ C8

�� ;
8 end
9 end

10 if j! j � ! ) or jjX̂ � Xjj � � then
11 for all C8

�� 2 X do
12 UpdateLinearizationPoint ¹C8

�� º;
13 end
14 '  FullUpdate ¹� º;
15 X̂  Backsubstitution ¹' º;
16 end

Adaptive optimization method. To tackle this, we propose
an adaptive optimization method, leveraging the insight thatnew
measurements mainly impact localized areas, leaving distant parts
unchanged. This allows us to incrementally update' during local
optimization [50]. By adaptively combining updated and regener-
ated' , this method reduces latency and enhances accuracy.

Algorithm1 shows how adaptively optimization method solves
local location optimization problem. Lines 1-3 depict tracking with
incrementally updated' , while lines 4-16 show tracking with re-
generated' . Speci�cally, when receiving new measurements, func-
tion AddFactorToGraphupdates the factor graph, and the function
IncrementalUpdate incrementally updates' with new measure-
ments [50]. We then solve local location tracking with this incre-
mentally updated' . When one of two conditions is met, we solve
local location tracking with re-generated' : ¹8º we track locations

that have changed signi�cantly in a set! = fC8
�� : Ĉ8

�� � C8
�� � Xg.

If enough locations have undergone signi�cant changes (i.e.,j! j �
! ) ), we solve location tracking with re-generated' output by func-
tion FullUpdate . ¹88º The norm of total location changes exceeds
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